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Abstract

JPEG is the dominant standard for storing and transmitting digital images, while Deep Neu-
ral Networks (DNNs) have become the preeminent method for automated image understanding.
This dissertation investigates how these two ubiquitous technologies can be synergistically inte-
grated to enhance the performance of DNNs. JPEG was originally engineered for the Human Vi-
sual System (HVS), and its default parameters are not optimized for DNNs, which process visual
information differently. This suboptimality, stemming from JPEG’s default implementation, is
not a fundamental limitation but rather an opportunity to adapt its core components—especially
the non-linear quantization stage—for DNNs. This research addresses this suboptimality by first
optimizing the trade-off between compression rate and classification accuracy, and second, by
introducing a learnable, end-to-end differentiable JPEG layer whose quantization parameters are
jointly trained with the underlying DNN. This dissertation demonstrates that this principle of a
learnable, JPEG-inspired transformation extends beyond compression, offering a novel way to
address challenges in related domains such as knowledge distillation (KD), where large ’teacher’
models often overfit the training set. This overfitting causes them to generate overconfident, near
one-hot probability vectors that serve as poor supervisory signals for the student model, sug-
gesting the need for novel approaches to information transfer. This dissertation addresses these
issues by systematically revisiting the relationship between JPEG encoding and deep learning.
It charts a logical progression from adapting JPEG externally for DNNs, to integrating it inter-
nally as a learnable network component, and finally to repurposing its core principles to amplify
knowledge transfer.

This progressive framework is methodically developed and empirically substantiated through
three interconnected contributions:

• Optimizing Compression for DNNs. To improve the interaction between standard JPEG
and pre-trained DNNs, this work first reframes compression from a human-centric ”rate-
distortion” problem to a DNN-centric ”rate-accuracy” one. This is achieved by introducing
the Sensitivity Weighted Error (SWE), a novel distortion measure derived from a DNN’s
loss sensitivity to frequency-domain perturbations, where higher sensitivity in a frequency
band indicates its greater importance for the DNN’s decision-making. The SWE guides
the OptS algorithm to generate model-specific JPEG quantization tables. This approach
produces fully compliant JPEGs optimized for DNN consumption, demonstrably improv-
ing the rate-accuracy trade-off by increasing accuracy up to 2.12% at the same rate, or
enabling rate reductions up to 67.84% with no loss of model accuracy.

• Integrating a Differentiable JPEG Layer into the DNN Architecture. Building on
this, the next contribution integrates the codec into the network architecture itself via the
JPEG-Inspired Deep Learning (JPEG-DL) framework, which introduces a novel, end-to-
end differentiable JPEG layer. By replacing JPEG’s standard hard quantization with a
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differentiable alternative, this layer’s parameters are jointly optimized with the network’s
weights. This transforms the JPEG pipeline from a static pre-processor into a dynamic,
learnable component, significantly improving model accuracy—by an average of 7% on
fine-grained classification tasks with only 128 additional trainable parameters—and en-
hancing robustness against adversarial attacks.

• Amplifying Knowledge Transfer via JPEG-Inspired Perturbation.
Finally, the differentiable layer is repurposed to address the ”overconfident teacher” prob-
lem in KD by perturbing teacher inputs to force softer, more informative predictions. Cru-
cially, this method requires no retraining or modification of the fixed teacher model, en-
suring its practical utility with proprietary or deployed networks. Our investigation begins
with Coded Knowledge Distillation (CKD), a practical heuristic that uses adaptive JPEG
compression to perturb teacher inputs and soften their overconfident predictions. While
effective, this approach prompted a search for a more principled theoretical foundation.
This led to Generalized Coded Knowledge Distillation (GCKD), a framework that estab-
lishes the maximization of the teacher’s Conditional Mutual Information (CMI) as the core
objective. However, directly optimizing for CMI on a per-input basis is computationally
prohibitive. This efficiency challenge is resolved in the culminating synthesis, Differen-
tiable JPEG-based Input Perturbation (DJIP). DJIP operationalizes the GCKD theory by
deploying the trainable differentiable JPEG layer as a fast, learnable, and amortized oper-
ator. Instead of performing a slow, per-input optimization search, the layer is trained once
to automatically generate CMI-maximizing perturbations, making the process highly effi-
cient. This approach demonstrably generates richer supervisory signals, boosting student
model accuracy by up to 4.11%.

In conclusion, this dissertation demonstrates that the relationship between JPEG and DNNs
can be systematically revisited to create a powerful synergy. By progressing from adaptation to
integration and synthesis, this work transforms the suboptimal default interaction of JPEG and
DNNs into a versatile architectural tool. The research delivers a suite of methods that not only
improve the performance of DNNs on compressed images but also offer a theoretically-grounded
solution to a key challenge in knowledge distillation. By demonstrating that legacy codecs can
be repurposed to enhance model accuracy, efficiency, and knowledge transfer, this work thus re-
frames the role of classical codecs, proposing JPEG-inspired encoding as a principled foundation
for the integration of classical compression and deep learning.
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Chapter 1

Introduction

1.1 Motivation and Thesis Statement

The ubiquitous JPEG format serves as the primary medium for digital imagery, while Deep Neu-
ral Networks (DNNs) represent the cornerstone of modern computer vision, powering state-of-
the-art models for tasks such as image classification [41,104], object detection [33], and semantic
segmentation [70]. This dissertation is motivated by the question of how these two foundational
technologies, each conceived in isolation, can be productively combined to advance machine
perception systems. The JPEG standard was developed with the explicit goal of optimizing for
the Human Visual System (HVS) [91], often by discarding high-frequency details. This design
choice creates a performance gap when these images are consumed by DNNs, which operate
on different perceptual principles. This work posits that this inherent mismatch is not an insur-
mountable obstacle but rather a unique opportunity. Specifically, we propose that JPEG’s core
mechanism—the frequency-domain quantization stage—can be repurposed as a powerful tool
for machine perception. Accordingly, the research is presented as a systematic inquiry progress-
ing through three stages: first, adapting the standard externally for DNNs; second, integrating its
mechanisms internally as a trainable network component; and finally, re-applying its principles
to enhance the process of knowledge transfer.

Our investigation proceeds from the ”outside-in,” first treating the DNN as a fixed entity and
asking: how can we adapt the external JPEG encoding process to serve the machine’s task? This
reframes the traditional ’rate-distortion’ problem, which balances file size and human-perceived
quality, into a new ’rate-accuracy’ problem, seeking to maximize a network’s inferential accuracy
for a given bit rate. In our work on DNN-Oriented Compression, we introduce a novel, machine-
centric distortion measure based on the network’s sensitivity to frequency-domain perturbations.
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This allows for the formulation of JPEG-compliant quantization tables that yield the counter-
intuitive result of enabling significant compression while preserving, and in some cases even
improving, the accuracy of a pre-trained network. This revealed a powerful principle: for a given
task, machine-centric compression acts as a beneficial form of structured input regularization, a
finding that foreshadows applications beyond efficient inference.

This initial success led to a more profound question: if external adaptation is beneficial, what
could be achieved if the optimization were integrated within the network itself? To answer this,
we addressed the primary obstacle to integration: the non-differentiable nature of JPEG’s quan-
tization step. By substituting the standard hard quantizer with a differentiable counterpart, we
introduce the first trainable, end-to-end differentiable JPEG layer. When prepended to a stan-
dard DNN, this differentiable JPEG layer forms the core of our JPEG-Inspired Deep Learning
(JPEG-DL) framework, enabling joint optimization of the network and the compression algo-
rithm. This approach transforms JPEG from a static pre-processing utility into a dynamic, train-
able component of the network itself, introducing a learnable, frequency-domain non-linearity.

This thesis further extends the principle of structured input regularization to the domain of
Knowledge Distillation (KD) [44]. A core challenge in KD is the ”overconfident teacher” that
results from using the original training set, where models produce near-one-hot predictions that
offer a poor supervisory signal for student learning [17, 78]. While perturbing the teacher’s in-
put is an established method for eliciting ”softer” outputs, this process is often computationally
expensive. Furthermore, the underlying theoretical objective—maximizing the teacher’s Condi-
tional Mutual Information (CMI)—can be hampered by inaccurate proxies in prior work [137].
We propose to address these dual challenges by reconceptualizing JPEG encoding as a structured
and efficient perturbation operator.

To this end, our investigation proceeds systematically. The approach begins with Coded
Knowledge Distillation (CKD), a practical heuristic demonstrating the viability of using adap-
tive JPEG for this task. Building on this, we develop a more principled theoretical foundation
with Generalized Coded Knowledge Distillation (GCKD) to more accurately formulate the CMI
objective. Finally, we resolve the computational demands of this objective with our culminating
synthesis, Differentiable JPEG-based Input Perturbation (DJIP). This framework utilizes a train-
able differentiable JPEG layer as a learnable, amortized operator, enabling the efficient genera-
tion of rich supervisory signals in a single forward pass and unifying the tools of machine-centric
compression with the core challenges of knowledge transfer.

In conclusion, this dissertation demonstrates that the relationship between JPEG and DNNs
can be systematically revisited to create a powerful synergy. By progressing from adaptation
to integration and synthesis, this work transforms the suboptimal default interaction of JPEG
and DNNs into a versatile methodological tool. It argues for a fundamental shift in perspective:
from treating JPEG as a legacy constraint to reimagining it as a powerful component of modern
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deep learning methodology. By demonstrating that legacy codecs can be repurposed to enhance
model accuracy, efficiency, and knowledge transfer, this work reframes the role of classical com-
pression, proposing JPEG-inspired encoding as a principled foundation for integrating classical
signal processing and deep learning.

1.2 Thesis Roadmap: From Adaptation to Synthesis

The narrative of this thesis unfolds across three principal stages, each building upon the last to
establish a comprehensive framework for JPEG-inspired deep learning. This progression rep-
resents a journey of inquiry, moving from adapting existing standards, to integrating them into
novel network structures, and finally to synthesizing these innovations to solve challenges in a
new domain.

1.2.1 Part I: Revisiting JPEG’s Foundations for Machine Vision

The first stage of this inquiry confronts the inherent misalignment between the human-centric
design of the JPEG standard and the perceptual requirements of deep learning. The conventional
paradigm of Human-Oriented Compression (HOC), which underpins JPEG, is formulated to op-
timize the rate-distortion trade-off for the Human Visual System (HVS). This design philosophy
becomes a liability when images are consumed by machines, whose perceptual mechanisms dif-
fer fundamentally from our own. This disconnect motivates a pivotal research question: Given
a fixed, pre-trained DNN, how can we compress an image in a fully JPEG-compliant manner to
maximize its inferential accuracy?

Our foundational work, JPEG Compliant Compression for DNN Vision [101, 144], ad-
dresses this by pioneering the paradigm of DNN-Oriented Compression (DOC). This repre-
sents a fundamental shift in objective, replacing the traditional goal of visual fidelity with the
machine-centric goal of accuracy, thereby optimizing the rate-accuracy trade-off. To this end,
we introduce the Sensitivity Weighted Error (SWE), a novel, machine-centric distortion mea-
sure that quantifies error not in terms of human perception, but in terms of a DNN’s training
loss sensitivity to perturbations in the Discrete Cosine Transform (DCT) domain. By incorporat-
ing SWE into an advanced JPEG pipeline, we propose OptS, an algorithm for deriving optimal,
model-specific quantization tables. This approach creates JPEG-compliant bitstreams that are
maximally informative for a target DNN, establishing a principled method for aligning the JPEG
standard with machine perception. Critically, this work provides the first empirical evidence for
a counter-intuitive phenomenon: that intelligent, lossy compression can preserve and, in some
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cases, even improve a DNN’s inferential accuracy, achieving significant rate reduction of up to
67.84% with no loss in performance.

1.2.2 Part II: Integrating the Encoding Pipeline into the DNN

Having established that JPEG’s external parameters can be optimized for a fixed DNN, the next
logical question is whether the encoding process itself can become a learned, integral component
of the network. This stage of our research moves beyond treating compression as a static pre-
processing step and integrates the encoding pipeline directly into the network as a trainable layer.
The primary obstacle to this vision—the non-differentiable nature of JPEG’s hard quantization
step—is overcome within this layer by employing a differentiable soft quantization mechanism.
This key substitution transforms the entire pipeline into a fully differentiable and trainable mod-
ule. Prepending this layer to a standard network serves a dual purpose: it enables end-to-end joint
optimization of the compression parameters and the network weights, and it injects a powerful,
learnable frequency-domain non-linearity into the model.

Our work on JPEG Inspired Deep Learning (JPEG-DL) [99] realizes this vision. By
prepending a lightweight, trainable JPEG layer to a standard DNN, JPEG-DL transforms the
static codec into a dynamic feature extractor. The network learns not only what features to
extract in the spatial domain but also how to optimally represent and quantize information in
the frequency domain for its specific task. As a result, this fusion of classical signal processing
and deep learning leads to significant improvements in both model accuracy and adversarial
robustness, demonstrating that the JPEG processing pipeline itself can function as a powerful,
differentiable component within modern deep learning.

1.2.3 Part III: Re-Application to Knowledge Transfer: From Heuristic to
Theory and Synthesis

The final stage of this thesis applies the principles of JPEG-inspired encoding to an entirely
different domain: knowledge transfer via Knowledge Distillation (KD) [44]. A common failure
mode in KD is the ”overconfident teacher,” a large model that produces near-one-hot probability
distributions, which serve as a poor, uninformative supervisory signal for the student [17, 78].
This motivates a new objective: using input encoding not for compression, but as a perturbation
operator to modulate the teacher’s outputs, making them ”softer” and more information-rich for
the student. Our investigation into this problem progresses through a ”heuristic → theory →
synthesis” arc.
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The journey begins with a pragmatic heuristic. Our initial work, Coded Knowledge Distil-
lation (CKD) [98], repurposes the adaptive JPEG encoding from Part I to perturb the teacher’s
input. While effective, this method is limited by its discrete search space. To build a more prin-
cipled foundation, we first analyze the theoretical objective. While maximizing the teacher’s
Conditional Mutual Information (CMI) has been identified as the goal in prior literature, we
identify that existing methods are hampered by an inaccurate CMI proxy that assumes fixed
class centroids during optimization. Our work on Generalized Coded Knowledge Distillation
(GCKD) [100] directly resolves this by introducing a more accurate formulation and a novel
alternating optimization algorithm that dynamically updates these centroids. While theoretically
sound, this framework introduces significant computational overhead due to its iterative, online
optimization process.

This limitation motivates the final, culminating step of our research: an efficient synthesis.
Our work on Differentiable JPEG-based Input Perturbation (DJIP) [15] achieves this by
deliberately fusing the theoretical objective from GCKD with the practical mechanism from Part
II. DJIP leverages the trainable, differentiable JPEG layer as a specialized, learnable operator
to solve the CMI maximization problem. Instead of a costly online search, DJIP trains the layer
offline to become an amortized CMI maximizer, replacing iterative optimization with a single,
efficient forward pass. The result is a lightweight, plug-and-play ”coded teacher” that is both
theoretically grounded and highly efficient, representing the synthesis of the thesis’s primary
threads.

1.3 Thesis Contributions

This thesis establishes JPEG-inspired encoding as a versatile and powerful framework for en-
hancing deep learning models. The key contributions, systematically developed through a logical
progression of research, are summarized as follows:

• A JPEG-Compliant Compression Framework for Machine Vision. This thesis intro-
duces the first principled method for adapting the standard JPEG codec for machine con-
sumption without altering decoder compatibility, demonstrating that optimized, task-aware
compression can improve model performance.

1. We propose a novel, machine-centric distortion measure, the Sensitivity Weighted
Error (SWE), which is based on a DNN’s training loss sensitivity to perturbations
in the DCT domain [101].

2. We propose OptS, an algorithm that leverages SWE to derive optimal JPEG quanti-
zation tables, which demonstrably improve the rate-accuracy performance for a given
pre-trained DNN.
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• An Integrated, Trainable Compression Layer for Deep Learning. This thesis intro-
duces JPEG-Inspired Deep Learning (JPEG-DL), a novel paradigm that fuses the JPEG
pipeline into the network as a dynamic, trainable component.

1. We propose a novel differentiable JPEG layer that overcomes the primary technical
barrier of standard JPEG by employing a soft quantization mechanism. This inno-
vation renders the entire JPEG pipeline amenable to gradient-based optimization and
transforms the layer into a trainable, frequency-domain non-linearity, enhancing the
model’s expressive power.

2. We demonstrate that prepending this lightweight, trainable JPEG layer to a standard
DNN and jointly optimizing its parameters with the network’s weights leads to sig-
nificant improvements in accuracy and adversarial robustness [99].

• A Unified Framework for Knowledge Distillation Enhancement. This thesis pioneers
the use of JPEG-inspired encoding to solve the ”overconfident teacher” problem in KD,
progressing from a practical heuristic to a theoretically grounded and efficient synthesis.

1. We introduce Coded Knowledge Distillation (CKD), a practical method that uses
adaptive JPEG encoding as a perturbation operator to elicit softer, more informative
outputs from a teacher model [98].

2. We formalize this approach with Generalized Coded Knowledge Distillation (GCKD),
an information-theoretic framework that defines the objective as maximizing the
teacher’s Conditional Mutual Information (CMI) and provides a general, albeit com-
putationally intensive, optimization algorithm [100].

3. We synthesize these ideas in Differentiable JPEG-based Input Perturbation (DJIP),
which utilizes the trainable JPEG layer as an amortized CMI maximizer. This results
in a highly efficient, plug-and-play ”coded teacher” that is both theoretically sound
and computationally lightweight [15].

1.4 Thesis Organization

The remainder of this thesis is structured to follow the logical progression of the research journey
outlined above.

• Chapter 2 establishes the necessary background across three key domains. It first re-
views the classical JPEG compression paradigm and its optimization for human vision. It
then surveys the challenges and opportunities at the intersection of compression and deep
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learning. Finally, it introduces foundational concepts from Knowledge Distillation and in-
formation theory, specifically Conditional Mutual Information (CMI), which are central to
the later contributions of the thesis.

• Chapter 3 formally introduces and evaluates our framework for JPEG-compliant, DNN-
Oriented Compression. We detail the formulation of the Sensitivity Weighted Error (SWE),
the formulation of the OptS algorithm, and present empirical results demonstrating that our
optimized compression improves the rate-accuracy trade-off.

• Chapter 4 presents JPEG-Inspired Deep Learning (JPEG-DL). This chapter details the
structure of the trainable JPEG layer and the differentiable soft quantization mechanism
that enables it, demonstrating how its joint optimization with a DNN improves model
performance.

• Chapter 5 begins our exploration of knowledge distillation by presenting the heuristic-
based Coded Knowledge Distillation (CKD) framework, which uses adaptive JPEG com-
pression as a practical tool for teacher output modulation.

• Chapter 6 develops the theoretical foundation for this approach with the Generalized
Coded Knowledge Distillation (GCKD) framework. It formalizes the objective as Condi-
tional Mutual Information maximization and presents a general algorithm for its solution.

• Chapter 7 introduces Differentiable JPEG-based Input Perturbation (DJIP), which pro-
vides an efficient and elegant synthesis of the thesis’s core ideas. This chapter demonstrates
how the trainable JPEG layer can be utilized to solve the CMI maximization problem with
minimal computational overhead.

• Chapter 8 concludes the dissertation by summarizing its key contributions and their broader
implications. It also discusses the limitations of the current work and outlines promising
directions for future research that build upon the methodologies developed herein.
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Chapter 2

Background

This chapter establishes the foundational knowledge across two converging fields: image com-
pression and machine learning. This provides the essential context for the contributions of this
thesis, which lie at the intersection of these domains. We begin by deconstructing the baseline
JPEG standard, the most ubiquitous compression scheme for still images, to understand its core
mechanisms. We then trace its evolution through the lens of rate-distortion (R-D) theory, review-
ing advanced, human-centric optimization frameworks like Soft-Decision Quantization (SDQ)
and Optimal Distortion (OptD) that represent the pinnacle of compression for human vision.

Having established this classical paradigm, we pivot to the modern era where Deep Neural
Networks (DNNs) have become the primary consumers of image data. We survey the litera-
ture demonstrating the detrimental impact of standard, HVS-tuned compression on DNN perfor-
mance and review the common mitigation strategies developed by the computer vision commu-
nity. We then explore a crucial counter-narrative: the recent discovery that intelligently applied,
adaptive compression can paradoxically enhance DNN accuracy, though initial attempts to har-
ness this phenomenon have been architecturally complex and suboptimal. To find a more prin-
cipled path forward, we turn to the parallel field of model compression, specifically Knowledge
Distillation (KD), and examine a state-of-the-art information-theoretic approach for improving
teacher models by maximizing their Conditional Mutual Information (CMI).

2.1 The JPEG Image Compression Standard

The proliferation of digital imaging across consumer and cloud applications necessitates efficient
methods for data storage and transmission. Image compression standards address this by reduc-
ing statistical and perceptual redundancies inherent in image data. As depicted in Figure 2.1,
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a typical image processing pipeline involves an end device (e.g., a camera) capturing raw pixel
data, an encoder compressing this data to meet channel bandwidth or storage constraints, and a
decoder reconstructing the image for an observer. This observer may be a human, or increasingly,
a machine learning model such as a Deep Neural Network (DNN).

Information
Source 

Encoder Channel
/Storage Decoder

End
Devices Computer

Vision
(DNNs)

Human
Vision

Edge
Devices
/Cloud

Figure 2.1: A typical pipeline of image acquisition, encoding, storage/transmission, and decod-
ing for both human and machine consumption.

Among the various standards, the Joint Photographic Experts Group (JPEG) standard is the
most dominant for continuous-tone still images [91]. The baseline JPEG encoding pipeline, illus-
trated in Figure 2.2, is a block-based transform coding scheme designed to exploit redundancies
in a multi-stage process.

Qtable

Block Based 
DCT

RGB  YCbCr

Quantization ZigZag
Scanning

Huffman
Encoding Bit Stream

Figure 2.2: The baseline JPEG compression pipeline, adapted from [135]. The quantization and
Huffman tables are free parameters that can be optimized by the encoder.

The encoding process begins with a color space transformation, typically from RGB to
YCbCr. This conversion separates the image into a luminance (Y) channel, which represents
intensity, and two chrominance (Cb, Cr) channels, which represent color-difference information.
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The Human Visual System (HVS) is significantly more sensitive to fine details in luminance
than in chrominance. JPEG exploits this by allowing the chrominance channels to be subsam-
pled (e.g., 4:2:0 chroma subsampling), effectively reducing the spatial resolution of the color
information and achieving a preliminary, lossless reduction in data volume.

Each channel is then partitioned into non-overlapping 8 × 8 pixel blocks. To decorrelate
the spatially redundant pixel data within each block, a 2D Discrete Cosine Transform (DCT)
is applied. The DCT converts the 8 × 8 block from the spatial domain to a frequency domain
representation, defined by the forward transform:

Fu,v =
1

4
C(u)C(v)

7∑
i=0

7∑
j=0

fi,j cos

[
(2i+ 1)uπ

16

]
cos

[
(2j + 1)vπ

16

]
(2.1)

where fi,j is the pixel value at spatial coordinate (i, j), Fu,v is the resulting DCT coefficient at
frequency coordinate (u, v), and C(k) is a normalizing factor, with C(k) = 1/

√
2 for k = 0 and

C(k) = 1 otherwise. A key property of the DCT is its energy compaction; for typical images,
most of the signal energy is concentrated into a few low-frequency coefficients, particularly the
DC coefficient F0,0, which represents the average intensity of the block.

The core of JPEG’s lossy compression is the quantization stage. This non-linear and non-
invertible operation reduces the precision of the DCT coefficients, discarding information that is
perceptually less significant. In baseline JPEG, this is achieved through uniform scalar quantiza-
tion, where each of the 64 DCT coefficients Fu,v is divided by a corresponding quantization step
size qu,v and rounded to the nearest integer:

F ′
u,v = ⌊

Fu,v

qu,v
⌉ (2.2)

and the dequantized value used for reconstruction is

F̃u,v = qu,v F
′
u,v. (2.3)

This deterministic rounding rule is known as Hard-Decision Quantization (HDQ). The set
of 64 step sizes, {qu,v}, constitutes an 8 × 8 quantization table (Q-table). The JPEG standard
provides default Q-tables (Figure 2.3), which were designed based on empirical studies of HVS
sensitivity. These tables feature larger step sizes for high-frequency components, to which the
human eye is less sensitive, and smaller step sizes for low-frequency components. These default
tables can be scaled by a single Quality Factor (QF) to control the trade-off between compression
ratio and visual quality.
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Qluma =



16 11 10 16 24 40 51 61
12 12 14 19 26 58 60 55
14 13 16 24 40 57 69 56
14 17 22 29 51 87 80 62
14 22 37 56 68 109 103 77
24 35 55 64 81 104 113 92
49 64 78 87 103 121 120 101
72 92 95 98 112 100 103 99


Qchroma =



17 18 24 47 99 99 99 99
18 21 26 66 99 99 99 99
24 26 56 99 99 99 99 99
47 66 99 99 99 99 99 99
99 99 99 99 99 99 99 99
99 99 99 99 99 99 99 99
99 99 99 99 99 99 99 99
99 99 99 99 99 99 99 99


Figure 2.3: Default JPEG quantization tables for luminance (left) and chrominance (right) chan-
nels, designed for the Human Visual System [91].

Finally, the quantized coefficients are prepared for entropy coding. The 8× 8 block of quan-
tized coefficients is scanned in a zig-zag order, converting it into a 1D sequence. This ordering
groups low-frequency coefficients at the beginning of the sequence and high-frequency coeffi-
cients, many of which are now zero, at the end. This structure is highly amenable to Run-Length
Coding (RLC), which efficiently represents long runs of zeros. The resulting RLC symbols are
then entropy-coded, typically with Huffman coding, to produce the final compressed bitstream.
The JPEG syntax leaves the quantization and Huffman tables as free parameters, offering a sig-
nificant opportunity for optimization at the encoder.

For the Huffman coding stage, the JPEG standard provides a flexible framework that allows
for one of two approaches. The first approach involves using a set of pre-defined, ”standard”
Huffman tables. These generic tables are based on the statistical properties of an average set of
images and offer a fast and straightforward method of entropy coding, as they do not require any
image-specific analysis. Most simple JPEG encoders use these fixed tables.

The second, more advanced approach is to generate custom Huffman tables tailored to the
unique statistical properties of each individual image. This is typically achieved through a two-
pass encoding process. In the first pass, the encoder analyzes the frequency of the quantized
DCT coefficients throughout the image to build an optimal set of Huffman codes. In the second
pass, these custom-generated tables are used to perform the actual entropy coding. For a decoder
to correctly reconstruct the image, these custom tables must be embedded directly into the JPEG
bitstream, usually within a Define Huffman Table (DHT) segment. While including these tables
adds a small amount of overhead to the file size, the use of image-specific codes almost always
results in a more efficient compression of the image data itself. This method yields a better
compression ratio for the same level of visual quality, as the entropy coding is perfectly adapted
to the image content. For the work presented in this thesis, we will exclusively utilize custom
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Huffman tables generated for each image to ensure optimal entropy coding.

2.2 Rate-Distortion Optimization for Human Vision

The primary limitation of baseline JPEG is its reliance on fixed, image-independent quantization
tables and the suboptimal HDQ process. This motivated extensive research into rate-distortion
(R-D) optimization, aiming to design image-adaptive compression parameters that minimize dis-
tortion for a given rate budget (or vice versa), thereby improving performance for human ob-
servers. This pursuit led to two significant advancements: Soft-Decision Quantization, which
optimizes the encoding process itself, and Optimal Distortion table design, which optimizes the
quantization table for that process.

2.2.1 Soft-Decision Quantization (SDQ)

A significant advance beyond HDQ was the development and formalization of Soft-Decision
Quantization (SDQ) [135]. In HDQ, the quantized DCT index is determined by a fixed rounding
rule. In contrast, SDQ treats the selection of the quantized DCT indices as a free parameter,
chosen to explicitly minimize an overall R-D cost. This allows the encoder to make more nuanced
decisions. For instance, it might quantize a coefficient to zero even if its magnitude is slightly
greater than half the quantization step size, if the resulting rate saving (from creating a longer
zero-run) outweighs the small increase in distortion.

The SDQ framework formulates JPEG encoding as a joint optimization problem over the
sequence of run-size pairs and amplitudes (R,S,A), the Huffman table H , and the quantization
table Q. The goal is to minimize a Lagrangian cost function:

min
(R,S,A),H,Q

J(λ) = d[Io, (R,S,A)Q] + λ · r[(R, S), H] (2.4)

where Io is the original image, d[·] is a distortion measure (typically Mean Squared Error, MSE),
r[·] is the bit rate, and λ is the Lagrange multiplier that controls the trade-off between rate and
distortion.

As direct minimization of Equation 2.4 is intractable, Yang and Wang [135] proposed an
elegant iterative algorithm that alternates between two main steps:

1. Graph-Based RLC Optimization: For a fixed quantization table Qt and Huffman table
Ht, the optimal sequence of quantized coefficients (R,S,A) is found. This is solved in-
dependently for each 8 × 8 block by finding the shortest path on a specially constructed
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directed graph. The graph contains 65 nodes (states), representing the 64 DCT coefficients
in zig-zag order and a terminal ”end-of-block” state. A transition from node j to node i
(i > j) represents quantizing coefficients j + 1, . . . , i − 1 to zero. The cost of each path
edge is the incremental Lagrangian cost, which combines the distortion incurred and the
rate required for that specific encoding decision. For a transition from state i − r − 1 to i
with size group s, this cost is:

i−1∑
j=i−r

C2
j + (Ci − Ĉi)

2

︸ ︷︷ ︸
Distortion (MSE)

+λ · (− log2 P (r, s) + s)︸ ︷︷ ︸
Rate

(2.5)

where Ck is the original DCT coefficient, Ĉi is the reconstructed coefficient, and P (r, s) is
the probability of the run-size symbol.

2. Quantization and Huffman Table Update: For the fixed sequence (Rt, St, At) found in
the previous step, the tables are updated. The Huffman table Ht+1 is re-calculated based
on the empirical statistics of the new run-size pairs. The quantization table Qt+1 is updated
to the one that minimizes the distortion for the given quantized indices. For MSE, this has
a closed-form solution for each step size qi:

qi,t+1 =

∑
j Ci,j ·Ki,j∑

j K
2
i,j

(2.6)

where the sum is over all blocks j, and Ci,j and Ki,j are the original DCT coefficient and
the chosen quantized index for frequency i in block j, respectively.

This iterative process continues until convergence. While highly effective, the performance of
this SDQ framework can be sensitive to the choice of the initial quantization table Q0, as the
optimization is not guaranteed to find a global minimum.

2.2.2 Optimal Distortion Quantization Table Design (OptD)

To address the initialization dependency of iterative methods like SDQ, Yang et al. [134] revis-
ited the problem of Q-table design from a fundamental, information-theoretic perspective. The
objective was to design a single, image-adaptive quantization table that is optimal for the generic
purpose of reconstruction, under the assumption that a powerful R-D optimal encoder (such as
SDQ) will subsequently be used. This work, known as Optimal Distortion (OptD) design, estab-
lished an elegant principle for deriving a near-optimal table in a non-iterative fashion.
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The derivation begins by modeling the DCT coefficients at each of the 64 frequency positions
as independent random sources, {Xi}64i=1. By approximating the R-D function of each source
with its Shannon Lower Bound (SLB), the authors showed that for a total distortion budget
DT , the total rate is minimized when the distortion Di allocated to each frequency component i
follows a ”reverse water-filling” profile:

D∗
i = min(d∗, σ2

i ) (2.7)

where σ2
i is the variance of the coefficients at frequency i, and d∗ is a constant ”water level”

chosen to satisfy the total distortion budget,
∑

i D
∗
i = DT . This profile allocates more distortion

to high-variance (high-energy) frequency components, up to a maximum of their total variance
(at which point they can be discarded with no rate cost), while allocating a constant, smaller
distortion d∗ to lower-variance components.

With this optimal distortion profile D∗
i established, the OptD design principle is to find the

quantization table Q∗ = {q∗i } for which the expected distortion resulting from standard HDQ
exactly matches this optimal profile:

E

[
(Xi − ⌊

Xi

q∗i
⌉q∗i )2

]
= D∗

i (2.8)

This formulation provides a direct, non-iterative method to compute a theoretically grounded,
near-optimal quantization table based only on the image statistics (specifically, the DCT coef-
ficient variances σ2

i ). This OptD table serves as an excellent initialization Q0 for the iterative
SDQ framework, effectively mitigating its dependency on a naive starting point and leading to
state-of-the-art compression performance for human vision.

2.3 JPEG Compression for Machine Vision

The optimization techniques described in Section 2.2 were meticulously designed with the HVS
as the target observer, using perceptually motivated distortion metrics like MSE. However, the
paradigm is shifting as DNNs become the primary consumers of visual data for tasks such as
classification, detection, and segmentation. This raises a critical question: how does compression
designed for humans affect these machine observers?

A significant body of research has confirmed that standard, HVS-oriented compression can be
detrimental to DNN performance. An early study by Dodge and Karam [25] examined the effect
of JPEG and JPEG2000 compression on the accuracy of several popular DNNs on the ImageNet
dataset [24]. They demonstrated that while DNNs exhibit a degree of resilience, their accuracy
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consistently degrades as the compression level increases (i.e., as image quality decreases). This
fundamental observation has been repeatedly confirmed in subsequent works [31, 36].

The predominant response from the computer vision community has been to treat compres-
sion as a source of data corruption and to focus on mitigation strategies. A common approach is
robust training, where models are fine-tuned or trained from scratch on datasets augmented with
compressed images. For instance, Ehrlich et al. [28] proposed randomly compressing training
images at various quality factors as a form of data augmentation. This method improves the
model’s robustness to compression artifacts, but it often comes at the cost of reduced accuracy
on original, uncompressed images.

In summary, the existing literature establishes that standard compression negatively impacts
machine vision tasks and has primarily explored mitigation through data augmentation and robust
training. The problem has largely been viewed from a computer vision perspective, rather than a
fundamental compression theory perspective. The advanced R-D optimization principles, which
proved so powerful for HVS-centric compression, have not been systematically applied to this
new domain.

It is important to clarify that, throughout this dissertation, we treat the images provided by
standard vision datasets as the “raw” images for our compression framework. In practice, truly
raw sensor data (e.g., uncompressed Bayer-format images) is almost never available in the deep
learning community. Instead, datasets such as ImageNet, CIFAR, CUB-200, and others distribute
images that have already undergone at least one prior JPEG (or JPEG-like) compression stage
before being released. Consequently, for the purpose of designing and evaluating DNN-oriented
compression algorithms, the community universally accepts these already-compressed images
as the effective raw inputs. Our formulations, experiments, and comparisons therefore consider
the dataset-provided images as the baseline uncompressed representations, since no access to
genuine camera-RAW imagery exists for large-scale DNN training or evaluation.

2.4 Enhancing DNN Performance with Adaptive Compres-
sion

Contrary to the conventional wisdom outlined above, recent work has demonstrated that intel-
ligently applied compression can, paradoxically, improve DNN performance [131]. This phe-
nomenon, termed ”compression helps,” is justified by the idea that compression can act as a
form of task-aware filtering. By removing irrelevant high-frequency noise or distracting back-
ground textures, compression can effectively increase the signal-to-noise ratio for the features
that are most salient to the DNN’s task, leading to a better prediction.
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The potential for this effect was first shown theoretically by Yang et al. [131] using an oracle-
guided experiment. For a given image and a pre-trained DNN, an oracle would test every possible
JPEG quality factor and select the one that resulted in the highest classification accuracy. Across
a large dataset, this oracle-guided adaptive compression consistently outperformed the baseline
of using uncompressed images, proving that an optimal compression level exists for each image
that can enhance DNN performance.

To create a practical implementation of this idea, the same authors proposed a new DNN
topology incorporating multiple parallel branches. In this architecture, one branch receives the
raw image while the other branches receive versions of the image compressed at different, fixed
quality levels. The penultimate layer representations from all branches are concatenated and
passed to a final classification head, and the entire multi-branch structure is trained jointly. While
this approach did show performance gains, it suffers from significant limitations:

• Architectural Complexity: The use of multiple parallel backbones results in a prohibitively
large and complex model that is difficult to train and deploy.

• Suboptimal Training: Due to the immense computational cost, the authors resorted to
partial training strategies, which likely resulted in a suboptimal final model.

• Fixed Quantization: The framework relied on the default, HVS-oriented JPEG quantiza-
tion tables, which are not designed for machine perception and limit the potential gains.

This body of work successfully established the ”compression helps” phenomenon but revealed
that harnessing it effectively requires a more principled and less complex approach than creating
elaborate, non-standard DNN architectures.

2.5 Model Compression and Teacher Enhancement

Parallel to the advancements in data compression, the field of model compression has emerged
to address the challenges of deploying large DNNs on resource-constrained devices. Among the
various techniques, Knowledge Distillation (KD) is a particularly prominent paradigm [44]. The
core idea is to transfer the ”knowledge” from a large, cumbersome ”teacher” model to a smaller,
more efficient ”student” model. The student is trained not only to predict the correct class labels
(hard targets) but also to mimic the full output probability distribution (soft targets) of the teacher.
This richer supervisory signal helps the student learn a better-generalized representation than it
could from hard labels alone.

A key challenge in KD, however, is that powerful teacher models often become overconfident
when trained on finite datasets. Their output distributions become ”peaky,” closely resembling
one-hot vectors, which diminishes the informational value of the soft-target signal [98]. This has
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motivated a line of research focused on improving the quality of the teacher’s supervision. Rather
than simply mitigating overconfidence, advanced methods aim to produce a teacher whose output
distributions provide a more principled and informative signal for the student.

A state-of-the-art approach to this problem is rooted in information theory, specifically aim-
ing to maximize the Conditional Mutual Information (CMI) of the teacher model [137]. The
CMI, denoted (I(X; Ŷ |Y )), measures the mutual information between the input (X) and the
model’s prediction (Ŷ ), conditioned on the true label (Y ). A teacher model with a higher CMI
provides a more structured and informative signal, as its predictions are more consistent for sam-
ples within the same class while being more distinct across different classes. In essence, maxi-
mizing CMI encourages the teacher’s output distributions to better approximate the true Bayes
conditional probability distribution, (P (Y |X)), which is the ideal, most informative supervisor
for the student [137].

While promising, the method proposed in the seminal MCMI paper [137] to optimize this
objective has significant practical and theoretical limitations. First, it requires fine-tuning the
parameters of the pre-trained teacher model. This is often intractable or undesirable in real-
world applications where the teacher may be a proprietary black-box model, has already been
deployed, or where modifying a high-performing model is simply not feasible. Second, the
proposed optimization relies on a surrogate objective that uses fixed class-wise centroids. This
approach is suboptimal because the centroids inevitably shift as the model is updated during fine-
tuning. Failing to account for this dynamic nature leads to an inaccurate CMI estimation, which
can accumulate errors and hinder the overall optimization process. These limitations underscore
the need for a method that can enhance the teacher’s CMI without altering its fixed parameters.
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Chapter 3

JPEG Compliant Compression for DNN
Vision

This chapter introduces a JPEG-compliant image compression framework tailored for deep neu-
ral network (DNN) vision, addressing the limitations of traditional human-oriented compression
methods. A novel distortion metric, termed Sensitivity Weighted Error (SWE), is proposed to
quantify the impact of discrete cosine transform (DCT) domain perturbations on a DNN’s loss
function, effectively capturing the model’s sensitivity to different frequency components. By
integrating SWE into the Soft Decision Quantization (SDQ) process, the framework transitions
from human-oriented to DNN-oriented compression (DOC). To optimize this process, a new
algorithm called OptS is developed to design quantization tables for both luminance and chromi-
nance channels, adapting compression to the sensitivity profile of the target DNN. Extensive
experiments on the ImageNet dataset using various DNN architectures, including MobileNetV2,
MnasNet, RegNet, and ConvNeXt, demonstrate that the proposed method significantly improves
rate-accuracy performance compared to standard JPEG. Notably, it achieves up to 67.84% re-
duction in compression rate without sacrificing classification accuracy, and in some cases, even
enhances accuracy beyond that of raw images. The framework also exhibits robustness and gen-
eralizability, with sensitivity estimates proving transferable across models within the same archi-
tectural family. These results highlight the effectiveness of SWE and OptS in optimizing image
compression for machine perception, offering a scalable and efficient solution for DNN-based
vision systems.

The conference version of this chapter is available in [144], while the journal version can be
found in [101].
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3.1 Introduction

Image compression is one of the fundamental domains in image processing and computer vision
(CV), which has been well developed in the past decades. Among all image compression ap-
proaches, JPEG [91] has become the defacto one, considering its extensive application. JPEG is
a lossy compression technique developed for the human visual system, dubbed human-oriented
compression (HOC) in this chapter. HOC algorithms can aggressively compress an image as
they allow information loss during compression which is imperceptible for humans.

With the success of deep learning, a dramatic change is now happening in terms of how
images are consumed. In the last decade, numerous deep neural networks (DNNs) have been
proposed and used for CV tasks, such as image classification [41, 104], semantic segmentation
[70, 97], object detection [32, 33], image generation [34, 53], etc. More and more images have
been and will continue to be viewed by DNN-based intelligent machines, where humans would
step in only when these intelligent machines fail their vision tasks. However, DNN perception
differs in general from human perception [125]. The information loss incurred in the process
of HOC may not be imperceptible for DNNs anymore, resulting in degraded DNN performance
[8, 68, 125].

In order to aggressively compress images without sacrificing DNN’s performance, DNN-
oriented compression (DOC) is of great interest. So far, there are only a few of research works
addressing the DOC problem [59, 60, 68]. These existing approaches, however, are subject to a
variety of limitations, such as poor rate-accuracy (R-A) performance, high computational com-
plexity, lack of scalability, and incompatibility with the existing JPEG-like compression frame-
work.

In this chapter, we first propose a novel distortion measure dubbed the sensitivity weighted
error (SWE). Given a DNN, the SWE distortion measure is customized for the vision of that
DNN, based on the sensitivity of the training loss function of that DNN with respect to pertur-
bations in the discrete cosine transform (DCT) domain. With the SWE distortion measure, any
DCT-based HOC algorithm including JPEG can be converted to a DOC algorithm without ad-
ditional complexity. Then, we embed SWE into soft decision quantization (SDQ) to switch it
from an HOC approach to its DOC counterpart. Additionally, based on SWE and OptD [134],
we propose OptS, a DOC quantization table design algorithm with full JPEG compatibility, to
provide optimal quantization tables, i.e. reconstruction spaces, for the SDQ process.

The experimental results demonstrate that our proposed method, when applied to baseline
JPEG encoding either with SDQ or without SDQ, provides outstanding R-A performance. The
evaluation is carried out on the ImageNet validation set [24], adopting four prevalent models from
different architectural families, namely MobileNetV2 [102], MnasNet [113] and RegNets [95],
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and ConvNeXts [67], as the target DNNs. Comparing to the default JPEG at the same compres-
sion rate in bits per pixel (bpp), our DOC algorithm stands out by improving the classification
accuracy of target DNNs by up to 2.12%. Alternatively, it can substantially reduce the com-
pression rate of the default JPEG by as much as 67.84% while maintaining the classification
accuracy. Furthermore, if we tolerate some accuracy loss up to 0.4% compared to the default
JPEG, our DOC algorithm can achieve an impressive compression ratio (CR) of 9.1×1, reducing
the compression rate of the default JPEG by 73.72%. Remarkably, compression with OptS yields
accuracy even slightly better than the inference accuracy of the raw dataset, while achieving a
significant reduction in the rate. Indeed, this gain in accuracy can reach up to 0.07% with a CR
of 3.77×.

The rest of the chapter is organized as follows. First, some background and related work
are discussed in Section 3.2. Then, we formulate the problem in Section 3.3. After that, we
propose a novel distortion measure for DNN vision in Section 3.4, based on which our DOC
framework and algorithm are established in Section 3.5. To evaluate our proposed method, ex-
tensive experimental results are shown in Section 3.6. Finally, we conclude the paper in Section
3.7.

3.2 Background and Related Work

3.2.1 Soft Decision Quantization

JPEG encoding begins with the transformation of the non-overlapped partition input using dis-
crete cosine transform (DCT) coefficients. Subsequently, the DCT coefficients undergo uniform
quantization using a fixed quantization table, commonly known as hard decision quantization
(HDQ). The DCT indices resulting from this quantization are subsequently subject to entropy
coding, including run-length coding and Huffman coding. The JPEG framework offers a sig-
nificant opportunity to apply rate distortion (R-D) optimization at the encoder, where three free
parameters, namely quantization tables, Huffman tables, and run-length coding, can be opti-
mized.

Soft Decision Quantization (SDQ), as outlined in [134–136], takes advantage of all these
three parameters and optimizes them jointly, where the quantization process is tightly coupled
with the lossless coding method. The SDQ process involves the joint optimization of Huffman ta-
bles, quantization step sizes, and DCT indices within a JPEG encoder using an iterative optimiza-
tion algorithm. This algorithm alternates between two main steps: (1) graph-based run-length

1The compression ratio equals 24 divided by the compression rate.
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coding optimization and (2) optimal quantization table updating. In the first step, given fixed
Huffman tables and quantization step sizes, an efficient graph-based algorithm was proposed to
find optimal DCT indices in the form of run-size-amplitude triples, denoted as (R,S,A). Op-
erating as an optimal path searching algorithm, this graph-based approach fully optimizes the
DCT indices in the form of the (R,S,A) sequence. It can not only drop less significant DCT
indices but also can change them from one size group to another. Remarkably, it can even change
a zero DCT index to a nonzero value if necessary in the R-D sense. In the second step, given
the updated DCT indices from the optimized (R,S,A) sequence, each quantization step size is
updated. There’s a cost function associated with the iterative algorithm, and the algorithm stops
when the cost function converges or a specified number of iterations is reached. Finally, the
algorithm outputs optimal DCT indices in the form of (R,S,A) sequence, a quantization table
for reconstruction purpose, and a customized Huffman table based on the statistics of the output
run-size pairs (R,S).

Notably, although each updating step is optimal by itself, the iterative algorithm does not
converge, in general, to a global optimum [134]. As a result, the SDQ process exhibits high
sensitivity to the initialization of the quantization table. To address this problem, OptD was
proposed in [134] as a quantization table optimization algorithm within the SDQ context, aiming
to provide an optimal quantization table design for the iterative algorithm. Note that since OptD
is a quantization table design method, it is feasible to utilize it within HDQ as well.

3.2.2 DNN-oriented Compression

In the literature, there are a few existing works on DOC codec, also known as Coding for Ma-
chines, wherein the image compression process is optimized for the benefits of DNN inference
rather than the visual quality by the human eye. For example, DeepN-JPEG [68] claims that the
standard deviation of a DCT coefficient determines its importance to DNN inference, thus using
a piece-wise linear function to map the standard deviations of DCT coefficients to a quantization
table. Moreover, GRACE [125] uses the gradient magnitude of DNN’s training loss function
with respect to its input image to measure DNN’s perceptual sensitivity to different DCT fre-
quencies and different color channels, based on which an algorithm is proposed to optimize the
quantization tables and color space conversion2. Prakash et al. [94] employed the generation of
a saliency map for content-aware JPEG encoding, utilizing different quality factors (QFs) for a
single image. Strumpler et al. [107] proposed a joint learning of the JPEG quantization table
along with the implementation of a frequency-domain pre-editing network, which is designed

2Note that, while both GRACE and our work propose the concept of sensitivity, it is important to highlight that
the definition and application of sensitivity differ significantly between the two approaches.
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to optimize the distribution of DCT coefficients. Choi et al. [18] proposed a task-specific ap-
proach to learning quantization tables by adjusting the objective function of the network. They
mainly replaced the non-differentiable components in the encoder, such as run-length encoding
and Huffman coding, by learning a differentiable loss function that approximates bitrates us-
ing simple network blocks. Lee et al. [59] proposed an autoencoder-based image compression
technique dubbed N-epitomizer, where the scalable encoder is trained to extract the essential
information and scale its output size to meet the accuracy requirements of inferences over the
target model. DeepComp [115] is also based on autoencoder, where the decoder and the target
DNN are connected to the encoder in parallel and they are trained with a modified rate-distortion
loss function with additional DNN accuracy term to reconstruct an image well and improve DNN
accuracy simultaneously [45, 123].

The above DOC approaches are subject to various limitations, reflected by poor R-A perfor-
mance, high computational cost, lack of scalability, and incompliance with the existing JPEG-
like compression framework. In contrast, our proposed method has addressed these problems
by introducing a novel distortion measure customized for DNN perception, which is embedded
into the SDQ pipeline to provide a comprehensive framework for solving the DOC problem. As
a result, our approach has outstanding R-A performance, moderate complexity, high flexibility
and scalability, and full JPEG compatibility.

3.3 Problem Formulation

In JPEG, an encoder first partitions an image x into B non-overlapping 8×8 blocks, and then ap-
plies DCT to each of these non-overlapping blocks to obtain DCT coefficients C. After flattening
the DCT coefficients in each block in zigzag order, we get M = 64 sequences {Ci}Mi=1 of DCT
coefficients, each with length B, where each sequence Ci = {Ci,j}Bj=1 corresponds to a distinct
DCT frequency position 1 ≤ i ≤M . We further model these sequences as independent sources.
Without loss of generality, each DCT source Ci is assumed to have a zero mean; otherwise, the
mean should be subtracted.

After DCT, the next step of JPEG is to perform quantization. Define a quantization table
Q = {q1, q2, . . . , qM}, where qi is the quantization step size for Ci. In the conventional hard
decision quantization (HDQ) framework, we quantize DCT coefficients Ci,j to DCT indices and
reconstruct them back with Q following C̃i,j = qi⌊Ci,j/qi⌉, where C̃ denotes the reconstructed
DCT coefficients. We further denote the quantization error by ∆C = C − C̃, which is the
perturbation introduced to DCT coefficients by the quantization process.

In the case of SDQ, however, we can divide the quantization process into two components:
a quantization table or reconstruction space, known as Q, and a mapping function or quantizer,
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denoted as Q′
Q. This quantizer maps each sequence of DCT coefficients Ci at the ith frequency

position into an index sequence of length B from {0,±1,±2, . . . ,±⌊G/qi⌉}B, where G is the
maximum possible magnitude of the DCT coefficients. During reconstruction, each index se-
quence is multiplied with qi to obtain C̃i, following the same manner as HDQ.

Given a lossless coding method ϕ for encoding index sequences (which is specified as Huff-
man coding in this chapter), quantizer design within the SDQ framework is equivalent to solving
the following optimization problem:

inf
Q

inf
Q

′
Q

Rϕ(Q,Q
′

Q) s.t. D(Q,Q
′

Q) ≤ DT (3.1)

where Rϕ(Q,Q
′
Q) is the compression rate (in bits) of the image x resulting from using ϕ to

encode the index sequences given by Q
′
Q, D(Q,Q

′
Q) is the distortion resulting from the SDQ

process Q′
Q in conjunction with Q, and DT is a prescribed distortion budget.

Since ϕ and DT are predetermined, given an image x, the resulting optimal Q and Q
′
Q solely

depend on the distortion measure D. For HOC, the inner and outer minimization problems in
equation 3.1 have already been solved by SDQ [135] and OptD [134] respectively, assuming
the mean squared error (MSE) distortion. In this chapter, we revisit equation 3.1 for DOC, by
proposing a novel distortion measure D customized for DNN vision.

3.4 Distortion Measure for DNN Vision

From the above section, we can see that distortion is of pivot significance in our problem. There-
fore, a natural question is how to measure the distortion in the case of DOC. Conventionally,
MSE is widely used in HOC to measure the distortion between the original DCT coefficients C
and reconstructed DCT coefficients C̃: D(Q,Q

′
) =

∑M
i=1

∑B
j=1∆C2

i,j . Note that in MSE, all
DCT frequencies are treated equally. For DNN vision, however, observations in [125] and [124]
reveal that the gradient magnitude of DNN’s training loss function with respect to its input image
varies across DCT frequencies, which motivates us to differentiate the distortions resulting from
the quantization of different sources Ci. In this section, we first define DNN’s sensitivity to DCT
perturbations formally, and then propose a novel distortion measure customized for DNN vision
based on it.

3.4.1 DNN’s Sensitivity to DCT Perturbations

Given a DNN, we denote its loss function used in its training stage as L. We want to understand
how sensitive L is with respect to the perturbation ∆C added to the DCT coefficients C of an
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input image x. To simplify our discussion, the derivation below is limited to a single channel of
an image but can be easily extended to multiple channels of the image. By Taylor expansion, we
have

L(C +∆C) = L(C) + [∇L(C)]T∆C + o(||∆C||) (3.2)

when ∆C is small enough, where ∇L(C) is the gradient vector of L with respect to C, and
||∆C|| denotes the l2 norm of ∆C. Therefore, the loss increase caused by the perturbation is
upper bounded by

|∆L| = |L(C +∆C)− L(C)|
≤ |[∇L(C)]T∆C|+ |o(||∆C||)|

=

∣∣∣∣∣
M∑
i=1

dL

dCT
i

∆Ci

∣∣∣∣∣+ |o(||∆C||)|

≤
M∑
i=1

∣∣∣∣ dLdCT
i

∆Ci

∣∣∣∣+ |o(||∆C||)|

≤
M∑
i=1

√√√√ B∑
j=1

(
∂L

∂Ci,j

)2

·
B∑
j=1

∆C2
i,j + |o(||∆C||)| (3.3)

where the last inequality follows from the Cauchy–Schwarz inequality. Squaring both sides of
(3.3), we have

∆L2 ≤

 M∑
i=1

√√√√ B∑
j=1

(
∂L

∂Ci,j

)2

·
B∑
j=1

∆C2
i,j

2

+ o(||∆C||2)

+ 2

 M∑
i=1

√√√√ B∑
j=1

(
∂L

∂Ci,j

)2

·
B∑
j=1

∆C2
i,j

 · o(||∆C||) (3.4)

=

 M∑
i=1

√√√√ B∑
j=1

(
∂L

∂Ci,j

)2

·
B∑
j=1

∆C2
i,j

2

+ o(||∆C||2) (3.5)

≤M

M∑
i=1

B∑
j=1

(
∂L

∂Ci,j

)2

·
B∑
j=1

∆C2
i,j + o(||∆C||2) (3.6)

where equation 3.5 holds given that the cross term in equation 3.4 is also in the order of o(||∆C||2)
and hence absorbed into o(||∆C||2). Note that equation 3.6 is valid for any small perturbation
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∆C. When the perturbation ∆C is limited only to the DCT frequency i, equation 3.6 then be-
comes

∆L2 ≤
B∑
j=1

(
∂L

∂Ci,j

)2

· ||∆Ci||2 + o(||∆Ci||2) (3.7)

where ||∆Ci||2 =
∑B

j=1∆C2
i,j . Therefore, the squared rate of change of L with respect to Ci is

upper bounded by

∆L2

||∆Ci||2
≤

B∑
j=1

(
∂L

∂Ci,j

)2

+ o(1) (3.8)

In view of equation 3.8, we now define the given DNN’s sensitivity to the perturbation at the
ith frequency position as

si =
B∑
j=1

(
∂L

∂Ci,j

)2

=

∣∣∣∣∣∣∣∣ dLdCi

∣∣∣∣∣∣∣∣2, 1 ≤ i ≤M (3.9)

Across all frequencies, DNN’s sensitivity can be characterized by the set S = {s1, s2, . . . , sM}.
Note that the computation of such defined DNN’s sensitivity S = {s1, s2, . . . , sM} depends on
the input image C (in the DCT domain), the DNN, and the ground truth (GT) label of the input
image C, which may not be available at the encoder.

3.4.2 Offline Estimation of the Sensitivity

To remove the dependency on the availability of the DNN and GT label of the input image C at
the time of encoding, we estimate the sensitivity S for each target DNN offline.

Specifically, for each target DNN, we first randomly select N image samples, and then esti-
mate S by taking the sample mean of the sensitivity over the N image samples:

si =
1

N

N∑
k=1

B∑
j=1

(
∂L

∂Ck
i,j

)2

, 1 ≤ i ≤M (3.10)

where Ck is the DCT coefficient of the kth input image xk. The partial derivatives in (3.10) are
obtained through backpropagation.
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Figure 3.1: The estimated sensitivity is shown for four popular pre-trained models on the Ima-
geNet dataset, with sensitivity indices arranged in the default zigzag order.

Following (3.10), for the image classification task, we estimate the sensitivity3 for four popu-
lar convolutional-based architectures pre-trained on ImageNet [56], namely MobileNetV2 [102],
MnasNet [113], RegNetX-400MF [95], and ConvNeXt-T [67], and visualize them in Fig.3.1.
Additionally, the sensitivity for some transformer-based models is demonstrated in Fig.3.2. In
this demonstration, the underlining loss function L is the cross-entropy loss as we select image
classification as our CV task; the input images x are sampled from the ImageNet training set
enclosing all classes, and N = 10, 000. Note that, before inputting the image samples into the

3Following the convention, RGB images are converted into the YCbCr color space before compression, where
Y channel is known as the luminance channel while Cb and Cr channels are known as chrominance channels.
Accordingly, the sensitivity is also estimated for Y, Cb and Cr channels respectively.
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Figure 3.2: The estimated sensitivity is shown for different Vision Transform (ViT) Models pre-
trained models on the ImageNet dataset, with sensitivity indices arranged in the default zigzag
order.

DNN models for estimation, all images are scaled to a common size of H ×W as part of the
standard preprocessing procedure, where the height H and width W depend on the input layer
of the target DNN model. Additional information about the tested models is provided in Section
3.6.1. In Fig. 3.1, the sensitivity of the tested models is arranged following the default zigzag or-
der, where low and high frequencies are arranged on the left and right, respectively. It is evident
that the sensitivity of DNN differs significantly from that of the HVS, which is high at low fre-
quencies and decreases dramatically as the frequency increases. A similar procedure is applied
to the semantic segmentation task using DeepLabv3-MobileNet and DeepLabv3-ResNet50 [13]
on the Pascal VOC 2012 dataset, with pre-trained models obtained from [30].
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Figure 3.3: The estimated sensitivity is shown for different pre-trained models on Pascal VOC
2012 dataset, with sensitivity indices arranged in the default zigzag order.

Table 3.1: Top-1 validation accuracies are shown for MobileNetV2 and RegNetY-400MF with
different pre-trained weights.

Model w1 w2

MobileNetV2 71.870% 72.012%
RegNetY-400MF 74.026% 75.804%

To further support the idea that sensitivity is an inherent property of the model architecture
rather than the result of specific training strategies, we compare the sensitivity of the same model
using two distinct sets of pre-trained weights. These weights, obtained through different training
methods, are provided by PyTorch4. For this evaluation, we select MobileNetV2 and RegNetY-
400MF, each with two different pre-trained versions, and report their Top-1 validation accuracies
in Table 3.1. As shown in Fig. 3.4, the sensitivity behavior remains consistent across the different
pre-trained weights of the same model. Based on this observation, we firmly believe that the
sensitivities are transferable among different pre-trained weights of the same DNN.

3.4.3 Similarity of Sensitivity Among Different DNN Models

Given a specific loss function L, the sensitivity is an inherent trait of a DNN model, which solely
depends on the pre-trained model itself. Therefore, if a DNN’s architecture or weights vary,
its sensitivity will change accordingly, which is reflected by Fig. 3.1. As such, we need to do

4PyTorch code can be found in https://github.com/pytorch/vision/tree/main/
references/classification.
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Figure 3.4: Sensitivities for MobileNetV2 with two distinct pre-trained weights are compared
in (a), (c) and (e). Sensitivities for RegNetY-400MF with two distinct pre-trained weights are
compared in (b), (d) and (f). Each channel’s sensitivity is normalized by the sensitivity value of
the DC frequency for better visualization.
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Figure 3.5: The sensitivity of different models within the RegNets and ConvNeXts families,
normalized by the sensitivity value of the DC frequency for better visualization. It is evident that
DNN variants within the same architecture family exhibit a similar sensitivity pattern.

sensitivity estimation whenever we face a new DNN model, which is troublesome in reality if
the target DNN changes frequently. However, we observe that the sensitivity of different DNN
models within the same architecture family is quite similar, which alleviates the above problem
to some extent.

As depicted in Fig. 3.5, we estimate the sensitivity for ConvNeXts and RegNets with differ-
ent size and pre-trained weights. It is clear that the sensitivity estimates among DNN variants
within the same architecture family highly resemble each other. This makes intuitive sense as
these DNN variants share the same network architecture. Given this observation, we believe the
sensitivity is transferable within the same architecture family without much error, which will be
verified experimentally in Section 3.6.2.
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3.4.4 Sensitivity Weighted Error (SWE)

Go back to equation 3.6. Note that M = 64 is fixed. With the sensitivity S estimated via
equation 3.10, we can now measure the distortion between the original DCT coefficients C and
reconstructed DCT coefficients C̃ as follow:

D(Q,Q
′
) =

M∑
i=1

si

B∑
j=1

∆C2
i,j. (3.11)

The above distortion measure is called the sensitivity weighted error (SWE). In view of equa-
tion 3.6 and equation 3.9, the SWE for an image is a good estimation of the upper bound of the
squared DNN loss increase caused by quantization. Minimizing the SWE subject to a rate con-
straint will in turn reduce the squared DNN loss increase.

3.5 Quantizer Design

Based on the proposed SWE, we now turn back to solve Problem equation 3.1 formulated in
Section 3.3. Actually, to solve this problem for DOC, one can simply embed SWE into existing
HOC algorithms as a substitute for MSE, since SWE is a generic distortion measure independent
of the algorithm.

In this section, we first extend the SDQ process from HOC to DOC by incorporating SWE,
thus solving the inner minimization problem in equation 3.1. Then, the HOC quantization table
design algorithm, namely OptD, which was proposed to provide an optimal quantization table for
the SDQ process, will be revisited. A new algorithm, dubbed OptS, will be presented as a DOC
counterpart of OptD, by which the outer minimization problem in equation 3.1 can be solved.
These two components as a whole provides a complete DOC quantizer design under SDQ, which
fully solve Problem equation 3.1 for DOC.

3.5.1 Soft Decision Quantization Revisited for DOC

In this subsection, we extend SDQ from HOC to DOC by replacing MSE with SWE. As ex-
plained in Section 3.2.1, the SDQ process consists of two alternating steps. When MSE is re-
placed by SWE, the optimal solution in Step (2) remains the same. The major difference lies in
Step (1).

In Step (1) of the iterative algorithm, a graph-based run-length coding optimization algorithm
is employed to optimize the (R,S,A) sequence for an image. This is formulated as minimizing
the following Lagrangian cost according to [135]:
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min
(R,S,A)

{J (β) = D[x, (R,S,A)Q] + β ·R[(R,S), P ]} (3.12)

where D[x, (R,S,A)Q] denotes the distortion between the original image x and the recon-
structed image determined by (R,S,A) and a fix quantization table (or reconstruction space)
Q over all AC coefficients 5, and R[(R,S), P ] denotes the compression rate for all AC coeffi-
cients resulting from the chosen sequence (R,S,A) and the Huffman table H . Note that we use
the distribution P of run-size pairs (R,S) to replace the Huffman table H , since P completely
determines a Huffman table. Lastly, β is a balancing weight between rate and distortion. In
the graph-based algorithm proposed to solve this problem, the abstract Lagrangian cost J (β) is
implemented by an incremental cost associated to each transition from state l − r − 1 to state l
in the graph, shown as follow:

l−1∑
i=l−r

C2
i + (Cl − qlAl)

2 + β · (− log2 P (r, sz) + sz) (3.13)

where r is the run of this transition, Al represents the selected amplitude for the lth DCT index
in size group sz that gives rise to the minimum distortion to Cl among all allowed amplitudes
within size group sz, and ql ∈ Q is the lth quantization step size. Clearly, the distortion measure
D is MSE here.

To incorporate our proposed SWE distortion into equation 3.12, a straightforward substitution
is performed. Particularly, the distortion measure D used in equation 3.12 is switched from MSE
to SWE. This entails scaling the MSE distortion to each DCT coefficient by its corresponding
sensitivity value. As a result, the incremental cost equation 3.13 is updated to:

l−1∑
i=l−r

siC
2
i + sl(Cl − qlAl)

2 + β · (− log2 P (r, sz) + sz). (3.14)

3.5.2 OptS: Designing Optimal Quantization Tables for DOC

In this subsection, we will propose a quantization table design algorithm dubbed OptS, which
solves the outer minimization problem in equation 3.1 in order to provide optimal quantization
tables for the SDQ process when DOC is considered. OptS consists of two components which

5The optimization of DC coefficients can be addressed separately using a trellis diagram.
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are (1) OptS for the luminance channel and (2) OptS for chrominance channels. The first compo-
nent is a straightforward extension of OptD [134], while the second component has a nontrivial
difference from OptD. In the following, we will begin with briefly reviewing OptD, and then we
will propose the two components of OptS one by one.

A Brief Review of OptD

In [134], authors assume that ϕ in equation 3.1 is universal and optimal so that the inner mini-
mization in equation 3.1 can be approximated by the Shannon rate distortion functions of DCT
coefficients, which can be further approximated by their Shannon lower bounds. In this way,
Q and Q′

Q are decoupled, so that the optimal solution of Q no longer depends on the SDQ de-
sign. Therefore, following the derivation in [134], solving Problem equation 3.1 is equivalent to
solving

inf
Q

inf
{Di}Mi=1:

∑M
i=1 Di=DT

Di≥D(Ci,qi)

M∑
i=1

[
R

(SL)
Ci

(Di) +
c

qi

lnB

B
+ o

(
lnB

B

)]
. (3.15)

where c = O(1) is a positive bounded term, Di is the distortion budget allocated to the ith source,
R

(SL)
Ci

(Di) is the Shannon lower bound to the rate distortion function of Ci, and D(Ci, qi) is the
minimal achievable distortion for the source Ci, given the reconstruction space{

0,±1qi,±2qi, . . . ,±
⌊
G

qi

⌋
qi

}B

.

Note that D(Ci, qi) is actually equal to the distortion resulting from the HDQ of Ci with the quan-
tization step size qi. As shown in [134], the optimal quantization table Q∗ = {q∗1, q∗2, . . . , q∗M}
resulting from equation 3.15 is given by

q∗i = sup {qi : D(Ci, qi) ≤ D∗
i } (3.16)

for any 1 ≤ i ≤M , where D∗
i is the optimal distortion budget allocated to the ith source.

To design optimal quantization table for DCT-based image coding using equation 3.16, au-
thors of [134] first model DC and AC coefficients with uniform and Laplacian distributions, so
that D(C1, q1) = q21/12 and D(Ci, qi), 2 ≤ i ≤ M , can be approximated by DLap(λi, qi) calcu-
lated in (3.19). Then, a parameter d named water level is determined given the distortion budget
DT . With d and variances of sources {σ2

i }Mi=1, one can obtain the optimal distortion allocation
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{D∗
i }Mi=1. Therefore, given {D∗

i }Mi=1 and D(Ci, qi), the optimal quantization table Q∗ can be
obtained based on equation 3.16.

λi =
1

B

B∑
j=1

|Ci,j| , 2 ≤ i ≤M (3.17)

zi = qi − λi +
qi

eqi/λi − 1
(3.18)

DLap(λi, qi) = 2λ2
i −

2qi(λi + zi − 0.5qi)

ezi/λi(1− e−qi/λi)
(3.19)

OptS for the Luminance Channel

OptS for the luminance channel is obtained by replacing MSE in OptD with SWE. This mod-
ification involves revisiting the Shannon lower bound to the rate distortion function of DCT
coefficients. Specifically, we will derive the Shannon lower bound to the rate distortion function
of Ci using SWE as the distortion measure.

Given the random variable Ci with probability density function (pdf) p(ci), the rate distortion
function RCi

(Di) of Ci is defined as

RCi
(Di) = inf

p(c̃i|ci):E[D(Ci,C̃i)]≤Di

I(Ci; C̃i) (3.20)

where p(c̃i|ci) is the conditional pdf of C̃i given Ci = ci, and D(., .) is the SWE. Therefore, the
constraint over the expected distortion can be rewritten as

E[si(Ci − C̃i)
2] ≤ Di

E[(Ci − C̃i)
2] ≤ Di

si
. (3.21)

Also, we have

I(Ci; C̃i) = H(Ci)−H(Ci|C̃i)

= H(Ci)−H(Ci − C̃i|C̃i)

≥ H(Ci)−H(Ci − C̃i)

≥ H(Ci)−
1

2
log 2πeσ̃2

i (3.22)

where H(Ci) is the differential entropy of Ci, σ̃2
i denotes the variance of Ci − C̃i, and the last inequality

is due to the maximum differential entropy lemma [20]. Since σ̃2
i ≤ E[(C̃i − Ci)

2] ≤ Di
si

, it follows from
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Algorithm 1 OptS for the Luminance Channel

Input: x, S = {s1, s2, . . . , sM}, d, qmax

Output: Q = {q1, q2, . . . , qM}
if siσ2

i < d then
set qi = qmax

else
if i = 1 then

set qi = min
{⌊√

12d
si

⌋
, qmax

}
else

set qi = max{qi ∈ Q : DLap(λi, qi) ≤ d
si
}

end if
end if

equation 3.22 that

I(Ci, C̃i) ≥ H(Ci)−
1

2
log 2πe

Di

si
. (3.23)

Therefore, we have

RCi(Di) ≥ H(Ci)−
1

2
log 2πe

Di

si
. (3.24)

Also, the rate should be non-negative, so the Shannon lower bound to the rate distortion function of Ci is:

R
(SL)
Ci

(Di) =

{
H(Ci)− 1

2 log 2πe
Di
si

if Di < siσ̂
2
i

0 otherwise
(3.25)

where σ̂2
i is chosen such that H(Ci) =

1
2 log 2πeσ̂

2
i .

As a result, we obtain can easily obtain the distortion expressions D(C1, q1) = s1q
2
1/12 and D(Ci, qi) =

siDLap(λi, qi), 2 ≤ i ≤M from the pervious derivations. The resulting OptS algorithm for the luminance
channel is demonstrated in Alg. 1, where Q = {1, 2, . . . , qmax}, and qmax is a predetermined maximum
quantization step size.

OptS for Chrominance Channels

Since two chrominance channels share the same quantization table in the JPEG framework, we cannot
obtain OptS algorithm for chrominance channels by tweaking OptD in a naive way. Although the the-
ory foundation is more or less the same, yet OptS algorithm for chrominance channels has nontrivial
differences from OptD. This is primarily because, in constructing a single quantization table for both
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chrominance channels, we treat the Cb and Cr components jointly, forming a combined representation
with 2M sources. In this formulation, the source i and source i+M share the same quantization step size
qi, for 1 ≤ i ≤ M . To solve this joint optimization problem, we follow the approach proposed in [134]
and apply it to Problem equation 3.1 with 2M sources considered simultaneously, as shown in the squel.

We now consider Problem equation 3.1 with the adoption of SWE distortion. Based on the derivation
in [134], we can convert this problem to

inf
Q

inf
{Di}2Mi=1:

∑2M
i=1 Di=DT

∀i∈[1,M ]
Di≥D(Ci,qi)

Di+M≥D(Ci+M ,qi)

2M∑
i=1

[
R

(SL)
Ci

(Di) +
c

qi

lnB

B
+ o

(
lnB

B

)]
. (3.26)

where c = O(1) is a positive bounded term.

According to the KKT conditions, the inner minimization in equation 3.26 is achieved when

Di = Di(Q) ≡


d if D(Ci, qi) ≤ d ≤ siσ̂

2
i

D(Ci, qi) if d < D(Ci, qi)

siσ̂
2
i if d > siσ̂

2
i

(3.27)

where 1 ≤ i ≤M , and

Di = Di(Q) ≡


d if D(Ci, qi−M ) ≤ d ≤ siσ̂

2
i

D(Ci, qi−M ) if d < D(Ci, qi−M )

siσ̂
2
i if d > siσ̂

2
i

(3.28)

where M + 1 ≤ i ≤ 2M . Here, d is chosen so that

2M∑
i=1

Di(Q) = DT . (3.29)

Following a derivation similar to that in [134], the optimal distortion allocation is

D∗
i =

{
d∗ if d ≤ siσ̂

2
i

siσ̂
2
i otherwise

(3.30)

where 1 ≤ i ≤ 2M , and d∗ is chosen such that

2M∑
i=1

D∗
i = DT . (3.31)
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Although the optimal distortion allocation here appears to be similar as that in [134], the optimal
quantization step size q∗i is a bit different when two channels are considered, where qi is subject to two
constraints instead of one. Accordingly,

q∗i = sup {qi : D(Ci, qi) ≤ D∗
i , D(Ci+M , qi) ≤ D∗

i+M} (3.32)

where 1 ≤ i ≤M .

Based on equation 3.30 and equation 3.32, there are four different cases for the selection of q∗i :

(1) If d∗ > siσ̂
2
i and d∗ > si+M σ̂2

i+M , then D∗
i = siσ̂

2
i and D∗

i+M = si+M σ̂2
i+M . Based on equa-

tion 3.25, we see that R(SL)
Ci

(D∗
i ) = R

(SL)
Ci+M

(D∗
i+M ) = 0. Therefore, we directly quantize all

coefficients in both source i and source i+M to zeros. As for q∗i , both constraints in equation 3.32
are satisfied since D(Ci, qi) is upper bounded by siσ̂

2
i for all 2M sources. Therefore, we set q∗i to

a prescribed maximum quantization step size qmax.
(2) If si+M σ̂2

i+M ≥ d∗ > siσ̂
2
i , then D∗

i = siσ̂
2
i and D∗

i+M = d∗. Based on equation 3.25, we see that

R
(SL)
Ci

(D∗
i ) = 0. Therefore, we directly quantize all coefficients in source i to zeros. As for q∗i , the

first constraint in equation 3.32 is satisfied. Therefore, ignoring the first constraint, we get

q∗i = sup {qi : D(Ci+M , qi) ≤ d∗}. (3.33)

(3) If siσ̂2
i ≥ d∗ > si+M σ̂2

i+M , then D∗
i = d∗ and D∗

i+M = si+M σ̂2
i+M . Based on equation 3.25, we

see that R(SL)
Ci+M

(D∗
i+M ) = 0. Therefore, we directly quantize all coefficients in source i + M to

zeros. As for q∗i , the second constraint in equation 3.32 is satisfied. Therefore, ignoring the second
constraint, we get

q∗i = sup {qi : D(Ci, qi) ≤ d∗}. (3.34)

(4) If d∗ ≤ siσ̂
2
i and d∗ ≤ si+M σ̂2

i+M , then D∗
i = D∗

i+M = d∗. Therefore, we get

q∗i = sup {qi : D(Ci, qi) ≤ d∗, D(Ci+M , qi) ≤ d∗}. (3.35)

Based on the above four cases, and given that D(C1, q1) = s1q
2
1/12, D(C1+M , q1) = s1+Mq21/12,

D(Ci, qi) = siDLap(λi, qi) for i ∈ [2,M ] ∪ [2 + M, 2M ], Alg. 2 is obtained. Notably, σ̂2
i is replaced

by σ2
i in the algorithm to further simplify the computation of Q∗ without involving the computation of

differential entropy. Note that the sensitivity used in Alg. 2 has 2M entries as it includes the sensitivity of
both Cb and Cr channels. Also, some notations are overloaded in Alg. 1 and Alg. 2 for simplicity.

3.5.3 Analysis for Quantization Tables Designed by OptS

To show the effectiveness of OptS in designing quantization tables for DNN vision, we compare the
quantization tables designed by OptS with the default quantization tables in JPEG to demonstrate their
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Algorithm 2 OptS for Chrominance Channels

Input: x, S = {s1, . . . , sM , sM+1, . . . , s2M}, d, qmax

Output: Q = {q1, q2, . . . , qM}
if max{siσ2

i , si+Mσ2
i+M} < d then

set qi = qmax

else if siσ2
i < d ≤ si+Mσ2

i+M then
if i = 1 then

set qi = min
{⌊√

12d
si+M

⌋
, qmax

}
else

set qi = max{qi ∈ Q : DLap(λi+M , qi) ≤ d
si+M
}

end if
else if si+Mσ2

i+M < d ≤ siσ
2
i then

if i = 1 then
set qi = min

{⌊√
12d
si

⌋
, qmax

}
else

set qi = max{qi ∈ Q : DLap(λi, qi) ≤ d
si
}

end if
else if d ≤ min{siσ2

i , si+Mσ2
i+M} then

if i = 1 then
set qi = min

{⌊√
12d

max{si,si+M}

⌋
, qmax

}
else

set qi = max
{
qi ∈ Q : DLap(λi, qi) ≤ d

si
,

DLap(λi+M , qi) ≤ d
si+M

}
end if

end if

difference. Intuitively, since we apply SWE as the distortion measure when designing quantization tables,
more MSE distortion will be allocated at sources where the sensitivity values are relatively low. This is
because, after being weighted by the low sensitivity values, the consumption of the SWE budget will not
be very significant, and vice versa. As a result, larger quantization step sizes will be assigned to sources
with lower sensitivity values. However, such a relationship between qi and si does not exist in the case of
default JPEG quantization tables, since they are designed for HVS rather than DNN vision.

To confirm our claim above, for each of the tested models, we randomly select an image sample from
the ImageNet validation set and visually compare the following: (1) quantization tables designed for this
image by OptS; (2) the default quantization tables in JPEG; and (3) the sensitivity of the tested model.
This comparison is shown in Fig. 3.6, where it is important to note that the figure shows 1/qi instead of
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Table 3.2: Correlation between sensitivity and the inverse of the designed quantization table
by OptS averaged over the ImageNet validation set, is compared to the correlation between
sensitivity and the inverse of the default JPEG quantization table.

Model
OptS JPEG

Y CbCr Y CbCr
MobileNetV2 0.917 0.934 0.169 0.945

MnasNet 0.733 0.914 0.366 0.877
RegNetY-400MF 0.737 0.917 0.454 0.703

ConvNext-T 0.799 0.904 -0.303 0.833

qi. Also, all curves are normalized by their respective values of sensitivity and inverse q corresponding to
DC for better visualization. In Fig. 3.6, it is evident that the trend of 1/qi for the designed quantization
table by OptS closely resembles the trend of si for each underlying model, while there’s no similar pattern
between 1/qi and si in the case of default JPEG. To further verify the correlation between 1/qi and si
in the case of OptS, we extend our investigation to include the average Pearson correlation coefficient
between the inverse of Q and S as sequences over the complete ImageNet validation set [56], presented in
Table 3.2. The resulting correlation coefficients are quite close to one for both luminance and chrominance
channels and for all tested DNN model. However, for JPEG, when we calculate the correlation between the
inverse of the default JPEG quantization table and S, although the correlation coefficients for chrominance
channels are quite close to one, those for luminance channel are much closer to zero, demonstrating weak
correlation. Based on the above analysis, our claim at the beginning of this subsection is well-supported,
highlighting the effectiveness of OptS and SWE.

3.6 Experimental Results

Instead of the rate-distortion (R-D) performance for each image as in the HOC case, we evaluate the rate-
accuracy (R-A) performance on the whole ImageNet ILSVRC 2012 validation set [56], which contains
50,000 images considered as raw images for compression. To evaluate the R-A performance of all coding
methods, the average rate is computed as the average of the image-wise bit rate in bpp over the entire
validation set, in conjunction with their corresponding top-1 accuracy. In the reported results for all coding
methods, compression is applied to the pre-processed image, serving as the model’s input layer. The rate
per image is then calculated based on customized Huffman tables generated for the specific compression
method.

For rigorous testing, we evaluate both HDQ coding, denoted as SDQ off, and SDQ coding, denoted as
SDQ on. When SDQ is activated, we will test the SDQ coding when incorporated by SWE, serving as a
DOC, with its optimal quantization design by OptS. Besides, we will test the SDQ when incorporated by
MSE, serving as a HOC, with its optimal quantization design by OptD. For consistency, we will also test
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(d) ConvNeXt-T

Figure 3.6: The figure shows the sensitivity of target DNNs with the quantization tables designed
by OptS, together with default JPEG quantization tables for comparison. Note that it is 1/qi
shown in the figure instead of qi. Also, all curves are normalized by their respective values of
sensitivity and inverse q corresponding to DC for better visualization. The first column is for the
luminance channel, while the second column is for the chrominance channel. We select d = 1
for OptS over all target DNNs.
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the default JPEG quantization table when the SDQ is incorporated by MSE. All the previous quantization
table design methods, including JPEG, OptD, and OptS, will also be evaluated as part of HDQ coding.
Given that OptD, as proposed in [134], is not designed to accommodate colored channels, we extend its
capabilities to accommodate color images, represented as a special case of OptS. This is done by utilizing
Algorithm 2 with all si set to 1. OptD is presented as an ablation study to show the contribution of SWE
alone.

For comparison within HDQ and SDQ coding frameworks, we select the baseline JPEG as our bench-
mark, as used in [50, 59, 60, 68, 125]. To provide a comparison with other DOC algorithms, we se-
lect DeepN-JPEG [68] as an example DOC benchmark since it is JPEG compliant. Note that although
GRACE [125] is a DOC algorithm, it is not JPEG compliant.

3.6.1 Experimental Setup

Tested models. Four prevailing pre-trained models from different architectural families, with some of
their variants, namely MobileNetV2 [102], MnasNet [113], RegNetY-{400MF,800MF,2GF,6GF} [95],
and ConvNeXt-{Tiny,Small,Base,Large} [67], are adopted as our target DNNs. Most of the models share
the same preprocessing setup, with a resize size of 256 followed by a crop size of 224. However, Con-
vNeXts has customized resize sizes for its variants Tiny, Small, Base, and Large, which are 236, 230, 232,
and 232, respectively, while maintaining the same crop size of 224. All pre-trained models are obtained
from the Torchvision library [75].

Codecs setup. The quality of a compressed image is controlled by the quality factor (QF) in default
JPEG, and by the water level d in OptS or OptD. In all experiments, qmax is selected to be 100 and
color space sub-sampling is 4:4:4. For JPEG, QF is ∈ [70, 100], for OptS and OptD d ∈ [0.005, 15], and
β ∈ [0.005, 11] for the SDQ coding6.

3.6.2 R-A Performance

A straightforward experimental design, referred to as the one-to-all setup, involves using a fixed QF and
water level d for Algorithms 1 and 2 across the entire ImageNet validation dataset. This approach is
applied to both underlying coding frameworks, HDQ and SDQ. However, since this method does not
control image-wise distortion, it often requires extensive manual tuning. To further address this limitation
and highlight the advantage of OptS, we adopt a distortion-matching setup that enables a fairer comparison
across compression algorithms. This setup is demonstrated exclusively for HDQ in a specific experiment,
though it can be readily extended to SDQ.

6In the context of SDQ coding, the iterative algorithm runs for three iterations or until a convergence criterion is
fulfilled.
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Figure 3.7: Performance evaluation of R-A for four prominent models from different families
with HDQ coding using quantization tables from OptS, OptD, and JPEG. It is worth mention-
ing that for MobileNetV2, MnasNet, RegNetX-400MF, and ConvNeXt-T, DeepN-JPEG yields
68.43%, 70.1%, 71.2%, and 78.4%, respectively, of accuracy with the rate of 7.9 bpp (its accu-
racy is low). Therefore, in order not to distort the curve display, these points are removed from
the figures.
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Figure 3.8: R-A performance and CE Loss of HDQ coding applied to the Swin-T transformer
model using quantization tables provided by OptS, OptD, and JPEG.
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Figure 3.9: R-A performance comparison among Tr-OptS, OptS, and JPEG, where Tr-OptS is
designed for RegNet-400MF (ConvNeXt-T, resp.) and fixed when evaluated for each of other
DNNs within the family of RegNets (ConvNeXts, resp.), and OptS is designed specifically for
each of other DNNs within the family of RegNets (ConvNeXts, resp.).

HDQ Coding. Following the one-to-all setup, Fig. 3.7 presents the R-A performance of OptS, OptD,
and JPEG within the HDQ framework, evaluated across four pre-trained CNN models and Swin-T as a
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Figure 3.10: Evaluation of the R-A performance following the distortion-matching setup.
Fig. 3.10a and 3.10b correspond to Setting 1; Fig. 3.10c and 3.10d correspond to Setting 2.

representative transformer-based model, shown in Fig. 3.8. Additionally, when we compare OptS with
DeepN-JPEG, it is worth mentioning that for MobileNetV2, MnasNet, RegNetX-400MF, and ConvNeXt-
T, DeepN-JPEG yields 68.43%, 70.1%, 71.2%, and 78.4%, respectively, of accuracy with a rate of 7.9 bpp,
resulting in a relatively low accuracy. In order not to distort the curve display, these points are excluded
from Fig. 3.7. As expected, OptS consistently outperforms both OptD and JPEG. This is because OptS
tends to select a larger quantization step size qi for a source Ci with a lower sensitivity si. Consequently,
despite a notable increase in MSE, only a minor amount of SWE is introduced. This enables OptS to
decrease the rate without inducing a substantial increase in DNN loss, leading to negligible accuracy
degradation.

Evaluating sensitivity transferability in HDQ coding. From Fig. 3.5, we see that the sensitivity
curves of DNNs within the same family resemble each other. We now want to evaluate the transferability
of the sensitivity of one DNN to other DNNs within the same family in the context of HDQ coding with
OptS. Specifically, take the families of RegNets and ConvNeXts as an example, where ConvNeXt-T and
RegNetY-400MF are the shallowest models within their respective families. Consider the HDQ codec
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with OptS designed specifically for ConvNeXt-T (RegNetY-400MF, resp.). Fix this codec and refer to it
as Tr-OptS. We want to evaluate the R-A performance of Tr-OptS over other DNNs within the family of
ConvNeXt-T (RegNetY-400MF, resp.), which is shown in Fig. 3.9. Also shown in Fig. 3.9 is the R-A
performance of the HDQ codec with OptS designed specifically for each of other DNNs within the family
of ConvNeXt-T (RegNetY-400MF, resp.) (simply referred to as OptS) along with the R-A performance
of the default JPEG. From Fig. 3.9, it is clear that the R-A performance of Tr-OptS is almost the same as
that of OptS for each of other DNNs within the family of ConvNeXt-T (RegNetY-400MF, resp.), and far
better than that of the default JPEG, thus demonstrating the transferability of the sensitivity of ConvNeXt-
T (RegNetY-400MF, resp.) to each of other DNNs within the family of ConvNeXt-T (RegNetY-400MF,
resp.).

Distortion Matching in HDQ coding. In the distortion-matching setup, we design two experimental
settings. Setting 1: Use a fixed QF for JPEG to compress all the images in the dataset, and record all
the resulting SWEs for them. Then, for each image, adjust the image-adaptive d’s in OptS and OptD to
roughly match the recorded SWE using binary search. Setting 2: Use a fixed d for OptS to compress all
the images in the dataset, and record all the resulting SWEs for them. Then, for each image, adjust the
image-adaptive QF in JPEG and d in OptD to do the distortion matching again. For Setting 1, results
are shown in Fig. 3.10a and 3.10b, with QF ∈ [70, 98]; for Setting 2, results are shown in Fig. 3.10c
and 3.10d, with d ∈ [0.005, 1]. As expected, OptS always performs better than OptD and JPEG in both
settings.

SDQ Coding. In Fig. 3.11, we evaluate our complete DOC framework which solves Problem equa-
tion 3.1 with OptS addressing the outer minimization and the revisited SDQ addressing the inner mini-
mization. For comparison, we also show the results of original SDQ using quantization tables provided by
OptD and JPEG following the one-to-all setup. Also, we include the HDQ results, visualized by transpar-
ent lines, as a reference. Clearly, our complete DOC framework provides an outstanding R-A performance
compared to everything else. Additionally, some results shown in Fig. 3.11 are summarized in Table 3.3
to make comparison at a fixed rate or a fixed accuracy level.

To further demonstrate the effectiveness of the SWE as a good estimate of the change in the DNN
training loss function, Fig. 3.12 shows the cross-entropy (CE) loss value corresponding to its R-A perfor-
mance in Fig. 3.11 for both HDQ coding and SDQ coding. It is obvious that minimizing the SWE will
reflect in the reduction of the CE loss for both HDQ coding and SDQ coding with OptS algorithm.
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Figure 3.11: R-A performance of SDQ coding with quantization tables provided by OptS, OptD,
and JPEG (HDQ results are presented by transparent lines as a reference).
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Figure 3.12: This figure displays the CE Loss for Fig. 3.11 to illustrate that both HDQ and SDQ
Coding, when OptS is used, converge faster towards the CE loss of the raw image, indicated by
a black dotted horizontal line, compared to other methods.
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Table 3.3: R-A performance summary, derived from Fig. 3.11, enables a comparison between
SDQ and HDQ coding methods. This assessment is conducted with the underlying quantization
table design by OptS, OptD, and JPEG, considering both the same rate and accuracy levels.

Model
HDQ SDQ

JPEG OptD OptS JPEG OptD OptS
Rate (bpp) Acc (%) Rate (bpp) Acc (%) Rate (bpp) Acc (%) Rate (bpp) Acc (%) Rate (bpp) Acc (%) Rate (bpp) Acc (%)

MobileNetV2
1.67 68.63 1.71 68.53 1.73 69.24 1.82 68.56 1.67 68.24 1.72 69.79

10.08 71.84 6.76 71.84 4.71 71.84 6.20 71.76 4.46 71.73 3.36 71.70

MnasNet
1.70 70.69 1.71 70.40 1.72 70.95 1.75 70.58 1.81 70.81 1.73 71.41

10.08 73.42 6.40 73.42 3.66 73.42 6.20 73.38 5.43 73.41 3.24 73.38

RegNetY-400MF
1.90 71.65 1.96 71.67 2.02 72.28 2.01 72.46 2.08 72.29 2.02 72.69

10.08 74.05 8.12 74.05 4.98 74 6.20 73.93 7.75 74.04 4.23 73.96

ConvNeXt-T
2.01 78.33 2.00 78.81 2.06 79.42 2.02 79.95 2.08 80.08 2.06 80.20

10.08 82.51 9.63 82.50 6.14 82.48 7.19 82.49 7.47 82.50 4.91 82.45

Compression Helps. Interestingly, our experiments reveal that for both HDQ and SDQ, compression
with OptS yields accuracy even slightly better than the inference accuracy of the raw dataset. This confirms
the prediction made in [131] in practice. For HDQ coding, Table 3.4 presents the improvement in inference
accuracy followed by a reduction in the CE value compared to the case of raw image inference. Moreover,
the accuracy improvement is also presented in the case of SDQ, as shown in Table 3.5. Notably, the
accuracy improvement for MobileNetV2 can reach up to 0.07%, where the corresponding CR is 3.77×.

The potential reason of this phenomenon is provided in [131], where authors declare that compression
could possibly enhance the useful features and remove the disturbing features in an image; therefore, DNN
models might make better decision on an image after it is compressed.

Table 3.4: Accuracy improvement and CE loss reduction are shown by using the compressed
images obtained through HDQ coding with OptS algorithm, compared to the raw images.

Model Raw OptS
Acc (%) Loss Acc (%) Loss

MobileNetV2 71.870 1.1474 71.920 1.1465
MnasNet 73.468 1.0775 73.494 1.0767

RegNetY-2GF 78.936 0.8205 79.016 0.8208
RegNetY-6GF 77.952 0.8601 77.972 0.8603
RegNetY-800MF 76.408 0.9184 76.460 0.9193
RegNetY-400MF 74.026 1.0369 74.096 1.0357

ConvNeXt-L 84.414 0.7757 84.446 0.7743
ConvNeXt-B 84.062 0.8603 84.040 0.8596
ConvNeXt-S 83.634 0.8568 83.586 0.8557
ConvNeXt-T 82.516 0.8778 82.522 0.8767
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Table 3.5: Accuracy improvement demonstrated through HDQ and SDQ coding with OptS
method compared to raw image.

Model
Raw HDQ SDQ

Acc (%) Rate (bpp) Acc (%) Rate (bpp) Acc (%)
MobileNetV2 71.870 6.73 71.92 6.36 71.938
MnasNet 73.468 7.23 73.494 6.73 73.504
RegNetY-400MF 74.026 8.66 74.096 7.33 74.064
ConvNeXt-T 82.516 8.14 82.522 6.64 82.522

3.7 Chapter Summary and Future Work

In this chapter, we revisit the JPEG rate distortion theory for DNN vision by proposing a novel distortion
measure dubbed SWE. Simply replacing MSE distortion with SWE distortion for any DCT-based HOC
algorithm will result in a DOC algorithm without incurring additional complexity. Following that, we
adopt the SDQ framework in this chapter and convert it to its DOC counterpart by incorporating our SWE
distortion measure. To further address the quantization table design problem for SDQ, we have proposed
OptS algorithm to generate optimal quantization tables for the luminance channel and chrominance chan-
nels, respectively. Then, we rigorously evaluate our proposed DOC framework and algorithm with four
prevalent DNN models on the entire ImageNet validation set, and obtain outstanding R-A performance.

Finally, it is worth noting that the proposal of SWE is based on Taylor expansion. Therefore, SWE
may not be effective in the case where the perturbation ∆C is too large. As a result, addressing the DOC
problem considering large DCT perturbation is left for future work.
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Chapter 4

JPEG Inspired Deep Learning

This chapter introduces JPEG-DL, a novel deep learning framework that integrates a trainable JPEG com-
pression layer into standard DNN architectures to enhance performance and robustness. Contrary to the
conventional belief that lossy compression degrades model accuracy, JPEG-DL leverages a differentiable
soft quantizer to replace the non-differentiable quantization step in JPEG, enabling end-to-end training of
both the compression layer and the DNN. This unified architecture not only improves classification accu-
racy—achieving average gain of 7% on fine-grained datasets—but also enhances adversarial robustness.
JPEG-DL is lightweight, adding only 128 trainable parameters, and is compatible with a wide range of
models and tasks, demonstrating its scalability and effectiveness in optimizing deep learning pipelines
through learned compression.

The conference version of this chapter is available in [99].

4.1 Introduction

JPEG compression [91] is the defacto lossy image compression technique with ubiquitous presence in
real-world applications. With the development of deep learning, more and more images, potentially com-
pressed by JPEG, are consumed by deep neural networks (DNNs). Naturally, it’s of interest to study how
JPEG compression will impact DNN performance for computer vision tasks, and extensive research has
been conducted along this line such as [25, 68] and [125]. These initial explorations establish a widely
accepted view that the information loss caused by JPEG obscures important features in the input image,
thereby negatively impacting DNN performance.

However, it was shown by [131] that the above conventional wisdom does not hold anymore if JPEG
compression is applied intelligently and adaptively on a per-image basis. Indeed, [131] showed that if ap-
plied appropriately, JPEG compression can actually improve DNN performance, at least in theory. They
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further proposed to train a DNN based on images with various JPEG quality levels. While they man-
aged to demonstrate improved performance with a specially designed DNN topology, the model is too
cumbersome to be fully trained, leading to suboptimal performance. Moreover, the adherence to the de-
fault JPEG quantization also limits the effectiveness of this method. On the other hand, given a fixed
DNN model, [144] and [101] found that its performance could be slightly improved if the input images
got compressed by JPEG with optimized quantization parameters. However, the performance gain is not
significant due to the frozen DNN model. Although these existing works provide promising insights to
improve DNN performance with JPEG compression, a solid solution that can fully unleash the potential
of this idea has yet to be found.

To address the above issue, in this chapter, we propose jointly optimizing both JPEG quantization
operation and a DNN to achieve greater effectiveness. To this end, we first introduce a trainable JPEG
compression layer, the structure of which is illustrated in Fig. 4.1a. This layer follows the standard
JPEG pipeline to convert a preprocessed input image, after passing through the input layer, into block-
wise Discrete Cosine Transform (DCT) coefficients in the YCbCr color space. A novel differentiable soft
quantizer (Qd) is then applied to quantize the DCT coefficients at each frequency position, followed by
the standard JPEG inverse process to reconstruct the RGB image. We then present JPEG-DL, a novel
deep learning (DL) framework that introduces a new DNN architecture by inserting a JPEG layer directly
after the original input layer of any underlying DNN architecture. This layer can be considered an integral
part of any underlying DNN architecture, forming a new unified DNN architecture, whose parameters get
optimized jointly with DNN model weights during training. The core of JPEG-DL is Qd as it substitutes
the non-differentiable, hard quantization in JPEG with a differentiable, soft quantization operation defined
by a neat analytical formula, which not only facilitates gradient-based optimization for quantization pa-
rameters but also introduces additional trainable non-linearity to the overall image understanding pipeline.
To validate the effectiveness of JPEG-DL, we conducted extensive experiments for image classification
on six datasets including four fine-grained classification datasets [51, 85, 87, 120], CIFAR-100 [55] and
ImageNet [24]. Results show that JPEG-DL significantly and consistently outperforms the standard DL
across various DNN architectures, with a negligible increase in model complexity. Specifically, JPEG-DL
improves classification accuracy by up to 20.9% on some fine-grained classification dataset, while adding
only 128 trainable parameters to the DL pipeline. Moreover, the superiority of JPEG-DL over the standard
DL is further demonstrated by the enhanced adversarial robustness of the learned unified architecture.

The main contributions of this chapter can be summarized as follows:

• We introduce a novel trainable JPEG layer leveraging differentiable soft quantizers with nice ana-
lytical formulas.

• Based on the new JPEG layer, we propose a new DL framework dubbed JPEG-DL, which jointly
optimizes the JPEG layer and the DNN model during training.

• The outstanding performance of JPEG-DL over the standard DL is verified by comprehensive ex-
perimental results on various image classification datasets across multiple DNN architectures and
for a variety of tasks including adversarial defense.

52



DNN

YCbCr-RGB Color 

Space Conversion

Blocks Merging

IDCT Transform

Differentiable 

Soft Quantizer

RGB-YCbCr Color 

Space Conversion

Non-overlap Block 

Partitioning

DCT Transform

JPEG Layer

In
p

u
t L

ay
er

Input 

Image

Prediction

Reconstructed 

Image

(a)

18.1
10.1
⋮
−5
−1

918.5
−708.1

⋮
100.2
−90.3

B

18.04
10.04
⋮
−5
−1

918.1
−708.0

⋮
100.0
−90.02𝒛$,$,:

𝒛$,",:

Differentiable Soft Quantizer

Input Output

𝒛$,",∶

𝒛$,$,∶ /𝒛$,$,∶

/𝒛$,",∶

(b)

Figure 4.1: (a) The JPEG-DL framework consists of a JPEG layer followed by a standard DNN,
where the standard forward/inverse processes of JPEG depicted in white boxes are fixed and not
trained. The JPEG pipeline receives a conventionally preprocessed input image x ∈ R3×W×H

sampled from the underlying task’s dataset. The JPEG layer, equipped with a differentiable soft
quantizer, and the underlying DNN form a unified new DNN architecture, which are shown in
blue indicating that they are trainable components. (b) As an example, we show z1,:,:, i.e., the
DCT representation of the Y channel of an image, by a tensor consisting of B blocks of DCT
coefficients. Each 8×8 block contains M = 64 DCT frequencies, ordered from low to high in a
zigzag manner. Then, we show how z1,1,: and z1,M,: are quantized by Qd(· ; q = 1, α = 10) and
Qd(· ; q = 0.5, α = 16), respectively.
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4.2 Background and Related Work

JPEG applications. JPEG was originally developed as a lossy image compression technique based on
transform coding, which reduces image file sizes by generating their compact representations. Beyond its
traditional use, JPEG has found numerous applications in deep learning: (1) it has been utilized as a data
augmentation technique to improve robustness of DNNs against image compression [5]; (2) it has been
employed as an empirical defense method against adversarial attacks, effectively reducing adversarial per-
turbations and enhancing the adversarial robustness of DNNs [23, 27, 38]; and (3) it has been integrated
into the knowledge distillation [44] framework by [98], where it helps the teacher model transfer knowl-
edge to the student model in a more effective way. In contrast, this chapter focuses on leveraging JPEG
to enhance the natural performance, instead of the robust performance, of DNNs without relying on any
teacher model.

Optimizing JPEG Compression for DNN vision. As a lossy image compression technique, JPEG
is developed specifically for the human visual system. As a result, while the information loss introduced
by JPEG is often imperceptible to humans, it can significantly degrade the performance of DNNs. This
issue gives rise to a line of research which optimizes JPEG compression based on DNN perception. For
instance, given a pretrained DNN, [125], [144] and [101] first derive its sensitivity to different DCT
frequencies, based on which they customize JPEG quantization tables for this DNN to reach the optimal
rate-accuracy tradeoff. Another popular direction is to make JPEG trainable, which integrates the JPEG
encoder and DNN into an end-to-end differentiable training framework [71, 126]. These methods create
differentiable proxies for image quantization and bitrate calculation, so that JPEG compression can be
optimized via backpropagation in order to minimize a total loss considering both DNN performance and
bitrate. However, all the above works focus on mitigating DNN performance degradation in the presence
of JPEG compressed images, but offer little to no improvement on DNN performance when raw images are
given as input. On the contrary, this chapter leverages JPEG purely as a tool to improve DNN performance
on raw images, regardless of its compression capability.

Improving DNN performance with JPEG. Due to the aforementioned reason, JPEG compression
generally hurts DNN performance. However, it’s recently demonstrated by [131] that, with an oracle guid-
ing the compression process, one can select an optimal quality level to compress each image, enabling the
DNN to make its best possible prediction for it. By applying this adaptive JPEG compression across a
set of images, one can actually improve the DNN prediction accuracy considerably. This phenomenon,
termed “compression helps” in the original paper, is justified by the fact that compression can remove
noise and disturbing background features, thereby highlighting the main object in an image, which helps
DNNs make better prediction. Due to the need of ground truth labels in the compression stage, the above
adaptive compression scheme is not realizable in most real world applications; however, the discovery
of “compression helps” at least show the potential of using JPEG to improve DNN performance. Thus
motivated, the authors in turn proposed an implementable way to improve DNN performance with JPEG.
They built a new DNN topology that incorporates 11 parallel branches of an underlying pretrained model,
with each branch obtaining as input either the raw image or its compressed version at a varying quality
level. The penultimate layer representations from all branches are concatenated and fed into a classifica-
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tion head, which is then trained together with those 11 model backbones as a unified DNN structure. This
new DNN topology is clearly too complex to train, so the authors opted for partial training to mitigate the
training complexity, therefore resulting in a suboptimal performance. In contrast, our proposed method
introduces only 128 additional trainable parameters to the existing DL pipeline, causing negligible com-
plexity increase. Moreover, it’s noteworthy that our method is orthogonal to theirs, as our trainable JPEG
quantization tables can be embedded into their framework to replace the default JPEG quantization tables,
thereby further improving the performance.

Trainable Activation Functions. Relentless efforts have been made to search for activation functions
that can improve DNN performance. Among all the directions, trainable activation functions have gained
particular interest for their flexibility, expressive power, and adaptability during training. [11] propose the
adjustable generalized hyperbolic tangent function, which extends the classic hyperbolic tangent function
by introducing parameters to control the saturation level and slope of the function. [40] introduce the
parametric ReLU (PReLU), a variant of ReLU with a trainable parameter that adjusts the negative part of
ReLU. More recently, Kolmogorov-Arnold Networks (KANs) [69] employ trainable activation functions
on edges, with nodes simply summing all the incoming activations. Interestingly, the differentiable soft
quantizers in our JPEG layer can be interpreted as trainable activation functions whose input is the DCT
representations of images. These trainable soft quantizers effectively introduce additional nonlinearity to
DNN models, thus improving their expressive power.

4.3 JPEG-DL: JPEG Inspired DL

4.3.1 Problem Formulation

In the JPEG pipeline, an RGB image x ∈ R3×W×H is first converted to the YCbCr color space and then
partitioned into B non-overlapping 8× 8 blocks, where DCT is applied to each of these blocks to obtain
the corresponding DCT coefficients. For each color channel, the DCT coefficients in each block are then
flattened following the zigzag order, resulting in M = 64 frequency positions ordered from low frequency
to high frequency. Therefore, we denote the DCT coefficients of the image x as z = [zl,m,n], where
l = 1, 2, 3 corresponds to the color channel Y, Cb and Cr respectively, 1 ≤ m ≤ M is the index for
frequency position, and 1 ≤ n ≤ B is the index for block. Up to this point, all operations involved are
differentiable. Next, quantization tables QY = [q1, q2, . . . , qM ] and QC = [qM+1, qM+2, . . . , q2M ] are
used for the luminance (Y) and chrominance (CbCr) channels respectively to quantize their DCT coeffi-
cients. Following uniform quantization, we obtain quantized DCT coefficients ẑl,m,n = ⌊zl,m,n/qm⌉ · qm
for l = 1, and ẑl,m,n = ⌊zl,m,n/qM+m⌉ · qM+m for l = 2, 3. Note that quantization is non-differentiable
due to the use of the rounding operation. Finally, inverse operations including blockwise inverse DCT
(IDCT) transform, blocks merging and YCbCr-to-RGB color space conversion are conducted over ẑ se-
quentially to obtain the reconstructed RGB image x̂. Similar to their forward counterparts, all these inverse
operations are differentiable. Denoting the composition of all the above operations as J , we then have
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x̂ = J (x;Q), where Q = (QY , QC). Hereafter, the mapping J stands for the JPEG encoding-decoding
operation.

In supervised learning, each x ∈ X corresponds to a ground truth label y ∈ Y . Let fθ represent a DNN
model with trainable weights θ, and let L denote the loss function used to train this DNN. In standard DL,
the primary objective is to solve the following minimization problem:

min
θ

E[L(fθ(x), y)]. (4.1)

In contrast, JPEG-DL tries to improve the performance of DNN by jointly training it with the JPEG
operation. As a result, the formulation should be instead:

min
θ,Q

E[L(fθ(J (x;Q)), y)]. (4.2)

However, in order to solve (4.2) with gradient descent, the key challenge is caused by the non-differentiable
quantization operation, which makes the gradients w.r.t. Q almost zero everywhere. To address this is-
sue, we will introduce a differentiable soft quantizer (Qd) in the next subsection, replacing the uniform
quantizer (Qu) used in J .

4.3.2 Differentiable Soft Quantizer

Denote the index set of uniform quantization as

A = {−L,−L+ 1, . . . , 0, . . . , L− 1, L}. (4.3)

For convenience, A is also regarded as a vector of length 2L+ 1. Multiplying A with a quantization step
size q, we get the corresponding reconstruction space

Â = q × [−L,−L+ 1, . . . , 0, . . . , L− 1, L]. (4.4)

Again, we will regard Â as both a vector and a set.

To randomly quantize a DCT coefficient z to an element in Â, we invoke from [132] a trainable
conditional probability mass function (CPMF) Pα(·|z) over the reconstruction space Â or equivalently
the index set A given z, where α > 0 is a trainable parameter:

Pα(iq|z) =
e−α(z−iq)2∑

j∈A e−α(z−jq)2
, ∀i ∈ A. (4.5)

Extend z to a vector of length 2L+ 1, i.e., [z]2L+1 = [

2L+ 1 times︷ ︸︸ ︷
z, . . . , z ]. Then, the CPMF Pα(·|z), regarded

as a vector of length 2L+ 1, can be easily computed via the softmax operation σ(·):[
Pα(·|z)

]
2L+1

= σ
(
− α×

([
z
]
2L+1

− Â
)2 )

. (4.6)
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With the CPMF Pα(·|z), z is now quantized to each iq ∈ Â with probability Pα(iq|z). Note that as
α → ∞, Pα(·|z) approaches an one-hot vector with probability 1 at the nearest point to z in Â and 0
elsewhere. Therefore, the resulting random quantizer effectively functions as the deterministic uniform
quantizer Qu(z) = ⌊z/q⌉ · q.

Based on the CPMF Pα(·|z), we can now define a differentiable soft quantizer Qd as the conditional
expectation of iq given z, i.e.,

Qd(z) = E[iq|z] =
∑
i∈A

Pα(iq|z) · iq. (4.7)

Similarly, as α → ∞, Qd also goes to Qu. Fig. 4.2 shows how the shape of Qd varies w.r.t α, given a
fixed q.

This soft quantizer Qd serves as an analytical proxy for Qu. It’s differentiable everywhere, allowing
gradients to flow through it smoothly. More importantly, compared to Qu, Qd involves a trainable param-
eter α which can adjust the softness of the quantizer, thereby introducing more flexibility. In view of these
nice properties, Qd is the ideal candidate in place of Qu used in J .

As a side note, for the reader who is not familiar with quantization, but familiar with the attention
operation used in transformer models [119], Qd can be regarded as an attention operation in broad sense,
with the query being z, the key and value being Â, and the similarity metric between the query and key
being negative squared distance instead of dot product.

4.3.3 Overall Framework of JPEG-DL

Substituting Qu in J with Qd, we get a differentiable JPEG layer Ĵ parameterized by Q and α, where
α = (αY ,αC). αY = [α1, α2, . . . , αM ] and αC = [αM+1, αM+2, . . . , α2M ] are α tables for the
luminance and chrominance channels respectively, used in conjunction with QY and QC to quantize DCT
coefficients. Following the proposed soft quantization, we obtain quantized DCT coefficients ẑl,m,n =
Qd(zl,m,n; qm, αm) for l = 1, and ẑl,m,n = Qd(zl,m,n; qM+m, αM+m) for l = 2, 3, where Qd(z; q, α)
denotes a differentiable soft quantizer defined in (4.7) parameterized by a quantization step q and a scaling
factor α. Overall, for an input image x, we have x̂ = Ĵ (x;Q,α). Therefore, we can rewrite (4.2), the
JPEG-DL formulation, as

min
θ,Q,α

E[L(fθ(Ĵ (x;Q,α)), y)], (4.8)

where the expectation can be approximated by the empirical mean over a mini-batch in actual training.
Thanks to the use of Qd, (4.8) can now be solved by gradient descent with ease. The derivation will be
shown for the derivative analytical formulas in Section 4.3.4.

After training with JPEG-DL, we get the optimized parameters θ∗, Q∗ and α∗. Then, we consider
the composition of the JPEG layer and the underlying DNN as a unified DNN model f̂(x; θ∗, Q∗,α∗) =
fθ∗(Ĵ (x;Q∗,α∗)) to do validation. Concretely, any raw input x should be fed into Ĵ , instead of directly
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to fθ∗ , thus allowing the reconstructed image x̂ to be fed into the underlying DNN fθ∗ . In other words,
the JPEG layer is prepended as the first layer of any underlying DNN.

To conclude this section, we refer readers to Fig. 4.1a and Fig. 4.1b for an illustration of the inner
workings of the JPEG-DL framework.
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Figure 4.2: Illustration of Qu vs. Qd with α = 1, 3, 5, 10, where L and q are set to 3 and 1,
respectively.
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4.3.4 Partial Derivatives of Qd

With the CPMF Pα(·|z) shown in (4.6), z is now quantized to each ẑ ∈ Â with probability Pα(ẑ|z).
Denote this random mapping by

ẑ = Qp(z). (4.9)

Note that given z, ẑ is a random variable taking values in Â with distribution Pα(·|z).

Quantization Step and Input

The partial derivatives of Qd(z) w.r.t. q and z are obtained as

∂Qd(z)

∂z
= 2αVar

{
Qp(z)

}
, (4.10a)

∂Qd(z)

∂q
=

1

q

(
E
{
Qp(z)

}
+ (2αz)Var

{
Qp(z)

}
− (2α)Skewu

{
Qp(z)

})
, (4.10b)

where for any random variable V ,

Skewu(V )
∆
=
∑
v

v3PV (v)−
(∑

v

vPV (v)
)(∑

v

v2PV (v)
)
.

Scaling Factor α

The partial derivatives of Qd(Z) w.r.t. α obtained as

∂Qd(z)

∂α
=

∂
∑

i∈A iqPα(iq|z)
∂α

=
∑
i∈A

iq
∂Pα(iq|z)

∂α
(4.11)

∂Pα(iq|z)
∂α

=
−(z − iq)2e−α(z−iq)2∑

j∈A e−α(z−jq)2
+

e−α(z−iq)2
∑

j∈A(z−jq)2e−α(z−jq)2

(
∑

j∈A e−α(z−jq)2)2

= Pα(iq|z)
∑
j∈A

(z − jq)2Pα(jq|z)− (z − iq)2Pα(iq|z) (4.12)
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Plugging (2) in (1) yields

∂Qd(z)

∂α
=
∑
i∈A

iqPα(iq|z)
∑
j∈A

(z − jq)2Pα(jq|z)−
∑
i∈A

iq(z − iq)2Pα(iq|z)

= E{Qp(z)}E{(z −Qp(z))
2} − E{Qp(z)(z −Qp(z))

2}
= −Cov{Qp(z), (z −Qp(z))

2} (4.13)

To gain a better understanding, we fix q and b, and analyzed how ∂Qd(z)
∂α behaves for different values

of α. From Fig. 4.3, it is evident that the gradient magnitude decreases as α increases. This indicates
that Qd approaches the shape of the uniform quantizer Qu, as shown previously in Fig. 4.2, leading to a
reduction in the gradient magnitude for α. As a result, when α becomes sufficiently large, the gradient
approaches zero, effectively preventing further updates to α, making it act as a non-trainable parameter at
a certain point of the training process. Based on this observation and verified experimental results, we opt
not to train α for simple image classification tasks like CIFAR-100 and fine-grained datasets, as it does
not impact the overall performance.
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Figure 4.3: This Figure illustrates the partial derivatives of Qd(z) w.r.t. the scaling factor α,
where b = 3 and q = 1.

Gradient Scaling

Figures 4.4a and 4.4b demonstrate the impact of varying α and q on the gradient magnitude of Qd(z)
with respect to q. As observed, decreasing the value of q while keeping α constant leads to a decrease in
the gradient magnitude. Similarly, decreasing the value of α while maintaining a fixed q also results in
a reduction of the gradient magnitude. To address the instability in updating the trainable parameters Q,
we propose utilizing α to regulate the magnitude of ∂Qd(z)

∂q , as illustrated in Figure 4.4b. By leveraging
this control mechanism of adjusting α, we can stabilize the magnitude of the gradients that update q. This
behavior suggests a relationship between q and α in controlling the gradient magnitude of Qd(z).
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To explore the relationship between α and q, we refer to the exponent in (4.5), α(z − iq)2, which
can be rewritten by expressing z = cq, resulting in the form αq2(c − i)2. From this, we define a new
term, ℏ = αq2, referred to as the Gradient Scaling Constant. To further illustrate this relationship, in Fig.
4.5, we set ℏ = 2, and by selecting different pairs of α and q values, we demonstrate that the maximum
magnitude of ∂Qd(z)

∂q remains invariant. This confirms that the gradient magnitude can be effectively
controlled by adjusting α based on the last updated value of q, according to the specified ℏ value. This
adjustment allows for controlled quantization updates, reducing the potential instability during training.
Moreover, by controlling the gradient magnitude, we simplify the optimization process, enabling the use
of a single learning rate for all q values by using the SGD optimizer, instead of the ADAM optimizer. This
gradient scaling mechanism is analogous to the ADAM optimizer, which adapts different learning rates
for individual trainable parameters based on momentum and recent gradient magnitudes.
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Figure 4.4: Figures 4.4a and 4.4b illustrate the partial derivatives of Qd(z) w.r.t. the parameter q
for cases where α = 8 and q varies, and α varies and q = 2, respectively. For both figures, we
set b = 6.

4.4 Experiments

4.4.1 Experimental Setup

Datasets

ImageNet-1K. For all experiments on this dataset, we utilize the standard training recipes shown by [89]
without any modifications. We use SqueezeNet [49], ResNet-18 and ResNet-34 as our testing underlying
models.
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Figure 4.5: Demonstrating impact of ℏ on gradient magnitude for various combinations of q and
α. We fixed ℏ=2 and b=6.

CIFAR-100. We evaluate our proposed method using a transformer-based architecture and four state-
of-the-art convolutional neural networks (CNNs): EfficientFormer-L1 [63], ResNet [41], VGG [104],
MobileNet [102], and ShuffleNet [73]. For ResNet, we employ CIFAR-specific versions: ResNet32,
ResNet56, and ResNet110. For VGG, we utilize VGG8 and VGG13. All CNN architectures follow the
training recipe from CRD [114], while for the transformer-based architecture, EfficientFormer-L1, we
adhere to the setup proposed by [127].

Fine-grained Tasks. These tasks involve visually similar classes and typically feature fewer training
samples per class compared to conventional classification tasks. We evaluate our method on four datasets:
CUB-200-2011 [120], Stanford Dogs [51], Flowers [85], and Pets [87]. For CNN architectures, we em-
ploy PreAct ResNet-18 [41] and DenseNet-BC [46], following the experimental setup and architecture
modifications of [142]. For the transformer-based architecture, we use EfficientFormer-L1, adopting the
setup outlined by [127].

Trained Model Setups

CNN-based Architectures Setting. For CIFAR100, we deploy a stochastic gradient descent (SGD) opti-
mizer with a momentum of 0.9, a weight decay of 0.0005, and a batch size of 64. We initialize the learning
rate as 0.05, and decay it by 0.1 every 30 epochs after the first 150 epochs until the last 240 epochs. For
MobileNetV2, ShuffleNetV1 and ShuffleNetV2, we use a learning rate of 0.01 as this learning rate is
optimal for these models in a grid search, while 0.05 is optimal for other models. For fine-grained clas-
sification tasks, all networks are trained from scratch and optimized by SGD with a momentum of 0.9,
weight decay of 0.0001, and an initial learning rate of 0.1. The learning rate is divided by 10 after epochs
100 and 150 for all datasets, and the total epochs are 200. We set batch size 32 for these fine-grained
classification tasks. We use the standard data augmentation technique for ImageNet [24], i.e., flipping and
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random cropping. This experimental setup is also outlined by [139]. For Fine-grained datasets, we use
standard ResNet-18 with 64 filters and DenseNet-121 with a growth rate of 32 for image size 224× 224.
For fine-grained classification tasks, we use PreAct ResNet-18 [41], which modifies the first convolutional
layer with kernel size 3×3, strides 1 and padding 1, instead of the kernel size 7×7, strides 2 and padding
3, for image size 32 × 32 by following [142]. We use the DenseNet-BC structure [46], and the first con-
volution layer of the network is also modified in the same way as in PreAct ResNet-18 for image size
32× 32.

Transformer-based Settings. In this section, we compare the performance of JPEG-DL compared to
its baseline using the EfficientFormer-L1 model [63] on CIFAR-100, as well as two fine-grained datasets,
Flowers and Pets. We followed the experimental setup described by [127], adhering to the same config-
urations mentioned in Table 4.1. The learning rate was set to 0.003 for CIFAR-100 and 0.005 for the
fine-grained tasks.

Table 4.1: Hyper-parameter setting on EfficientFormer-L1.

Settings CIFAR-100 Pets Flowers

batch size 512 512 512
warmup epochs 50 100 100
training epochs 300 600 600

JPEG-layer Settings

CIFAR-100 and fine-grained tasks. To train our JPEG layer, we first study the gradient nature of Qd

with respect to q and α in (4.5) by changing one parameter and fixing the other. Both q and α are sharable
parameters among different numbers of blocks per image. During the calculation of the gradient of Qd

with respect to α, our analysis shows that when α is sufficiently large, such that Qd is not too far from
Qu, the gradient magnitude for α is almost zero, as shown in Section 4.3.4. This indicates that α will not
be updated effectively if initialized within a reasonable range. Experiments also confirmed that making
α trainable does not significantly impact model performance. As a result, we choose not to train α in
our framework. However, when we explore the calculation of the gradient of Qd with respect to q, the
accumulated gradient received from different blocks per image during backpropagation results in unstable
gradient magnitudes at a fixed value of α, as shown in our analysis in Section 4.3.4. To address this, we
use the ADAM optimizer, which adapts the learning rate for each trainable parameter q in our JPEG layer,
enabling more efficient training and better convergence. For CIFAR-100, we set the learning rate to 0.003
across all tested models. For the fine-grained datasets, we set the JPEG learning rate to 0.005. Across
these datasets, we fix αm = 5 for all 1 ≤ m ≤ 2M , and set L = 2b−1 in (4.3), where b is a tunable
hyperparameter set to 8.

ImageNet-1K. We will utilize specific settings to control the gradient magnitude to ensure more stable
updates for Q. We define the Gradient Scaling Constants ℏm = αmq2m, 1 ≤ m ≤ 2M , which allows us
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to control the magnitude of gradients w.r.t Q. Specifically, we fix ℏm = 0.7 for all 1 ≤ m ≤ 2M .
During training, we update the value of αm to be ℏm/q2m before calculating the gradients w.r.t Q. As a
result of controlling the maximum gradient magnitude, we can optimize Q using an SGD optimizer with
0.5 learning rate, instead of an ADAM optimizer. This approach ensures stable and efficient training for
quantization table updates (see Subsection 4.3.4). For this dataset, b is equal to 11 across all tested models.

Quantization Table Initialization. For CIFAR-100 and fine-grained tasks, we initialize the quanti-
zation table Q based on the reciprocal of sensitivity for each DCT frequency, given a pre-trained model of
the underlying DNN architecture, following the approach described by [101, 144]. Broadly speaking, the
sensitivity of a frequency indicates the rate of change of the loss function w.r.t. the perturbation on this
frequency, so we favor a smaller quantization step for a more sensitive frequency to limit the distortion
amount on it. This sensitivity-based initialization is applied only to CNN architectures. For transformer-
based models, we found that initializing all quantization steps to one—corresponding to the highest JPEG
quality—consistently yielded the best performance. For ImageNet-1K, we adopt the strategy from [29],
where the initialization of qm is based on the average of absolute values of DCT coefficients across all
blocks in all training images that will be quantized by qm. Specifically,

qm =
2
∑N

k=1

∑B
n=1

∣∣∣z(k)1,m,n

∣∣∣
NB
√
2b−1

for 1 ≤ m ≤M (i.e., QY ),

and

qm =

∑N
k=1

∑3
l=2

∑B
n=1

∣∣∣z(k)l,m,n

∣∣∣
NB
√
2b−1

for M + 1 ≤ m ≤ 2M (i.e., QC),

where k is the index for the image, and N is the number of training images.

Table 4.2: Top-1 validation accuracy (%) for Baseline and JPEG-DL on CIFAR-100. The Base-
line results are from [114]. For JPEG-DL, we report the mean and standard deviation of experi-
mental results over three runs.

Method Res32 Res56 Res110 VGG8 VGG13 MobileNetV2 ShuffleNetV2

Baseline 71.14 72.34 73.79 70.36 73.77 64.6 71.82
JPEG-DL 71.92±0.31 (+0.78) 73.39±0.19 (+1.05) 74.46±+0.11 (+0.67) 71.10±+0.41 (+0.74) 75.32±0.10 (+1.55) 65.91±0.11 (+1.31) 73.04±0.16 (+1.22)

4.4.2 Experimental Results

CIFAR-100 and Fine-grained tasks Results. The performance of JPEG-DL is reported in Tables 4.2
and 4.3 for CNN models. Across all seven tested architectures on CIFAR-100, JPEG-DL consistently
improves top-1 accuracy over its baseline, with gains of up to 1.53%. For fine-grained classification tasks,
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Table 4.3: Top-1 validation accuracy (%) on various fine-grained image classification tasks and
model architectures. We report the mean and standard deviation of experimental results over
three runs.

Model Method CUB-200 Dogs Flowers Pets

ResNet-18

Baseline 54.00±1.43 63.71±0.32 57.13±1.28 70.37±0.84

Balle et al. [4] 50.78±2.21 (-3.22) 53.47±7.37 (-10.24) 55.46±0.59 (-1.67) 56.14±17.16 (-14.23)
Shin & Song [103] 55.34±0.14 (+1.34) 63.03±0.56 (-0.68) 55.78±1.44 (-1.35) 71.45±1.01 (+1.08)
Esser et al. [29] 51.58±0.18 (-2.42) 60.45±0.23 (-3.26) 58.04±0.58 (+0.91) 68.81±0.55 (-1.56)

JPEG-DL 58.81±0.12 (+4.81) 65.57±0.37 (+1.86) 68.76±0.57 (+11.63) 74.84±0.66 (+4.47)

DenseNet-121

Baseline 57.70±0.44 66.61±0.17 51.32±0.57 70.26±0.79

Balle et al. [4] 52.00±1.41 (-5.70) 60.07±6.41 (-6.54) 46.60±2.87 (-4.72) 61.91±1.88 (-8.35)
Shin & Song [103] 57.19±0.78 (-0.51) 66.90±0.13 (+0.29) 51.04±0.87 (-0.28) 69.95±1.21 (-0.31)
Esser et al. [29] 56.46±0.30 (-1.24) 64.89±0.12 (-1.72) 55.98±0.24 (+4.60) 69.58±0.59 (-0.68)

JPEG-DL 61.32±0.43 (+3.62) 69.67±0.58 (+3.06) 72.22±1.05 (+20.90) 75.90±0.68 (+5.64)

Table 4.4: Top-1 accuracy (%) on CIFAR-100 and two fine-grained image classification tasks
using EfficientFormer-L1. We report the mean and standard deviation of the experimental results
over three runs with different random seeds. The best results are indicated in bold, and values in
parentheses indicate relative accuracy gains over the baseline.

Model Method Accuracy (%)

CIFAR-100
Baseline 80.27±0.33

JPEG-DL 80.49±0.23 (+0.22)

Flowers
Baseline 69.78±0.33

JPEG-DL 73.05±0.12 (+3.27)

Pets
Baseline 65.52±1.23

JPEG-DL 69.28±0.42 (+3.76)

Table 4.5: Top-1 validation accuracy (%) on ImageNet with different model architectures.

Method SqueezeNetV1.1 Resnet18 Resnet34

Baseline 57.95 69.75 73.31
JPEG-DL 58.26 (+0.31) 70.13 (+0.38) 73.54 (+0.23)
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JPEG-DL achieves substantial improvements over its baseline, with accuracy gains reaching up to 20.90%
across all datasets using two different CNN models. For transformer-based models, Table 4.4 presents the
top-1 validation accuracy, further demonstrating the significant performance enhancements achieved by
JPEG-DL over the baseline.

Comparison with more Baselines. In Table 4.3, we have included comparisons against other base-
lines that employed JPEG quantization in the pipeline, but with heuristic approaches to handle the non-
differentiability and zero derivative problems of JPEG quantization. For example, Balle et al. [4] allow
optimization via stochastic gradient descent by replacing the quantizer with an additive i.i.d. uniform
noise, which has the same width as the quantization bins, where ẑ = z + q ∗ U(−0.5, 0.5). However,
during validation, they employed Qu using the trained quantization tables. Shin & Song [103] employ a
third-order polynomial approximation of the rounding function to make JPEG differentiable. The gradient
approximation through the round function is a key aspect of certain neural network approaches. [29]1 em-
ploy a straight-through estimator, originally proposed in [6], to achieve this approximation. This method
treats the round function as a pass-through operation during backpropagation, allowing for effective gradi-
ent estimation. Our experimental results demonstrate that we consistently outperform all tested baselines.
Even though these methods find a way to make the quantization differentiable, they still hurt the perfor-
mance. This is consistent with the well-known wisdom in the literature, which also shows that they did
not take advantage of the higher level of non-linearity introduced into DNN architectures, as proposed by
our JPEG-DL framework.

ImageNet-1K Results. The performance of JPEG-DL is shown in Table 4.5. With a trivial in-
crease in complexity (adding 128 parameters), JPEG-DL achieves a gain of 0.31% in top-1 accuracy
for SqueezeNetV1.1 compared to the baseline using a single round of Qd quantization operation. By
increasing the number of quantization rounds to five, we observe an additional improvement of 0.20%,
leading to a total gain of 0.51% over the baseline. The best results are indicated in bold, and values in
parentheses indicate relative accuracy gains over the baseline.

Fixing Hyperparamters across different datasets. In Table 4.6, we evaluate the difference between
the hyperparameters used for CIFAR-100 and the fine-grained task, where the only difference lies in the
learning rate. In the following setup, we present the results when a learning rate of 0.003 is applied to the
fine-grained dataset. We observe that the performance difference is marginal, and in some cases, we can
even achieve higher gains in model performance. This suggests that the choice of learning rate can have a
significant impact on the effectiveness of the model.
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Table 4.6: Top-1 validation accuracy (%) on various fine-grained image classification tasks and
model architectures. We report the mean and standard deviation of experimental results over
three runs.

Model Learning Rate CUB-200 Dogs Flowers Pets

ResNet-18
0.005 58.81±0.12 (+4.81) 65.57±0.37 (+1.86) 68.76±0.57 (+11.63) 74.84±0.66 (+4.47)
0.003 58.62±0.50 (+4.61) 65.45±0.17 (+1.74) 69.61±1.16 (+12.48) 74.90±0.82 (+4.53)

DenseNet-121
0.005 61.32±0.43 (+3.62) 69.67±0.58 (+3.06) 72.22±1.05 (+20.90) 75.90±0.68 (+5.64)
0.003 60.92±0.50 (+3.22) 69.53±0.49 (+2.92) 72.45±0.92 (+21.13) 75.83±0.64 (+5.56)

4.4.3 Comparison with JPEG-based Data Augmentation and Other Pre-
processing Methods

JPEG-based Data Augmentation. We have compared and implemented JPEG-based data augmentation
across three different sets, each with varying ranges of quantity factor (QF). For each tested range, we
randomly select a QF for each image within the mini-batch. These sets have been tested on fine-grained
datasets for all the models evaluated. Table 4.7 shows corresponding results for these tested sets. Consis-
tent with the common knowledge in the literature, JPEG-based data augmentation in general degrades the
accuracy performance.

Non-Learnable and Learnable Preprocessing Methods. We have tested the performance of non-
learnable and learnable preprocessing methods during training and validation across all tested models on
all tested fine-grained datasets, as demonstrated in Table 4.7. For non-learnable preprocessing, we have
considered applying denoising using a Gaussian kernel and histogram equalization for each image within
a mini-batch. As for the learnable one, we have compared it with [116] as a learnable resize module,
which has a bandpass nature in that it learns to boost details in certain frequency subbands that benefit the
downstream recognition models. We have applied the same setup mentioned in their paper, in which they
fine-tuned the model to achieve some improvement 2.

Impact of chrominance subsampling on JPEG-DL. In Table 4.7, we evaluate various subsampling
schemes for all tested models across all tested fine-grained datasets. Notably, although there is no clear
winner among different chroma subsampling methods, DNNs indeed respond to color information differ-
ently from human; color information is more important to DNNs than human since chroma subsampling

1We followed the experimental setup defined by Esser et al. [29] using Stochastic Gradient Descent (SGD)
with an initial learning rate of 0.01, adhering to the same learning rate decay schedule as the underlying model.
Additionally, we initialized Q by setting it to 2|Q|/

√
2b − 1 and implemented gradient scaling during training

mentioned in their paper. We also maintained consistency by using the same number of bits used by JPEG-DL.
2We have verified the correctness of our PyTorch implementation with the authors’ TensorFlow im-

plementation provided in https://colab.research.google.com/github/google-research/
google-research/blob/master/muller/muller_demo.ipynb.
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Table 4.7: JPEG-DL is compared to JPEG-based augmentation (orange), non-learnable (yellow),
and learnable preprocessing (blue) methods. JPEG-DL employs three different chrominance
subsampling schemes shown in green color. Top-1 validation accuracy (%) on various fine-
grained image classification tasks and model architectures. We report the mean and standard
deviation of experimental results over three runs. The best results are indicated in bold, and
values in parentheses indicate relative accuracy gains over the baseline.

Dataset Method ResNet-18 DenseNet-121

CUB-200

Baseline 54.00±1.43 57.70±0.44

Rand. QF [1:50] 52.86±0.69 (-1.14) 55.72±0.72 (-1.98)
Rand. QF [50:100] 54.53±0.41 (+0.53) 56.98±0.90 (-0.72)
Rand. QF [1:100] 53.91±0.43 (-0.09) 57.20±0.33 (-0.50)

Denoising 54.82±0.40 (+0.82) 56.02±1.00 (-1.68)
Equalization 49.00±0.31 (-5.00) 54.32±0.57 (-3.38)

Learnable Resize 54.98±0.19 (+0.98) 57.35±0.22 (-0.35)

JPEG-DL (4:2:0) 58.00±0.12 (+4.00) 60.55±0.71 (+2.85)
JPEG-DL (4:2:2) 58.11±0.10 (+4.11) 61.51±0.41 (+3.81)
JPEG-DL (4:4:4) 58.81±0.12 (+4.81) 61.32±0.43 (+3.62)

Dogs

Baseline 63.71±0.32 66.61±0.17

Rand. QF [1:50] 60.61±0.17 (-3.10) 64.93±0.17 (-1.68)
Rand. QF [50:100] 63.14±0.30 (-0.57) 66.97±0.18 (+0.36)
Rand. QF [1:100] 62.12±0.16 (-1.59) 65.59±0.54 (-1.02)

Denoising 62.52±0.41 (-1.19) 66.36±0.34 (-0.25)
Equalization 62.38±0.29 (-1.33) 67.12±0.19 (+0.51)

Learnable Resize 63.10±0.43 (-0.61) 67.90±0.32 (+1.29)

JPEG-DL (4:2:0) 65.57±0.31 (+1.86) 68.90±0.08 (+2.29)
JPEG-DL (4:2:2) 65.64±0.16 (+1.93) 69.85±0.78 (+3.24)
JPEG-DL (4:4:4) 65.57±0.37 (+1.86) 69.67±0.58 (+3.06)

Flowers

Baseline 57.13±1.28 51.32±0.57

Rand. QF [1:50] 58.33±0.48 (+1.20) 51.44±0.79 (+0.12)
Rand. QF [50:100] 55.98±0.89 (-1.15) 51.67±1.10 (+0.35)
Rand. QF [1:100] 57.55±0.66 (+0.42) 52.32±0.73 (+1.00)

Denoising 57.28±1.06 (+0.15) 50.37±0.79 (-0.95)
Equalization 60.56±0.98 (+3.43) 61.72±0.21 (+10.40)

Learnable Resize 57.41±0.48 (+0.28) 51.21±0.82 (-0.11)

JPEG-DL (4:2:0) 67.58±1.50 (+10.45) 68.01±1.17 (+16.69)
JPEG-DL (4:2:2) 67.75±1.19 (+10.62) 68.79±1.08 (+17.47)
JPEG-DL (4:4:4) 68.76±0.57 (+11.63) 72.22±1.05 (+20.90)

Pets

Baseline 70.37±0.84 70.26±0.79

Rand. QF [1:50] 69.71±0.54 (-0.66) 68.93±0.50 (-1.33)
Rand. QF [50:100] 70.00±0.57 (-0.37) 68.63±0.82 (-1.63)
Rand. QF [1:100] 69.52±0.62 (-0.85) 70.60±1.05 (+0.34)

Denoising 69.15±1.07 (-1.22) 69.03±1.13 (-1.23)
Equalization 73.00±0.79 (+2.63) 75.04±1.30 (+4.78)

Learnable Resize 70.04±0.72 (-0.33) 68.83±1.85 (-1.43)

JPEG-DL (4:2:0) 74.64±1.34 (+4.27) 76.21±0.35 (+5.95)
JPEG-DL (4:2:2) 74.81±0.51 (+4.44) 76.17±1.83 (+5.90)
JPEG-DL (4:4:4) 74.84±0.66 (+4.47) 75.90±0.68 (+5.64)
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formats 4:4:4 and 4:2:2, in general, give rise to better accuracy performance than the 4:2:0 subsampling
format which is adopted predominantly in the image and video coding.

4.5 Analysis and Discussion

Robustness. JPEG has generally been used as an empirical defense mechanism against adversarial attacks
by mitigating adversarial perturbations and enhancing the robustness of DNNs, as discussed in Section 4.2.
To evaluate the adversarial robustness of JPEG-DL models in comparison to standard DNN, we conduct
experiments using two attack methods, FGSM and PGD, on CIFAR-100 with two different models from
Table 4.2. The perturbation budget, Epsilon, ranged from 1 to 4 for both attack methods. For PGD, we
applied 5 steps with a perturbation step size of (2.5 × Epsilon)/steps, following the setup used by [74].
As shown in Fig. 4.6, the JPEG-DL models significantly improve the adversarial robustness compared to
the standard DNN models, with improvements of up to 15% for FGSM and 6% for PGD. We will show
some examples of the quantization tables used in this study in the next subsection.

Layer Replacement. We extend our evaluation of the JPEG-DL framework to include layer re-
placement, where we substitute the ReLU activation function with our JPEG layer in ResNet-18. This
replacement is implemented directly after the first convolution layer, which has 64 kernels and outputs a
feature map of 112x112. For this layer replacement, we did not perform any color space conversion and
added a quantization table with a size of 8x8 for each kernel output. We follow the experimental setup
mentioned in Section 4.4, except we use a learning rate of 0.001, α equal to 2, and b equal to 6 bits.
The performance of this approach is shown in the last row of the following table and is compared to the
performance of JPEG-DL when the JPEG layer is placed directly after the input layer shown in Fig. 4.1.
The results shown in Table 4.8 confirm that this new architecture, resulting from layer replacement with
the JPEG layer or inserting the JPEG layer directly after the Input Layer, indeed improves deep learning
performance by a significant margin, thereby showing the potential of new forms of nonlinear operation
in DNN architectures.

Table 4.8: Top-1 validation accuracy (%) on various fine-grained image classification tasks and
model architectures. We report the mean and standard deviation of experimental results over
three runs.

Method CUB-200 Dogs Flowers Pets

JPEG-DL (Input Layer) 58.81±0.12 (+4.81) 65.57±0.37 (+1.86) 68.76±0.57 (+11.63) 74.84±0.66 (+4.47)
JPEG-DL (1st Conv Layer) 59.27±0.04 (+5.27) 65.33±0.07 (+1.62) 72.10±1.46 (+14.97) 76.11±0.37 (+5.74)

Sensitivity and Designed Quantization Tables. Figure 4.7 presents the estimated sensitivity values
for all models considered in the CUB200 dataset and a subset of models used for CIFAR-100, as proposed
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Figure 4.6: Evaluate the adversarial robustness of JPEG-DL models in comparison to standard
DNN on VGG13 and Res56 for CIFAR-100 against FGSM and PGD attacks.

by authors in [101,144]. These estimated sensitivity values are used to initialize the quantization table for
JPEG-DL. Figures 4.9 and 4.8 presents the Y and CbCr quantization tables, both at initialization and after
convergence, for VGG13 trained on CIFAR-100 and ResNet-18 trained on the CUB200 dataset.

Feature maps visualization. Figure 4.10 presents the feature maps extracted after the first dense
block in DenseNet-121 for both the JPEG-DL model and the baseline model, trained on the CUB200
dataset using the same model from Table 4.3. The output of the feature maps at this stage is of size
56×56, and both sets are shown in the same sequence using the same original image. The example shown
was misclassified by the baseline model but correctly classified by the JPEG-DL model. As illustrated, the
feature maps from the JPEG-DL model exhibit significantly better contrast between the foreground object
(the bird) and the background. In particular, the foreground is enclosed within a well-defined contour,
making it visually distinct from the background. In contrast, the baseline model’s feature maps display
a more blended structure, where the foreground contains higher energy in low-frequency components,
causing it to merge more smoothly with the background. Figure 4.11 shows a similar phenomenon using

70



1 16 31 46 61
Frequency Index

0

1

2

3

Se
ns

tiv
ity

1e 8
Y channel
Cb Channel
Cr Channel

(a) ResNet18

1 16 31 46 61
Frequency Index

0

1

2

3

Se
ns

tiv
ity

1e 8
Y channel
Cb Channel
Cr Channel

(b) DenseNet-121

1 16 31 46 61
Frequency Index

0.0

0.5

1.0

Se
ns

iti
vi

ty

1e 9
Y channel
Cb channel
Cr channel

(c) VGG13

1 16 31 46 61
Frequency Index

0.0

2.5

5.0

7.5

Se
ns

iti
vi

ty
1e 8

Y channel
Cb channel
Cr channel

(d) Res56

1 16 31 46 61
Frequency Index

0.0

0.5

1.0

1.5

Se
ns

iti
vi

ty

1e 9
Y channel
Cb channel
Cr channel

(e) ShuffleNetV2

Figure 4.7: The estimated sensitivity is shown for two pre-trained models on the CUB200 (first
row) and three pre-trained models on the CIFAR-100 (second row), with sensitivity indices ar-
ranged in the default zigzag order.

a second example from the Flowers dataset, trained with the model configuration in Table 4.3. In this
case, the JPEG-DL model not only enhances foreground-background separation but also more effectively
suppresses irrelevant background information. These discrepancies in feature map clarity and contrast are
propagated through subsequent blocks of DenseNet-121, eventually contributing to the misclassification
problem observed in the baseline model.

Interpretability using CAM. Fig. 4.12 illustrates GradCAM++ visualizations [10] for two examples
from the CUB-200 dataset, comparing the baseline model with JPEG-DL using ResNet-18 as our under-
lying model. In both instances, the baseline model incorrectly classifies the input, while the JPEG-DL
model correctly classifies it. The visualizations highlight how JPEG-DL focuses more precisely on the
main object in the image, demonstrating the model’s improved attention to key regions that contribute to
correct classification. This highlights the effectiveness of JPEG-DL in enhancing model interpretability
and performance, and it also supports the case for background removal discussed in the previous subsec-
tion.

Mitigating the Inference Overhead of Differentiable Soft Quantizers. The reconstruction space Â
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Figure 4.8: Initial and final quantization tables for Res56 trained on CIFAR-100 and DenseNet-
121 trained on CUB200, with frequency indices arranged in the default zigzag order.

is configured with a specific size, determined by the parameter L, which is set to 2b−1, as mentioned in
Section 4.4. For CIFAR-100 and Fine-grained datasets, b is set to 8 bits, resulting in a reconstruction space
length of 513. For ImageNet-1K, b is set to 11 bits, resulting in a length of 2047. This high dimensionality
of the reconstruction space poses a computational challenge during inference when calculating the condi-
tional probability mass function (CPMF) Pα(·|z). To address this, the support of each CPMF is restricted
to the five closest points in Â to the coefficient z being quantized. This simplification, referred to as the
masked CPMF, significantly reduces computational complexity without compromising the effectiveness
of the quantization scheme Qd.

Figure 4.13 demonstrates the rapid decay of probability mass in CPMFs as the reconstruction level
ẑ deviates from the quantized value the uniform quantizer Qu(z). The setM, consisting of five recon-
struction levels centered around Qu(z), captures a significant portion of the total probability mass, even
in extreme cases where the quantization step q and the parameter α are very small. This observation
suggests that restricting the CPMF support to M (masked CPMF) is a valid simplification. Instead of
computing the full-space CPMF with length 2L+ 1, we can efficiently calculate the masked CPMF with
length 5 using softmax onM. The impact of this simplification on the quantization scheme Qd is negli-
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Figure 4.9: Initial and final quantization tables for VGG13 trained on CIFAR-100 and ResNet18
trained on CUB200, with frequency indices arranged in the default zigzag order.

α
Qd(z = 0.5)

Full Space Masked ∆

1 0.5 0.5027 0.0027

3 0.5 0.5 5.96e-08

5 0.5 0.5 5.96e-08

10 0.5 0.5 0

Table 4.9: Qd(z = 0.5; q = 1, α) values resulting from the full-space CPMF and the masked
CPMF at different α, alongside the absolute difference ∆ between the full-space and masked
cases.
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(a) Baseline (b) Input (c) JPEG-DL

Figure 4.10: Feature maps of size 56×56 are shown after the first dense block in DenseNet-121
for both JPEG-DL and baseline models Figs. in 4.10a and 4.10c, respectively, using an original
input shown in Fig.4.10b. The JPEG-DL model highlights the foreground (bird) more distinctly,
while the baseline model shows less contrast, contributing to its misclassification.

(a) Baseline (b) Input (c) JPEG-DL

Figure 4.11: Feature maps of size 56×56 are shown after the first dense block in DenseNet-
121 for both JPEG-DL and baseline models in Figs. 4.11a and 4.11c, respectively, using an
original input shown in Fig. 4.11b. The JPEG-DL model highlights the foreground (flower) more
distinctly, while the baseline model shows less contrast, contributing to its misclassification.
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(a) Baseline (b) JPEG-DL (c) Baseline (d) JPEG-DL

Figure 4.12: GradCAM++ visualization for baseline and JPEG-DL models on CUB200 using
two examples, where the baseline model incorrectly classified them and the JPEG-DL model
correctly classified them.
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Figure 4.13: Partial visualization of CPMFs Pα(·|z = 0.5) computed using (4.6), with L = 1023,
q = 1, and α values of (a) 1, (b) 3, (c) 5, and (d) 10. The reconstruction levels between two red
dashed lines representM.
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Inference Settings
Inference Inference

time (milliseconds) Throughput (img/sec)

Baseline 5.46 180.65
JPEG-DL (Masked CPMFs) 7.43 133.79
JPEG-DL (Full Space) 18.86 52.37

Table 4.10: Comparison of inference time between different inference settings measured for
Resnet18 on ImageNet, following the experimental setup mentioned in Section 4.4. Evaluation
is conducted on a single NVIDIA RTX A5000 GPU.

gible, particularly for high values of α, as shown in Table 4.9. Therefore, using the masked CPMF in our
implementation is a justified simplification that significantly reduces computational complexity without
compromising accuracy.

Specifically, Fig. 4.13 illustrates how fast the probability mass of a reconstruction level ẑ decays in
CPMFs as ẑ deviates from the uniform quantizerQu(z). It’s clear that the setM = {Qu(z)−2q,Qu(z)−
q,Qu(z),Qu(z) + q,Qu(z) + 2q} of reconstruction levels retain a total probability mass close to 1, even
in an adversarially chosen scenario where both q and α are extremely small3 (i.e., 1) and the coefficient
C being quantized lies exactly at a quantization threshold. Therefore, instead of computing the full-space
CPMF with length 2L+1 following (4.6), we only conduct softmax onM to get the masked CPMF with
length 5. The error in Qd caused by this masking is negligible as shown in Table 4.9, especially in the
high α case. Therefore, it’s totally justified to simplify the full-space CPMF to the masked CPMF in our
implementation.

Table 4.10 presents a comparison of inference time and throughput between the standard model and
our unified model, which incorporates the JPEG layer with the underlying model. The inference times for
both the full-space CPMF and the masked CPMF are measured. The reported inference time is averaged
across the entire validation set of ImageNet using Resnet18 from Table 4.5. These results demonstrate
the effectiveness of the proposed approach in addressing the computational complexity of the JPEG-DL
framework.

4.6 Chapter Summary

In contrast to the conventional understanding that JPEG compression negatively impacts the DL perfor-
mance, this chapter introduces a novel trainable JPEG compression layer into the DL pipeline to improve
DL performance, termed JPEG-DL. This layer enables gradient-based optimization for quantization pa-
rameters and can be integrated seamlessly with any underlying DNN to be trained jointly. To validate

3As q and α increase, the CPMF becomes even sharper, and as a result, M will capture increasingly higher
probability mass.
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the effectiveness of JPEG-DL, we conduct extensive experiments on six image classification datasets and
show significant gains over the standard DL. Additionally, we demonstrate that JPEG-DL improves the
adversarial robustness of the learned model.
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Chapter 5

A Coded Knowledge Distillation
Framework Based on Adaptive JPEG
Encoding

This chapter introduces a novel framework for knowledge distillation (KD), termed coded knowledge dis-
tillation (CKD), which enhances student model generalization by mitigating the overconfidence of large
teacher models. Unlike conventional KD, where the student mimics the teacher’s response to raw in-
puts, CKD introduces a coded teacher that processes adaptively compressed inputs using JPEG encoding.
This adaptive compression is guided by a new selection mechanism that ensures the compressed input
maintains classification correctness while reducing output confidence, thereby producing more informa-
tive supervision signals. Experimental results across multiple datasets and architectures demonstrate that
CKD consistently improves student accuracy, outperforming standard KD and other perturbation-based
methods. Furthermore, CKD integrates effectively with various knowledge transfer techniques, offering
a scalable and efficient solution for model compression and deployment in resource-constrained environ-
ments.

The journal version of this chapter is available in [98].

5.1 Introduction

Recent advances in many computer vision tasks have been mainly obtained by deep neural networks
(DNNs) that are large in size, and therefore require high computation and memory during inference [3,44].
Consequently, there has been a surge of research endeavors focused on developing techniques to reduce
the size of DNNs, enabling their practical implementation on devices with limited resources.
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One promising approach to creating smaller and more efficient DNNs is knowledge distillation (KD).
In KD, a small DNN (student) is trained to mimic the behavior of a pre-trained large DNN (teacher)
so that the trained student can generalize in a way similar to the teacher [44]. Followed by [44], many
researchers tried to understand why distillation works [76,93,137], and proposed to distill different forms
of knowledge from the teacher model. These forms include, for example, (i) the output probability vector
response [42, 44, 80, 145], (ii) feature maps [43, 52, 96, 114, 117, 138, 140], and (iii) relationships between
different layers [86, 90].

Despite achieving significant success, we notice that due to its typically large size, the teacher is
often susceptible to overfitting the training set [37, 83, 105]. In other words, for most training samples,
the teacher’s output probability vector closely resembles a one-hot vector, where the sole non-zero entry
corresponds to the correct class label. This characteristic impedes the teacher model’s ability to generalize
effectively for unseen samples, thereby diminishing its capacity to support the student in achieving good
generalization.

This chapter aims to tackle the aforementioned issue without resorting to retraining the teacher model.
Instead, our approach focuses on inputting nonlinearly processed samples into the pre-trained teacher
model to obtain improved and more generalizable output probability vectors. These vectors are then
passed to the student model during the distillation process. To fulfill this goal, each training sample is first
adaptively compressed and then fed into the pre-trained teacher model so that the following two conditions
are satisfied:

• Condition (I): If the teacher correctly classifies the original sample, the adaptively compressed
sample is also correctly classified.

• Condition (II): The output probability vector in response to the adaptively compressed sample is
not as close to the one-hot probability vector as the output probability vector in response to the
original sample.

During the distillation process, instead of passing the output probability vector of the teacher in re-
sponse to the original sample, we pass the output probability vector of the teacher in response to the
adaptively compressed sample to the student. Since generating a compressed sample involves an encod-
ing process, we refer to such a modified KD framework as coded knowledge distillation (CKD), and the
corresponding modified teacher as a coded teacher. In other words, compared to the teacher in KD, the
coded teacher in CKD has an additional adaptive encoding layer in the front which encodes adaptively an
input image into a compressed version and then feeds the compressed image into the teacher. In CKD, the
student is trained to mimic instead the behavior of a coded teacher.

How would each original input image x be adaptively encoded by the coded teacher? In this chap-
ter, we shall apply JPEG. As a popular lossy compression technique, JPEG in its primitive form uses
the quality factor (QF) parameter q ∈ Q to establish a trade-off between human-perceived quality and
compression ratio (CR) [91]. Different QF values q result in different compressed images x̂. The coded
teacher then adaptively selects a suitable q for each input image x, which is optimal in some sense, and
then uses JPEG to encode x. The contributions of the paper are summarized as follows:
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• We present a new KD framework, dubbed as CKD, in which an additional adaptive encoding layer
is introduced before the teacher, resulting in a coded teacher, for the purpose of generating better,
more generalizable output probability vectors to be passed to the student model during the distilla-
tion process.

• Within our proposed CKD framework, an adaptive encoding method in conjunction with JPEG is
presented and justified.

• We show by experiments that in comparison with KD, CKD along with the proposed coded teacher
can achieve better performance. This improvement is particularly evident when tested on the Im-
ageNet and fine-grain image classification datasets. Notably, on the CUB200-2011 and Stanford
Dog datasets, we observed a significant percentage gain of 3.7% and 12.08%, respectively.

• In addition, further experiments on CIFAR-100 illustrate that the proposed coded teacher can also
be used in conjunction with many other existing knowledge transfer methods—including FitNet
[96], FSP [138], FT [52], CC [90], SP [117], AB [43], and RKD [86]—to improve validation
accuracy. We show that the gain of such a combination can be up to 5% over the underlying
knowledge transfer method compared to TALD [84].

5.2 Related Work

• Knowledge distillation. KD aims to distill the knowledge learned by a complex teacher model into
a smaller student model, allowing the student model to achieve performance comparable to that of the
teacher model while being computationally more efficient. To achieve this, the student loss function typ-
ically comprises a conventional cross-entropy term combined with an additional component representing
the knowledge distilled from the teacher model throughout the training process. In its original form, KD
involves minimizing the KL-divergence between the output probability vector of the teacher and that of
the student model, where the output probability vector of the teacher is the knowledge passed to the stu-
dent. Since the seminal paper by Hinton [44], many different forms of knowledge from the teacher have
been investigated and passed to the student. Below, we briefly discuss some of them, with a specific focus
on those that we later compare our method to in our experiments.

• Intermediate-level distillation. The intuition behind intermediate-level KD is to exploit the rich rep-
resentations learned by the teacher model at different layers of its architecture. A pioneering work in
this realm is FitNets [96], where the authors suggested using the responses from multiple intermediate
hidden layers of the teacher, referred to as hints, to distill knowledge into the student model. Inspired by
this work, in attention transfer (AT) [140], the attention maps generated by the teacher model guide the
student to learn similar attention patterns. On the other hand, factor transfer (FT) [52] presents a differ-
ent approach where transportable features are extracted using convolutional operations to paraphrase the
teacher’s knowledge. In another approach, Heo et al. [43] focus on transferring knowledge by matching
the activation boundaries (AB) formed by hidden neurons between a teacher and a student model. The
activation boundaries refer to the regions in the input space where the teacher model’s activations change
for the neuron’s response (active or not), yielding different predictions.
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Moreover, intermediate feature distributions can also play a crucial role in KD. Flow-based KD [138],
known as FSP, aims to match the distributions of intermediate features of the student model with those
of the teacher. The matching is typically achieved by minimizing the KL divergence or the maximum
mean discrepancy, between the feature distributions of the teacher and student models. In a similar vein,
similarity-preserving (SP) knowledge distillation [117] is a KD method based on the fact that inputs with
similar semantics tend to generate similar activation patterns. Hence, SP focuses on preserving pairwise
similarities within the teacher’s feature map by transforming it into a matrix. This matrix encoding retains
the similarity information of activations at the teacher layer. However, this transformation process may
result in some information loss.

Another line of methodology to leverage intermediate layers in KD, involves harnessing the relation-
ship between samples to improve knowledge transfer. Contrastive representative distillation (CRD) [114]
encourages representations of similar samples to be closer in the embedding space, while simultaneously
pushing apart those of different samples, from different classes. To this aim, this method exploits the
correlations and higher-order output dependencies. Relational knowledge distillation (RKD) captures the
pairwise relationships between the data points [86]. This can be achieved through various techniques,
such as penalizing the structure difference with distance-wise and angle-wise distillation loss between the
data points and encouraging the student model to reproduce similar relationships as the teacher model. In
correlation congruence for knowledge distillation (CC) [90], the goal is to ensure that the student model’s
predictions exhibit similar correlation patterns to those of the teacher model. In addition to using correla-
tion loss, the benefits of deploying other loss functions such as covariance loss or higher-order statistical
moments are also discussed in [90].

Nevertheless, intermediate-level KD adds complexity to the distillation process compared to the logit-
based KD. This, in turn, increases the computational cost and training time of intermediate-level KD
methods.

• KD using input perturbation. In the conventional KD, both the teacher and student models are fed
with the same input samples (raw images) during the distillation process. Yet, these raw images might
not be able to explore the properties of the teacher model properly. Thus, Heo et al. [42] propose a KD
method in which a teacher pre-trained by clean (raw) images is fed with adversarial examples during the
KD process. Particularly, an attack scheme is modified to explore the properties of the teacher model
by searching an adversarial sample supporting a decision boundary, referred to as boundary supporting
sample (BSS). However, the current BSS attack method has limitations in fully exploring the complete
range of potential perturbations that the teacher model can exhibit, as it is restricted to generating a single
adversarial example. To tackle this issue, TALD [84] addresses the insufficiency of a single adversarial
example by examining a broader spectrum of possible teacher model perturbations through the genera-
tion of multiple adversarial examples for the same original sample. TALD generates diverse adversarial
examples using a multiple particle-based search technique known as Stein Variational Gradient Descent
(SVGD). The authors of [84] execute SVGD for a specified number of iterations, denoted as L, to generate
each sample sequentially, employing K particles sampled from the teacher conditional adversarial local
distribution, with each iteration involving forward and backward propagation. Additionally, in [141], the
authors propose a framework that incorporates an adversarial phase utilizing GANs to generate diverse
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examples. Afterward, a co-distillation phase involving multiple classifiers is employed to leverage the
divergent examples for enhancing the distillation performance which is computationally expensive.

Although compressed images generated by a coded teacher in CKD can also be regarded as perturbed
input images for the teacher, they serve a completely different purpose. In fact, these compressed images
are generated and employed in CKD to prevent the over-confident responses of the teacher from being
passed to the student during the distillation process. Later, we will show through experiments that in-
deed CKD holds a greater promise compared to these methods with perturbed raw images as adversarial
examples.

5.3 Preliminaries and Motivation

5.3.1 Preliminaries

Knowledge Distillation Formulation

As previously discussed, Hinton et al. [44] introduced response-based knowledge, represented by the
output probability vector of the teacher, which is incorporated into the training process through the KD
loss function. The KD loss function comprises two essential components: (i) the traditional cross-entropy
loss function H(·, ·), and (ii) a regularization term accounting for the teacher supervision. Specifically,
the loss function in KD could be written as

LKD = (1− α)Ex∼DH(ŷ, ps) + ατ2Ex∼PLsoft
(
pτt , p

τ
s

)
, (5.1)

where D is the empirical distribution of the original training sample image x, ŷ is the one-hot probability
vector corresponding to the ground truth label, ps is the output probability vector of the student in response
to the input x, and α ∈ [0, 1] is a factor to balance the two loss terms. In Eq.5.1, pτt = pτ (x; θt) and
pτs = pτ (x;ωs) stand for the teacher’s and student’s output probability vectors after softening the logits
with a temperature τ , respectively, and Lsoft is the response-based knowledge loss defined as follows

Lsoft = KL
(
pτt
∥∥ pτs), (5.2)

where KL(·∥·) represents KL divergence, and θt and ωs are the teacher and student models’ parameters,
respectively. Note that in the traditional KD, both the teacher and student accept the same original sample
image x as their respective inputs during the KD process.

JPEG Compression

JPEG [91] is widely used for lossy compression in digital image processing while maintaining visual qual-
ity. The JPEG encoding process includes three fundamental phases: discrete cosine transformation (DCT),
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quantization, and entropy encoding. It begins with the partitioning of the input image into 8×8 blocks,
systematically processed in a raster scan order. Each block undergoes a transformation from the pixel
domain to the DCT domain via an 8×8 DCT. The resulting DCT coefficients are subsequently subjected
to uniform quantization using an 8×8 quantization table, with its entries specifying the quantization step
sizes for each frequency bin, thereby representing the only lossy step, i.e. non-linear. This quantization
table for JPEG encoding is designed in alignment with the assigned quality factor (QF). The DCT indices
resulting from quantization are further encoded through a combination of run-length coding and Huff-
man coding, yielding the final bitstream. The trade-off between compression ratio (CR) and compression
quality is mainly impacted by the designed quantization step controlled by the chosen QF value; that is, a
higher QF yields a lower CR and better compression quality. The level of compression can be adjusted by
selecting a QF value from 1 to 100.

Overfitting

Overfitting occurs when a DNN becomes excessively tailored to a finite number of training samples,
resulting in overconfidence, which leads to a diminished ability to generalize well to unseen data [92,110].
This phenomenon arises when the network learns intricate details and noise present in the training set,
rather than capturing the underlying patterns and relationships that are more relevant for making accurate
predictions on unseen data. As a result, the network’s performance tends to degrade when it is fed with new
examples that differ from the training data, thereby compromising its overall effectiveness. In particular,
this phenomenon is commonly observed in large models that possess a significant number of parameters.

5.3.2 Motivation

In the context of KD, when the teacher model suffers from overfitting, it is unable to effectively impart
generalized knowledge to the student. Thus, our motivation in this work is to prevent the overconfident
responses of the teacher from being passed to the student during the distillation process. To this end,
during the distillation we feed the pre-trained teacher model with a compressed version of the input image
such that the teacher’s output probability vector for the compressed sample is more toward the uniform
distribution.

To clarify our objective, consider a classification task with three classes, namely {c1, c2, c3}. In this
case, the teacher’s output probability vector pt has three entries denoted by {pt[1], pt[2], pt[3]}, where
pt[i] corresponds to the output probability for ci, for i ∈ {1, 2, 3}. Figure 5.1 shows the simplex of output
probability vectors of a pre-trained teacher is depicted when its inputs are samples from class c1. The
teacher would correctly classify those samples x ∈ c1 for which the teacher’s output probability vector
lies on the surface of the polyhedron defined by pt[1] > pt[2] and pt[1] > pt[3].

However, the teacher makes over-confident decisions for the samples whose output probabilities lie in
the corner of the simplex, meaning that the probability vectors generated by the teacher for these samples
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Over-confident samples.
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informative samples.

𝑝![1] (Ground truth probability)

𝑝![2]
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The polyhedron in 
which the samples are 
correctly classified.

Figure 5.1: The simplex of output probability vector for a classification task with three classes.
Our goal is to alter the original samples with peaky output probabilities (the blue dots) in order
to obtain samples whose output probabilities are more uniform (the red dots).

are close to one-hot vectors. We refer to such probability vectors as peaky ones hereafter. In this case, the
model shows over-confident responses to these specific samples and, in turn, cannot generalize well when
fed with new unseen data of a similar type [92, 110].

To prevent peaky probability vectors from being passed to the student during the distillation process,
it is desirable to alter the respective input images so that (i) the altered input images are still similar to the
original ones; and (ii) the output probability vectors of the teacher in response to the altered input images
are closer to a uniform distribution while remaining on the surface of the correct polyhedron, similar to
the red samples in Fig. 5.1. One way to achieve this is through compression, which will be discussed in
the next section.

5.4 Coded Knowledge Distillation

As discussed in Section 5.3.2, we have to manipulate the training samples so that the teacher’s output
probabilities for the new samples are more uniform. We aim to realize this by compressing the input
samples to the pre-trained teacher model during the distillation process. Specifically, we deploy JPEG, the
widely-used lossy compression technique. The key rationales behind utilizing JPEG are (i) its popularity
as a lossy compression technique, and (ii) its potential for improving accuracy as pointed out by Yang et
al. [131].

84



It is widely recognized that naively compressing all the input images to a DNN using the same QF by
JPEG will generally lead to a degradation in the classification accuracy [101,131,144]. However, Yang et
al. [131] demonstrated that if QF can be adaptively selected on a per image basis, then JPEG compression
can significantly enhance classification. Nevertheless, in their framework, the adaptive selection of QF
depends on the availability of the ground truth label of the original image, which makes it unrealistic
during the testing stage. Inspired by this, we here employ an adaptive selection of QF during the distillation
process instead for the teacher’s input only, where a ground truth label is available and can indeed be
utilized. That is, we adaptively select an image-dependent QF for JPEG to compress each image before
it is fed to the teacher during the distillation process. To achieve this, an adaptive encoding layer is
introduced in front of the teacher model. The combination of this new adaptive encoding layer with the
originally pre-trained teacher forms what we refer to as a coded teacher. The output x̂j∗ from the adaptive
encoder layer generally depends on the input x, the ground truth label c, and the teacher model itself. In
the subsequent subsection, we elaborate on the inner-working of the utilized adaptive encoder layer.

5.4.1 Optimal Adaptive JPEG Selection

To realize the proposed adaptive JPEG selection, for each sample image x, we first generate a set of its
compressed versions as explained in subsection 5.4.1; then, in subsection 5.4.1, we propose a systematic
method to select one element from this set as the input to the teacher.

The set of compressed versions

Consider a predetermined set of QFs: Q = {qj ∈ N | 0 ⩽ qj ⩽ 100}, where qj = δ × j, and δ
is used as a step-size between two successive QF values in Q. Denote by x̂j the compressed version
of x using QF equal to qj . Then, for each image x in the training set, we construct the following set
Jx = {x̂j | qj ∈ Q}∪{x}. Specifically, Jx contains the original training sample image x and its different
compressed versions obtained using different qj ∈ Q. Therefore, the size of the Jx will depend on the
selected value of δ, and obtained as |Jx| = ⌊100δ ⌋+ 2.

Selection criterion

With the set Jx created, this section focuses on presenting a systematic method to select an element from
Jx. This selection mechanism should ensure that both Conditions (I) & (II)—introduced in Section 5.1—
are satisfied. As such, we first satisfy Conditions (I) by finding a subset ofJx whose elements are correctly
classified by the teacher; that is, we find the set J Correct

x
1 as follows

J Correct
x = {x̂j ∈ Jx | argmax

z∈C
p(z|x̂j ; θt) = c}, (5.3)

1If J Correct
x is empty, we use the original sample.
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where C represents the set of classes. Afterward, we aim to satisfy Condition (II) on top of Conditions
(I). To achieve this objective, given that the teacher’s output probability for the original sample p(x; θt)
is typically peaky, we select x̂j ∈ J Correct

x whose output probability vector p(x̂j ; θt) has the maximum
distance to p(x; θt). For this purpose, among the possible distance metrics for the probability vectors,
we utilize KL divergence. We refer to such selection mechanism as high KL (HKL) divergence selector.
Henceforth, we find x̂j∗ as

x̂j∗ = argmax
x̂j∈J Correct

x

KL
(
p(x; θt)

∥∥ p(x̂j ; θt)). (5.4)

Using this methodology, in the coded teacher, for every original training sample image x, we select x̂j∗
given in Eq.5.4 as the teacher’s input during the distillation process. The CKD framework along with its
adaptive JPEG encoding layer are depicted in Fig. 5.2.

5.4.2 Analyzing the Proposed Adaptive JPEG Selection

In this subsection, we provide justifications for the proposed adaptive selection mechanism by presenting
compelling experimental results. For this purpose, we use the following two values to evaluate whether a
probability vector is peaky:

• The magnitude of ground truth probability, in the sense that a smaller magnitude tends to result in
a smoother and less peaked probability distribution.

• The uniformity of the vector; that is, a more uniform vector is less peaked. Among the various
existing metrics for measuring the uniformity of a vector, we specifically use entropy in our exper-
iments. As such, a probability vector with higher entropy is more uniform.

By using these two metrics, we can assess the effectiveness of the adaptive selection method in promoting
a more uniform distribution of output probabilities. Now, consider the following three experiments.

Experiment one: Using randomly picked samples from CIFAR100’s training set, we want to observe the
elements in the set we constructed in subsection 5.4.1 to assess their level of peakiness or uniformity. To
illustrate this, we utilize a pre-trained Resnet56 model, serving as the teacher, trained on the CIFAR100
dataset. We then randomly select two images, Img1 and Img2, belonging to different classes that are
correctly and wrongly classified by the teacher, respectively. Then, we construct the sets JImg1 and JImg2
for these two samples (as explained subsection 5.4.1). A caricature of decision boundary for the samples
in JImg1 and JImg2 are depicted in Fig. 5.3 in which we use the following notation: (i) ‘KL’ represents
KL
(
p(x; θt)

∥∥ p(x̂j ; θt)
)
, (ii) ‘H’ is the entropy of p(x̂j ; θt), and (iii) ‘P’ is the magnitude of the ground

truth (GT) probability. The ‘KL’ value is written on top of the arrows connecting the original sample x to
its compressed versions x̂j . In addition, for each compressed sample, the values for QF, ‘H’, and ‘P’ are
written in a box beside that sample.

For Img1, (the left figure in Fig. 5.3), we observe that only seven elements in JImg1 with respective
QF={60, 75, 80, 90, 95, 100} are correctly classified. Among these samples, the compression version with
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Figure 5.2: Illustration of CKD: (a) the CKD framework with an adaptive JPEG encoding based
coded teacher; and (b) the inner-working of adaptive JPEG encoding mechanism.
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Figure 5.3: The decision boundary plots for Resnet56 pre-trained on CIFAR100 dataset, when
the inputs are the elements from the sets: (left) JImg1, and (right) JImg2. Green and Red dots
show the correctly and wrongly classified samples, respectively. Note that the raw images Img1
and Img2 are correctly and wrongly classified, respectively.

QF=60 will be chosen using the adaptive JPEG selector, as it has the highest ‘KL’ value. The selected
compressed version by the HKL selector has the lowest ‘P’ and largest ‘H’ among all correctly classified
samples. This demonstrates that the proposed selection method can successfully choose the least peaked
sample from the set J correct

Img1 .

Now, consider Img2, which is originally misclassified by the model. As seen in Fig. 5.3 (the right
figure), there exist some elements in JImg2 which are correctly classified by the model. Again, the selected
compressed version by HKL selector still gives rise to good values of ‘P’ and ‘H’. Note that among all
training samples, samples like Img2 are rare, as shown in the upper part of Table 5.1.

Experiment two: In this experiment, we aim to analyse the behaviour of the coded teacher over all the
training samples (unlike the Experiment one where we only considered two specific samples), and com-
pare it with that of the original uncoded teacher. In fact, we want to demonstrate that the adoption of such
an adaptive selection method assists the teacher model in avoiding the generation of peaky probabilities.
To this end, we report the following two values for the teacher model: the average (and standard deviation
) of (i) the entropy of the output probability vectors, and (ii) the GT probability, where the average and
standard deviation are computed over all training samples.

Again, we use CIFAR100 dataset. The average entropy and GT probability are computed for both
the coded teacher and the original uncoded teacher. They are shown in Table 5.1 for various model
architectures to illustrate the generality of the proposed method. As seen in Table 5.1, compared to the
original teacher, the coded teacher gives rise to higher average entropy and smaller ground truth probability
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Teacher Models Coded Teacher Original Teacher
Entropy GT Probability Entropy GT Probability

Resnet56 1.4941 (± 0.6634) 0.5184 (± 0.1992) 0.24531 (± 0.3816) 0.9275 (± 0.1476)
Resnet110 1.3312 (± 0.6513) 0.5607 (± 0.2032) 0.10879 (± 0.2195) 0.9730 (± 0.0781)
VGG13 1.6524 (± 0.8211) 0.5344 (± 0.2205) 0.03797 (± 0.0883) 0.9937 (± 0.0265)
WRN-40-2 1.5653 (± 0.7578) 0.5244 (± 0.2121) 0.07115 (± 0.1584) 0.9859 (± 0.0458)
ResNet50 1.4399 (± 0.7689) 0.5662 (± 0.2207) 0.02423 (± 0.0648) 0.9960 (± 0.0200)
Resnet32×4 1.8490 (± 0.9192) 0.5004 (± 0.2289) 0.02731 (± 0.0656) 0.9962 (± 0.0173)

Table 5.1: The average (and standard deviation) of (i) the entropy of px and px̂, and (ii) the GT
probability in px and px̂ from both the Coded teacher and original teacher, respectively, over
CIFAR100 dataset, where px and px̂ are generated using τ = 1. The pre-trained teacher models
are also used in [14, 19, 47, 77, 84, 114, 145].

for all the tested models, confirming that the coded teacher produces probability vectors more towards the
uniform distribution.

Experiment three: Here, we aim to show that CKD enhances the generalization of the student more sig-
nificantly compared to other KD variants. For this purpose, we have conducted the following experiment:
for three teacher-student pairs, we have reported the average (and standard deviation) of (i) the entropy
of the student’s output probability vectors, and (ii) the student’s GT probability for a student trained via
some KD variants (see Table 5.2). As depicted in Table 5.2, most of the KD variants result in improve-
ment for the generalization of the student. However, the CKD method exhibits notably a significantly
greater improvement and demonstrates orthogonality to temperature scaling in conventional KD. As we
will discuss in the following section, it is the heightened level of uniformity passed from the coded teacher
to the trained student that enables the latter to achieve higher accuracy compared to its baseline distiller.
Nevertheless, while training a teacher model with label smoothing increases the degree of uniformity, it
can negatively impact the student’s accuracy by erasing information contained in intra-class relationships
among individual training samples [82]. For more additional analysis, refer to the 5.5.5.

5.5 Experment Results

To evaluate the performance of CKD, we conduct various experiments. In this section, we report our
experimental results and compare them with the state-of-the-art alternatives in the literature. In particular,
we have carried out experiments on four datasets, namely ImageNet [56] in Section 5.5.1, and CIFAR-
100 [55] in Section 5.5.2, and two different datasets for the fine-grained classification in Section 5.5.3.
For each of these datasets, both teacher and student models are mentioned, and the training setup is also
elaborated. Additionally, we highlight the adaptability of using coded teachers by integrating them into
other well-established knowledge transfer methods found in the literature. This integration results in an
improvement in the test accuracy for each respective approach. All experiments were conducted using
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Methods Resnet56→ Resnet20 Resnet32×4→ Resnet8×4 VGG13→MobileNetV2
Entropy GT Probability Entropy GT Probability Entropy GT Probability

KD 0.6423 (± 0.7002) 0.7623 (± 0.2972) 0.5386 (± 0.6714) 0.8457 (± 0.2283) 0.3751 (± 0.5116) 0.8763 (± 0.2117)
FitNet 0.7307 (± 0.7434) 0.7488 (± 0.2937) 0.6253 (± 0.6817) 0.8125 (± 0.2410) 0.4605 (± 0.5389) 0.8600 (± 0.2074)

CC 0.7308 (± 0.7393) 0.7497 (± 0.2923) 0.5574 (± 0.6540) 0.8337 (± 0.2304) 0.6194 (± 0.6498) 0.7958 (± 0.2616)
FT 0.8552 (± 0.8050) 0.7010 (± 0.3155) 0.7492 (± 0.7834) 0.7672 (± 0.2770) 1.1749 (± 0.8641) 0.5945 (± 0.3372)
AB 0.7427 (± 0.7466) 0.7464 (± 0.2931) 0.5111 (± 0.6207) 0.8526 (± 0.2116) 0.4044 (± 0.5054) 0.8768 (± 0.1966)
SP 0.8247 (± 0.7827) 0.7099 (± 0.3129) 0.7595 (± 0.8167) 0.7642 (± 0.2858) 0.5675 (± 0.7730) 0.7215 (± 0.3225)

RKD 0.7547 (± 0.7266) 0.7333 (± 0.3014) 0.6333 (± 0.6655) 0.8143 (± 0.2366) 0.5104 (± 0.5692) 0.8415 (± 0.2224)
FSP 0.8118 (± 0.7905) 0.7188 (± 0.3096) 0.5587 (± 0.6525) 0.8314 (± 0.2327) n/a n/a

TALD 0.5396 (± 0.6543) 0.7430 (± 0.3412) 0.4013 (± 0.6306) 0.8448 (± 0.2761) 0.3333 (± 0.5350) 0.8070 (± 0.3293)
CKD 0.9511 (± 0.8326) 0.7001 (± 0.3018) 0.9651 (± 0.9541) 0.7764 (± 0.2544) 0.6468 (± 0.7211) 0.8367 (± 0.2257)

Table 5.2: The average (and standard deviation) of (i) the entropy of px, and (ii) the GT proba-
bility in px from students trained by CKD with the Coded teacher and other knowledge transfer
methods with the original teacher on the CIFAR-100 dataset, where px is generated using τ = 1.

Accuracy Teacher Student KD [44] AT [140] SP [117] CC [90] O-KD [147] CKD
Top-1 73.31% 69.76%∗ 70.66% 70.70% 70.62% 69.96% 70.55% 70.98%
Top-5 91.42% 89.08% 89.88% 90.00% 89.80% 89.17% 89.59% 90.04%

Table 5.3: The student accuracy on ImageNet dataset given by different KD methods, where
the best and second-best results are bold and underlined, respectively. The experiment setup is
the same as in [114]. ∗As we followed [75] for our experimental setups, the accuracy for the
Resnet18 model differs from that reported in [41].

PyTorch [89].

5.5.1 ImageNet Dataset

• Dataset: We use ImageNet ILSVRC 2012 dataset that contains 1.2M training images and 50K for
testing images [56] with an average size of 469 × 387 to allow us to verify distillation performance for
large input resolutions.

• Teacher and student models: We use pre-trained Resnet34 as the teacher and Resnet18 as the student
model [41]. Following the experimental setup in [14, 19, 47, 77, 114, 145] , the pre-trained teacher model
is obtained from torchvision library [75].

• Training setup: The training is performed for 100 epochs with a batch size of 256 using SGD with a
momentum of 0.9 and weight decay equal to 1× 10−4 with an initial learning rate γ of 0.1 that is divided
by 10 at epochs 30, 60 and 90. Standard Inception-style pre-processing [110] for augmentation settings is
used in the training of teacher models as well as students. For CKD, we set δ = 10 resulting in |Jx| = 12
versions of the raw input.
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Teacher
Student

Resnet56
Resnet20

Resnet32x4
Resnet8x4

VGG13
MobileNetV2

ResNet50
MobileNetV2

Student 69.06% 72.50% 64.6% 64.6%

KD [44] 70.66% 73.33% 67.37% 67.35%
AT [140] 70.55% 73.44% 59.40% 58.58%
VID [1] 70.38% 73.09% 65.56% 67.57%
PKT [88] 70.34% 73.64% 67.13% 66.52%
NST [48] 69.60% 73.30% 58.16% 64.96%
BSS [42] 70.70% 73.53% 67.43% 68.10%
TALD [84] 70.90% 73.73% 68.50% 68.70%
CKD 70.81% 74.42% 67.80% 68.41%

Table 5.4: Test accuracy (%) of students trained by different KD methods on CIFAR100, where
the best and second-best results are bold and underlined, respectively. The student accuracy for
TALD and BSS is obtained using the settings specified in [84].

• Results and analysis: The results are presented in Table 5.3, where the performance of CKD is com-
pared with some knowledge transfer benchmarks. We note that we used O-KD to denote “Online KD”
method [147]. Specifically, the results demonstrate that the coded teacher effectively improves the per-
formance of the conventional KD, surpassing the performance of the AT distillation method. In addition,
further experiments on the subset of ImageNet, namely ImageNet-1K subset, are presented in 5.5.4.

5.5.2 CIFAR100 dataset

•Dataset: This dataset contains 50K training images with 0.5K images per class and 10K test images [55].

• Teacher and student models: We use different pairs of teacher and student models, considering both
similar and different architectural styles. Specifically, inspired from [14, 19, 47, 77, 114, 145], the teacher
models are chosen among ResNet50, Resnet56, Resnet110, VGG13, WRN-40-2, and Resnet32x4.

• Training setup: When training CIFAR-100, we start with an initial learning rate of 0.01 or 0.05. After
the first 150 epochs, we decrease the learning rate by a factor of 0.1 every 30 epochs until reaching the
last 240 epochs. The initial learning rate is 0.01 for MobileNetV2, ShuffleNetV1, and ShuffleNetV2, and
0.05 for the other models. For CKD, we use δ = 5, yielding |Jx| = 22. The training setup follows the
commonly used approach introduced in [14, 19, 47, 77, 114, 145].

• Results and analysis: We conduct three sets of experiments explained below.

Set 1: We first compare the performance of CKD against conventional KD methods. In addition, we
compare CKD to other perturbation-based KD methods, namely BSS [42] and TALD [84]. As discussed
in Section 5.2, these two methods are similar to CKD in the sense that both effectively perturb the inputs
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to the pre-trained teacher model. We use the same student-teacher pairs as those used in [84], where both
the same and different architectural styles were considered. The comparison is reported in Table 5.4.

Remarkably, CKD outperforms KD and its other four variants, namely AT, VID, PKT and NST. In
particular, CKD exhibits an average gain of 0.67% compared to conventional KD. This superior perfor-
mance is also evident in comparisons with BSS. However, TALD generally ranks as the best among the
benchmark methods (except for one teacher-student pair). It is worth noting that both BSS and TALD
have a higher level of complexity compared to CKD, as the former methods involve input perturbation
using gradients (see Section 5.2). To ensure the accuracy and reproducibility of the results, we re-run
the implementation provided by the authors in [84] to produce the results in Table 5.4. By utilizing their
implementation 2, we confidently validated and directly compared these methods with the performance
reported in their results, ensuring a reliable evaluation.

Set 2: In this set of experiments, we compare the coded teacher with TALD when both are applied on
top of various knowledge transfer methods including FT, FitNet, CC, SP, and RKD (see Fig. 5.4). The
cost function of these methods can be represented as L = H + βLdistill

3, where Ldistill denotes the loss
function associated with a specific form of knowledge distilled into the student model. When applying the
coded teacher on top of these methods, we tune β accordingly. From Figs. 5.4a and 5.4b, it is clear that
the coded teacher delivers significant gains. Specifically, with VGG13 as the teacher model, the coded
teacher shows notable gains of 5% and 2.12% when compared to TALD for FT and FitNet, respectively.
Similarly, when ResNet50 is used as the teacher model, the coded teacher achieves gains of 4% and 1.3%
compared to TALD for FT and FitNet, respectively. These results demonstrate the consistent improvement
achieved by the coded teacher.

Set 3: In the third set of experiments, we want to show whether the coded teacher, when applied on top
of existing knowledge transfer methods, can improve their accuracy performance of the latter. Particularly,
we apply the coded teacher on top of the following knowledge transfer methods in the literature: FitNet
[96], FSP [138], FT [52], CC [90], SP [117], AB [43], RKD [86]. In our experiments, FitNet and FT
were re-implemented based on the original papers; other methods were implemented, using either author-
supplied or author-verified source codes. For a fair comparison, similarly to [14, 19, 47, 77, 84, 114, 145],
we use the same pre-trained teacher models for all the benchmarks as those used in [114]4.

Tables 5.5 and 5.6 illustrate the resulting accuracy results for student-teacher pairs with the same
architectural styles and for student-teacher pairs with different architectural styles, respectively. From Ta-
bles 5.5 and 5.6, it is clear that the coded teacher can improve the accuracy performance of the underlying

2The author-supplied TALD code for CIFAR100 in https://github.com/PotatoThanh/Adversarial-local-
distribution-regularization-for-knowledge-distillation. For ImageNet, we attempted to reproduce their results, but
encountered significant computational complexity, as explicitly noted by the authors. In addition, their experimental
setup also deviates from the standards in the literature.

3In the TALD framework, KD loss is incorporated for all other distillation methods, plus the TALD loss, to
enhance their performance. However, CKD operates directly with other distillation methods without the addition of
KD loss.

4We used the implementation of other methods from https://github.com/HobbitLong/RepDistiller.
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Figure 5.4: Comparison between the coded teacher and TALD when they are applied on top of
different underlying knowledge transfer methods. The teacher-student pairs are reported in the
caption of each figure.
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Teacher
Student

WRN-40-2
WRN-16-2

WRN-40-2
WRN-40-1

Resnet56
Resnet20

Resnet110
Resnet20

Resnet110
Resnet32

Resnet32x4
Resnet8x4

VGG13
VGG8

Teacher 75.61% 75.61% 72.34% 74.31% 74.31% 79.42% 74.64%
Student 73.26% 71.98% 69.06% 69.06% 71.14% 72.50% 70.36%

CC 73.56% 72.21% 69.63% 69.48% 71.48% 72.97% 70.71%
CCC 73.91% 72.32% 69.78% 70.21% 72.13% 73.16% 71.31%
FitNet 73.58% 72.24% 69.21% 68.99% 71.06% 73.50% 71.02%
CFitNet 74% 72.83% 69.49% 69.50% 71.66% 73.91% 71.14%
FT 73.25% 71.59% 69.84% 70.22% 72.37% 72.86% 70.58%
CFT 74.04% 72.31% 69.90% 70.25% 71.87% 73.15% 71.07%
AB 72.50% 72.38% 69.47% 69.53% 70.98% 73.17% 70.94%
CAB 71.8% 73.03% 70.11% 69.97% 72.11% 73.33% 71.35%
SP 73.83% 72.43% 69.67% 70.04% 72.69% 72.94% 72.68%
CSP 74.42% 72.87% 69.88% 70.10% 71.98% 73.17% 71.85%
RKD 73.35% 72.22% 69.61% 69.25% 71.82% 71.90% 71.48%
CRKD 73.64% 72.19% 69.85% 69.69% 71.76% 72.95% 71.07%
FSP 72.91% n/a 69.95% 70.11% 71.89% 72.62% 70.23%
CFSP 73.13% n/a 70.33% 70.37% 72.39% 73.08% 69.10%

Table 5.5: Test accuracy (%) of students on CIFAR100 dataset before and after the coded teacher
is applied on top of the underlying distillation methods when the teacher and student pair has the
same architectural style, where each underlying distillation method, when coupled with the coded
teacher, is indicated by the bold prefix C and referred to as the corresponding coded distillation
method. The accuracy for the underlying distillation methods is reported from [19,114], and the
pre-trained teacher models are also used in [14, 19, 47, 77, 84, 114, 145].

distillation method in most cases. In particular, when the student-teacher pair has different architectural
styles, the accuracy gain can be above 5%.

5.5.3 Fine-grained Classification Task

• Datasets: This task involves evaluating datasets to distinguish visually similar objects in the same
category. The first dataset, CUB200 (Caltech-UCSD Birds-200-2011), has 11,788 images of 200 bird
subcategories divided into 5,994 images for training, and each subcategory in the training set contains
roughly 30 images. The second dataset, Stanford Dogs, has 20,580 images of 120 species, with 12K
images for training, each class having 180 images, and the rest for validation.

• Teacher and student models: We use wide residual networks (WRN) with different depths and fixed
widths. We utilize the same student-teacher pairs for both datasets. For our teachers, we utilize pre-
trained WRN-64 and WRN-28 models, which achieved validation accuracies of 38.57% and 42.32% on
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Teacher
Student

VGG13
MobileNetV2

ResNet50
MobileNetV2

ResNet50
VGG8

Resnet32x4
ShuffleNetV1

Resnet32x4
ShuffleNetV2

WRN-40-2
ShuffleNetV1

Teacher 74.64% 79.34% 79.34% 79.42% 79.42% 75.61%
Student 64.6% 64.6% 70.36% 70.5% 71.82% 70.5%

CC 64.86% 65.43% 70.25% 71.14% 71.29% 71.38%
CCC 65.83% 66% 71.04% 72.02% 73.40% 72.02%
FitNet 64.14% 63.16% 70.69% 73.59% 73.54% 73.73%
CFitNet 65.79% 66.08% 71.07% 73.62% 74.48% 73.46%
FT 61.78% 60.99% 70.29% 71.75% 72.50% 72.03%
CFT 66.39% 66.34% 71.09% 72.48% 73.73% 72.21%
AB 66.06% 67.20% 70.65% 73.55% 74.31% 73.34%
CAB 66.58% 66.93% 71.02% 74.58% 75.19% 74.50%
RKD 64.52% 64.43% 71.50% 72.28% 73.21% 72.21%
CRKD 65.88% 65.42% 71.09% 72.28% 73.06% 72.89%

Table 5.6: Test accuracy (%) of students on CIFAR100 dataset before and after the coded teacher
is applied to the underlying distillation methods when the teacher and student pair has different
architectural styles, where each underlying distillation method, when coupled with the coded
teacher, is indicated by the bold prefix C and referred to as the corresponding coded distillation
method.. The accuracy for the underlying distillation methods is obtained from [19, 114], while
the pre-trained teacher models are also used in [14, 19, 47, 77, 114, 145].

the CUB200 dataset, and 46.60% and 54.37% on the Stanford Dog dataset, respectively.

• Training setup: We use δ = 5 yielding |Jx| = 22. In our experiments, we use WRN-<d>-<w>
as our baseline focusing on increasing the depth <d> and fixing the width <w> to 1, with the dropout
probability of 0.3. The selected student models are WRN-10 (W10) and WRN-16 (W16), with 85K and
182K parameters, respectively. Following the settings in [58, 139], we trained the networks from scratch
for 200 epochs with a batch size of 32 using SGD with a momentum of 0.9 and weight decay equal
to 1 × 10−4 with an initial learning rate γ of 0.1 that is divided by 10 at epochs 100 and 150. The
training of both teacher and student models used the same training setup and the standard Inception-style
preprocessing for augmentation settings [110].The same values τ = 1 and α = 0.5 are used for both the
KD and CKD.

• Coded AT: In addition to comparing CKD with KD, we also apply the coded teacher on the top of AT
distillation method [140], yielding coded AT (CAT), and further compare CAT with AT. In this case, the
β parameter in AT is set to 1000 as recommended in [140] .

Table 5.7 shows the resulting accuracy results. From Table 5.7, it is clear that CKD and CAT improve
KD and AT by a significant margin, respectively. To shed some light on the respective training processes,
Fig. 5.5 further illustrates the respective Top-1 validation accuracy curves along the number of training
epochs in the case of CUB200 dataset. As shown in Fig. 5.5, the CKD significantly outperforms the
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Dataset CUB200 Stanford Dog

Teacher
Student WRN-10 WRN-16 WRN-10 WRN-16

15.24% 27.63% 23.73% 34.79%

WRN-28

KD 17.68% (±1.21) 29.10% (±0.76) 25.79% (±0.88) 38.13% (±1.35)
CKD 21.27%(±0.52) 31.84%(±0.40) 28.32%(±0.70) 41.17%(±0.74)
AT 22.20% (±1.15) 32.94% (±0.65) 26.97% (±0.47) 39.04% (±0.57)
CAT 24.82%(±0.47) 37.10%(±0.10) 29.54%(±0.46) 41.84%(±0.33)

WRN-64

KD 18.04% (±0.60) 29.9% (±1.04) 26.76% (±1.16) 38.30% (±1.63)
CKD 21.41% (±0.44) 33.1% (±0.89) 29.69% (±0.99) 41.66% (±0.38)
AT 22.55% (±0.82) 33.95% (±0.71) 27.14% (±1.36) 39.39% (±1.03)
CAT 24.94% (±0.92) 37.31% (±0.77) 29.73% (±0.41) 41.93% (±0.65)

Table 5.7: The performance of CKD and CAT against conventional KD and AT.
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Figure 5.5: Validation accuracy curves along the number of epochs over CUB200 dataset with
(WRN-64) as the teacher and (W10) and (W16) as students: (a) CKD vs KD; and (b) CAT vs
AT.

underlying distillation method around the 100-th epoch and stays that way afterwards in all tested cases.

5.5.4 More Evaluation on ImageNet Subset

• Dataset: We use a subset of the original ImageNet ILSVRC 2012 dataset [56], namely ImageNet-1K
subset, which has also been used in the literature [16, 54]. This subset shares the same validation set as
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Training Setup Without Augmentation With Augmentation

Teacher
Student

Resnet18 MobileNet-V2 Resnet18 MobileNet-V2

Resnet34
KD

T1: 40.28% 49.27% 47.68% (±0.25) 52.65% (±0.44)
T5: 67.07% 75.52% 73.81% (±0.28) 78.01% (±0.35)

CKD
T1: 41.27% 49.87% 49.74%(±0.09) 54.39%(±0.18)
T5: 67.86% 76.21% 75.56%(±0.17) 79.57%(±0.07)

Resnet50
KD

T1: 44.51% 51.43% 49.37% (±0.37) 53.93% (±0.16)
T5: 71.45% 77.46% 75.42% (±0.24) 79.21% (±0.14)

CKD
T1: 46.78% 52.78% 51.82%(±0.21) 55.11%(±0.28)
T5: 73.17% 78.46% 77.08%(±0.06) 80.31%(±0.21)

Table 5.8: CKD performance on ImageNet-1K subset with and without data augmentation.

the original ImageNet dataset. The training subset5 is subsampled in a label-balanced fashion to result in
a 1% configuration used in our experiments.

• Training setup: In the KD loss function in Eq.equation 5.1, α was set to 0.5. To determine the optimal
value of τ for conventional KD, we conducted experiments for τ ∈ {1, 2, 3}, and selected the one that
yields the best performance. Specifically, we use τ = 2 and τ = 3 for Resnet34 and Resnet50, respec-
tively. Then, the same values for α and τ are used in the CKD framework. This step was essential in
ensuring the consistency of the source of gain between the conventional KD and CKD frameworks.

• Results and analysis: The results are reported in Table 5.8, encompassing two distinct columns out-
lining CKD with and without input augmentation, which can also serve as an ablation study. It is worth
noting that the authors in [62] observed that various knowledge distillation approaches, such as vanilla
KD and CRD [44, 114], can also achieve a modest improvement in the student model’s performance
solely through applying data augmentation. As such, the objective of conducting CKD with and without
data augmentation was to demonstrate its efficacy in both scenarios.

As the first main column suggests (corresponding to without augmentation), CKD outperforms KD in
both Top-1/Top-5 (T1/T5) validation accuracy. In the second column (with augmentation), we followed
the best practice in the literature by performing three random runs with the default augmentation set-
tings. The mean and standard deviation for T1/T5 validation accuracy is shown in Table 5.8. The Top-1
validation accuracy indicates 2.18% and 2.32% improvement over the standard KD when Resnet34 and
Resnet50 are the teacher models, respectively.

• Ablation study on the adaptive layer in CKD: To elucidate the necessity of the adaptive layer, we
remove this layer and perform the following two sets of experiments: (1) using a constant QF=50 for
all images, and (2) using a random QF for each image ranging from 50 to 100. The results for these
experiments are listed in 5.9. Compared to conventional KD and CKD in Table 5.8, these results suggest
the necessity of using an adaptive layer method in all setups.

5For detailed information about the sampling methodology and specific subsets used in the experiments, please
refer to https://www.tensorflow.org/datasets/catalog/imagenet2012 subset.
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Teacher
Student

Resnet18 MobileNet-V2

Resnet34
KD+QF50

T1: 48.11% 53.57%
T5: 74.24% 78.91%

KD+R(QF)
T1: 48.64% 53.48%
T5: 74.68% 78.84%

Resnet50
KD+QF50

T1: 49.86% 54.53%
T5: 75.61% 79.89%

KD+R(QF)
T1: 49.89% 54.13%
T5: 75.76% 79.42%

Table 5.9: Ablation study on the adaptive layer in CKD on ImageNet dataset subset.

5.5.5 Analyzing student’s generalization error in CKD

In this section, we aim to demonstrate the reason why CKD reduces the generalization error of the student
model. To this end, we will first establish a clear definition of generalization error.

In a classification task with C classes, a DNN can be regarded as a mapping fθ : x 7→ p = p(x; θ),
where θ represents all the model parameters, x ∈ Rd is an input image, and p ∈ ∆C−1 is a probability
vector over the C classes. One may learn such a classifier by minimizing the true risk R(fθ), defined as:

R(fθ) ≜ E(x,ŷ)

[
ℓ
(
ŷ, p(x; θ)

)]
, (5.5)

where ℓ(·, ·) is the loss function and ℓ(·, ·) ≜ [ℓ(1, ·), . . . , ℓ(C, ·)] is the vector of loss function.

On the other hand, to understand how KD works, let us write the loss function for the student in KD. To
this end, denote by θt and ωs the parameters of the pre-trained teacher and student networks, respectively.
Then, the student uses the training dataset D ≜ {(xn, ŷn)}Nn=1 sampled from the joint distribution P(x,ŷ)

in order to minimize the following distillation risk function:

RS(fθ;D) ≜
1

N

∑
n∈[N ]

(
pt(xn; θt)

)T · log
(
ps(xn;ωs)

)
, (5.6)

Then, the generalization error for the student model is defined as follows [76]:

E
{(

RS(fθ;D)−R(fθ)
)2}

. (5.7)

The smaller this value, the lower the generalization error is.

In order to provide justification about why the student model trained by CKD generalizes better than
that trained by KD, we use the theoretical results derived in [122]. Particularly, the authors in [122]
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Teacher Coded teacher Original teacher

Resnet56 13.0308 40.7161
Resnet32×4 23.5506 29.1309
VGG13 3.7323 58.7183
ResNet50 16.2534 61.1902

Table 5.10: Covariance (×10−5) for both coded and original teacher on the CIFAR-100.

showed that the generalization error for the student is lower when the teacher’s output vectors exhibit a
lower covariance.

Hence, by conducting some experiments, we show that the outputs of the coded teacher exhibit a lower
covariance than those of a conventional teacher. Specifically, we use exactly the same method as that used
in [122] to estimate the covariance of the teacher’s output probability. The results for four teacher models
trained on CIFAR-100 dataset are listed in Table 5.10 which suggest the output probability vectors of a
coded teacher have lower covariance than those of an original teacher.

5.6 Chapter Summary and Outlook on Upcoming Challenges

In this chapter, we have proposed a novel KD framework referred to as coded KD (CKD). In CKD, we
insert an additional adaptive encoding layer in front of the teacher, yielding a coded teacher. The purpose
of the coded teacher is to generate less confident output responses to be passed to the student so as to
help the student generalize better. A specific JPEG adaptive encoding layer has been presented. The
effectiveness and accuracy performance advantage of CKD have been demonstrated via comprehensive
experimental results when it is compared with the conventional KD method and when the coded teacher
is applied on top of diverse underlying knowledge transfer methods.

Two areas for improvement in CKD are: (1) its time complexity; and (2) the sub-optimality of the
proposed JPEG adaptive encoding. Compared to the conventional KD, CKD has a slight increase in
time complexity due to using adaptive image encoding. Nonetheless, this time complexity increase is
significantly lower than that incurred by other knowledge transfer methods using input perturbation, such
as BSS and TALD. In our future work, we will address the sub-optimality of adaptive JPEG encoding by
exploring more advanced and generalized encoding methods to further improve the accuracy performance
of CKD.
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Chapter 6

Generalized Coded Knowledge Distillation

In this chapter, we explore the use of maximizing conditional mutual information (CMI) to enhance the
effectiveness of teacher networks in knowledge distillation (KD). Prior work achieves this by fine-tuning
a pretrained teacher to maximize a proxy of its CMI. However, this strategy faces two key limitations: (1)
modifying a high-performing teacher model may be impractical or undesirable in real-world applications,
and (2) optimizing a proxy for CMI introduces estimation errors that can hinder performance. To address
these challenges, we propose Generalized Coded Knowledge Distillation (GCKD)—a novel framework
that maximizes the true CMI of the teacher without altering its parameters. GCKD perturbs the teacher’s
input space by leveraging adversarial attack methods, which generate perturbed examples—referred to as
the coded dataset—by adding carefully crafted perturbations within a bounded constraint to clean inputs.
These informative examples are optimized using a novel alternating algorithm designed to directly and
accurately maximize CMI. Extensive experiments on CIFAR-100 and ImageNet, across diverse distilla-
tion methods and network architectures, demonstrate that GCKD consistently improves student model
performance while maintaining full compatibility with the standard KD pipeline.

6.1 Introduction

Knowledge distillation (KD) [9, 44] is a cornerstone technique for compressing large models by transfer-
ring knowledge from a high-capacity teacher model to a smaller student model. This approach enables
student models to achieve strong performance while avoiding the high computational costs associated
with training or deploying large models. Compared to other compression strategies like pruning [108] and
quantization [65], KD is often easier to implement and more effective at preserving accuracy, particularly
in settings where simplicity and efficiency are important. As a result, KD stands out as a practical and
reliable solution for deploying models under resource constraints.

Recent research on KD has focused on improving the student’s ability to replicate the teacher and
on understanding the underlying mechanisms of this process. Many studies have proposed methods to
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enhance imitation [47, 52, 77, 86, 90, 96, 109, 114, 117, 140, 143, 145], while others have explored the
theoretical foundations of KD [2, 22, 76, 79, 93, 137]. However, most of these approaches assume that
the teacher is trained solely to minimize cross-entropy (CE) loss, without considering how the teacher’s
output distribution influences the student’s generalization. This often results in overly confident, near
one-hot predictions that reduce the informativeness of the distillation signal [17, 78]. Consequently, the
effectiveness of KD can be limited by the quality of the teacher’s output, which is frequently overlooked.

To improve the quality of supervision in the KD framework, student-oriented teacher models have
been proposed to produce softer and more informative outputs. These approaches aim to enhance the
distillation signal by adjusting the teacher’s behavior to better support student learning [17, 26, 81, 106,
112, 128, 137]. Notably, MCMI by Ye et al. [137] demonstrates that maximizing conditional mutual
information (CMI) during teacher training can significantly improve distillation performance. However,
these methods typically require modifying the teacher’s parameters, which is often impractical in real-
world scenarios where the teacher model is fixed or proprietary. This limitation underscores the need for
strategies that enhance distillation without altering the teacher.

To overcome this constraint, another line of research has explored introducing perturbations at the
input level. In standard KD pipelines, both the teacher and student receive the same input images, which
may limit the teacher’s ability to fully transfer its representational knowledge. To address this, several
studies [42,84,141] have proposed using perturbed examples of the same input—generated by the teacher
and fed to the student—as an additional regularization term in the distillation objective. This encourages
the student to learn the teacher’s decision boundaries more effectively. Building on this idea, without
introducing additional regularization terms, Coded Knowledge Distillation (CKD) purposed by Salamh
et al. [98] demonstrates improved performance by proposing that adaptively compressing input images
can reduce the teacher’s overfitting and provide a more informative signal, while the student continues
to receive the raw input. However, these methods often treat each input sample independently, even
when samples belong to the same class-defined cluster, without considering the broader impact on the
entire cluster. This limitation overlooks the benefits of maximizing conditional mutual information across
clusters shown by Ye et al. [137], which has been shown to improve the consistency of the supervision
signal and enhance the overall effectiveness of the distillation process.

To address these limitations, we introduce Generalized Coded Knowledge Distillation (GCKD). GCKD
improves the teacher’s input by applying carefully crafted perturbations using backpropagation-based
gradient methods, generating perturbed examples with bounded magnitude designed to maximize the
teacher’s conditional mutual information. For instances, consider a classification DNN trained on a dataset
(x, y) ∈ D, modeled as a mapping from raw data x ∈ Rd to a probability distribution f(x) over class
labels, predicting an output label ŷ with probability f(x)[ŷ]. Drawing inspiration from Yang et al. [133],
we analyze the information geometry of the mapping x → f(x) by considering perturbed counterpart x′

of each input x, and its corresponding output propability distribution f(x′). The set of perturbed distribu-
tions {f(x′)} for all instances x′ sharing the same ground truth label y forms a cluster, referred to as the
perturbed cluster corresponding to y, denoted D′

y. Each cluster can be represented by a unique centroid,
denoted S′

y, computed as the average of the output probability distributions of all instances x′ ∈ D′
y within

the cluster. Collectively, these clusters form the set (x′, y) ∈ D′, which we refer to as the coded dataset
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used for teacher distillation.

Following Yang et al. [133], the adversarial objective in GCKD is formulated by measuring the con-
centration of each perturbed cluster using the CMI I(X ′; Ŷ ′ | Y = y), where X ′ is an perturbed sam-
ple corresponding to a benign sample X , Ŷ ′ is the random label predicted by the DNN in response to
X ′ with probability f(X ′)[Ŷ ′], and Y is the ground truth label of X . Here, X , Y , X ′, and Ŷ ′ are all
treated as random variables. Averaging over all labels y with respect to the distribution PY (y), the CMI
I(X ′; Ŷ ′ | Y ) quantifies the average concentration across all perturbed clusters generated by a given ad-
versarial backpropagation-based gradient method. If, for each label y, the centroid of the perturbed cluster
is not close to the one-hot probability vector corresponding to y, then a larger value of I(X ′; Ŷ ′ | Y ) indi-
cates a less concentrated cluster, which in turn leads to improved distillation performance. However, this
improvement comes with a tradeoff: as the perturbed clusters become less concentrated, the cross-entropy
between the teacher’s predictions and the true labels may increase, potentially reducing classification fi-
delity. Therefore, the optimization of I(X ′; Ŷ ′ | Y ) must balance cluster dispersion with the preservation
of label information.

Both I(X ′; Ŷ ′ | Y = y) and I(X ′; Ŷ ′ | Y ) depend on the underlying backpropagation-based method
which generates an perturbed instance x′ for each (x, y). Due to the diversity of potential backpropagation-
based methods and the uncertainty regarding which may be employed against a fixed teacher model,
we formulate the CMI maximization problem as identifying the perturbed sample X ′ that maximizes
I(X ′; Ŷ ′ | Y ) under the constraint d(X ′, X) ≤ ϵ, and define:

I(ϵ) = max
X′

I(X ′; Ŷ ′ | Y ),

where the maximization is taken over all backpropagation-based methods satisfying the perturbation con-
straint.

It is worth noting that one of the core differences between our methodology for maximizing CMI and
the approach proposed by Ye et al. [137] lies in how class-wise centroids are handled. While MCMI
fixes these centroids during CMI maximization—potentially compromising the accuracy of the CMI
proxy—our method introduces a novel alternating optimization algorithm that reformulates the objec-
tive as a double minimization problem. This allows centroids to be updated dynamically at each iteration
of the proposed alternating algorithm, resulting in more stable and effective training. Overall, GCKD
offers a practical and adaptive approach to improving distillation by enhancing the teacher’s supervision
signal without modifying its core parameters. Moreover, another key distinction from CKD by Salamah et
al. [98] is that CKD perturbs the raw input by pushing it away from its original representation in a discrete
space to mitigate the teacher’s overfitting. In contrast, GCKD operates in a continuous space, optimizing
perturbations through gradient-based methods to maximize CMI.

To demonstrate the effectiveness of GCKD, we conduct extensive experiments on two benchmark
datasets, covering both same- and cross-architecture distillation scenarios. The results consistently high-
light the orthogonality of GCKD to various KD pipelines and its superiority over Coded Knowledge
Distillation (CKD) [98].

Our main contributions are summarized as follows:
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• Generalized Coded Knowledge Distillation (GCKD): We introduce GCKD, a novel framework
that enhances distillation from a fixed teacher. The method leverages gradient-based perturbations
in the continuous input space to generate a teacher-specific coded dataset, which is optimized to
maximize a conditional mutual information (CMI) objective without altering the teacher model.

• Alternating CMI Maximization Algorithm: We introduce an efficient an alternating optimiza-
tion strategy that iteratively updates class centroids and input perturbations. This enable a more
accurate CMI proxy and achieves stable and effective maximization without modifying the teacher
and achieving more stable and effective maximization.

• Comprehensive Empirical Evaluation: We conduct extensive evaluations across diverse datasets
and model architectures, demonstrating GCKD’s generalizability, consistency, superiority, and
compatibility with a wide range of existing knowledge distillation pipelines.

6.2 Related Works

Knowledge Distillation Methods (KD): Knowledge Distillation (KD), also referred to as knowledge
transfer, is a widely adopted model compression technique wherein a compact student model is trained to
replicate the behavior of a larger, more complex teacher model. The foundational idea was introduced by
Bucilu et al. [9], who proposed training a smaller model to match the output logits of a larger ensemble.
This concept was later refined and popularized by Hinton et al. [44], who introduced the use of temper-
ature scaling to soften the output distributions of both teacher and student, thereby facilitating smoother
knowledge transfer.

Over time, KD methodologies have diversified significantly. According to the taxonomy proposed by
Yang et al. [129], existing KD approaches can be broadly categorized into three main groups. The first
category, known as response- or logit-based methods, focuses on aligning the output logits or softened
probability distributions of the teacher and student models. This includes a wide range of techniques such
as those proposed in [7,12,43,44,47,57,64,77,81,106,109,143,145]. The second category, feature-based
methods, aims to transfer intermediate representations or feature maps from the teacher to the student.
Notable contributions in this area include [14,19,43,52,96,114,117,138,140]. The third category, relation-
based methods, emphasizes preserving the structural relationships among data samples in the feature
space, as explored in [66, 86, 90, 130].

These categories reflect the evolution of KD from simple output matching to more sophisticated strate-
gies that consider internal representations and inter-sample relationships. Each approach offers unique
advantages and trade-offs depending on the architecture, task complexity, and deployment constraints.
This growing body of work has laid a strong foundation for further innovations in knowledge distillation,
including the development of student-oriented teacher models and input perturbation techniques, which
are discussed in the following sections.

KD with Student-Oriented Teacher Design: A growing body of work has shifted focus toward
tailoring the teacher model to better suit the learning dynamics of the student. Rather than relying on a

103



teacher optimized solely for its own performance, these methods aim to enhance the informativeness and
compatibility of the teacher’s outputs.

For instance, Cho & Hariharan et al. [17] and Wang et al. [121] demonstrate that early stopping or
using intermediate checkpoints during teacher training can preserve higher mutual information between
inputs and outputs, resulting in more informative soft labels. Similarly, Tan & Liu [112] and Yang et
al. [128] propose auxiliary loss functions that encourage the teacher to produce more dispersed output
distributions, thereby enriching the knowledge signal.

More recently, Dong et al. [26] introduced constraints such as Lipschitz continuity and consistency
regularization during teacher training to better approximate the true label distribution. In a related vein,
Ye et al. [137] proposed training the teacher using a Maximum Conditional Mutual Information (MCMI)
objective, which aims to approximate the Bayes conditional probability distribution (BCPD) more accu-
rately than conventional cross-entropy objectives. This approach captures richer contextual dependencies
and significantly boosts student performance.

Despite their effectiveness, these student-oriented methods often require modifying the teacher’s pa-
rameters—a limitation in scenarios where the teacher is a black-box model or has already been deployed
in production environments, making retraining infeasible.

Adversarial attack. State-of-the-art deep neural networks are reportedly vulnerable to attacks [35,
111]. Fast Gradient Sign Method (FGSM) [35], Projected Gradient Descent (PGD) [74], and Auto-Attack
[21] are a few examples of adversarial attacks that add specially crafted perturbations to clean inputs to
produce adversarial examples. The most popular technique for finding perturbations is using gradients
to maximize a model’s loss on given a clean input while limiting the perturbation size smaller than a
specified amount referred to a radius constraint epsilon. In other words, the adversarial attacks find a path
to transport clean inputs to cross model decision boundaries, which means to fool the model prediction.
In knowledge distillation, exploring the properties of the teacher (e.g., decision boundaries) is the key to
improving student performance but also for crafting inputs that steer the teacher’s output towards a desired
objective. Rather than using these perturbed examples to fool a model, they can be repurposed to generate
a richer, more informative supervision signal from the teacher, which is then used for distillation to the
student.

KD with Input Perturbation: Another promising direction involves perturbing the input space to en-
hance the diversity of knowledge transferred from teacher to student. Traditional KD pipelines typically
use identical inputs for both models, which may limit the expressiveness of the teacher’s knowledge. To
address this, adversarial and divergent input perturbations have been explored. Heo et al. [42] showed that
adversarial examples aligned with the teacher’s decision boundary can help the student learn more robust
and generalizable representations. However, their method generates only a single adversarial example per
input, limiting its coverage of the input space. Nguyen-Duc et al. [84] extended this idea by modeling a
local adversarial distribution around each input, thereby enabling a more comprehensive exploration of the
teacher’s decision boundaries. In the context of online co-distillation, , Zhang et al. [141] employed Gen-
erative Adversarial Networks (GANs) to synthesize divergent examples enriched with “dark knowledge,”
facilitating mutual learning among multiple student models.
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To reduce the computational burden of such methods, Salamah et al. [98] proposed a lightweight
alternative known as Coded Knowledge Distillation (CKD). CKD introduces an adaptive JPEG compres-
sion layer before the teacher model, generating multiple compressed variants of each input using different
quality factors (QFs). The most informative variant is selected based on a predefined criterion. While
CKD is efficient and effective, it is constrained by its reliance on a discrete set of predefined quantization
tables, limiting its ability to fully explore the space of compression-induced perturbations.

Our Proposed Method – GCKD: The proposed method, GCKD, builds upon the CKD framework
and addresses its key limitations through three major innovations:

• No Teacher Weight Modification: GCKD retains the coded teacher paradigm from CKD, elimi-
nating the need to update the teacher’s weights. This makes it highly suitable for real-world appli-
cations where the teacher model is immutable or provided as a black-box.

• Continious Space Optmization: We design a novel distillation dataset for the teacher model
within the knowledge distillation framework, which fully exploits the continuous input space using
backpropagation-based gradient methods, while keeping the teacher model fixed.

• Student-Oriented Optimization via MCMI: GCKD integrates the MCMI estimator from Ye et al.
[137] but overcomes its computational limitations by introducing a novel alternating optimization
algorithm. This algorithm dynamically updates both class-wise clusters and their centroids in the
output probability space, providing an analytical solution to the MCMI objective. Unlike the fixed-
centroid strategy in the original MCMI, which can accumulate estimation errors, our approach
ensures accurate CMI estimation and stable training dynamics. Our proposed alternating algorithm
provides an analytical solution to the MCMI objective, enabling efficient centroid updates and
accurate CMI estimation.

In summary, GCKD represents a synthesis of input perturbation and student-oriented KD paradigms,
offering a practical, efficient, and high-performing solution for real-world knowledge distillation scenar-
ios.

6.3 Notation and preliminaries

This section establishes the notation and foundational concepts used throughout the paper. We begin by
defining the core mathematical notation, followed by a review of key information-theoretic measures,
including cross-entropy, Kullback-Leibler (KL) divergence, and conditional mutual information (CMI).
Finally, we summarize the Coded Knowledge Distillation (CKD) framework, which serves as the basis
for our proposed method.

6.3.1 Notation

Let K be a positive integer, and define the index set [K] ≜ {1, . . . ,K}. Let the set of class labels be
denoted by [C] ≜ {1, . . . , C}. The set of all probability distributions over [C] is the (C − 1)-dimensional

105



probability simplex, denoted by△C−1. For a vector P ∈ RC , we denote its i-th element by P [i].

For any two distributions P1, P2 ∈ △C−1, the cross-entropy between them is defined as:

H(P1, P2) ≜
C∑
i=1

−P1[i] lnP2[i], (6.1)

where ln denotes the natural logarithm. The Kullback–Leibler (KL) divergence, or relative entropy, from
P1 to P2 is given by:

DKL(P1 ∥P2) ≜
C∑
i=1

P1[i] ln
P1[i]

P2[i]
. (6.2)

It follows that DKL(P1 ∥P2) = H(P1, P2)−H(P1), where H(P1) = H(P1, P1) is the Shannon entropy
of P1.

For any class label y ∈ [C], let δy ∈ △C−1 be the one-hot distribution where δy[y] = 1 and δy[i] = 0
for i ̸= y. The cross-entropy between δy and a distribution P ∈ △C−1 simplifies to:

H(δy, P ) = − lnP [y]. (6.3)

Let (X,Y ) be a pair of random variables representing an input and its corresponding label, with a
joint probability distribution PXY . We denote specific realizations as (x, y). The marginal distributions
are PX and PY , and conditional distributions are PY |X and PX|Y . The expectation with respect to a
random variable Z ∼ PZ is written as EZ [·] or simply E[·] when the context is clear.

The mutual information between two random variables X and Y is defined as:

I(X;Y ) = H(X)−H(X | Y ),

where H(X) is the entropy of X , and H(X | Y ) is the conditional entropy of X given Y . Intuitively,
mutual information quantifies the amount of information that knowing Y provides about X , or vice versa.
It measures the reduction in uncertainty about one variable due to knowledge of the other. If X and Y
are independent, then I(X;Y ) = 0, indicating that knowing one provides no information about the other.
Building on this, the conditional mutual information (CMI) of X and Y given a third variable Z is defined
as:

I(X;Y | Z) = H(X | Z)−H(X | Y, Z). (6.4)

CMI measures the amount of information shared between X and Y , conditioned on the knowledge of
a third variable Z. It captures how much knowing Y helps to predict X , beyond what is already known
from Z. This is particularly useful in scenarios where we want to isolate the direct dependency between
X and Y while accounting for the influence of Z.
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6.3.2 Conditional mutual information of a model

A DNN for classification can be viewed as a function fθ : X → △C−1 parameterized by weights θ, where
X is the input space (e.g., Rd). For an input x ∈ X , the network outputs a probability distribution fθ(x)
over the C classes. We will write f(x) for fθ(x) when the parameters θ are clear from context.

Let X be a random variable for the input and Y be the corresponding ground-truth label. Let Ŷ be the
random variable for the label predicted by the model f . The model’s output distribution for an input x is
f(x) = PŶ |X(·|x). This assumes the standard Markov chain Y → X → Ŷ , meaning the prediction Ŷ
is conditionally independent of Y given X based on the formal definition by Yang et al. [133]. The CMI
between the input X and the prediction Ŷ , conditioned on a specific ground-truth label Y = y, can be
expressed as an expected KL divergence. The derivation follows from the definition of CMI:

I(X; Ŷ | Y = y) =
∑
x

PX|Y (x | y)
[

C∑
i=1

PŶ |XY (Ŷ = i | x, y) ln
PŶ |XY (Ŷ = i | x, y)
PŶ |y(Ŷ = i | Y = y)

]

= EX|Y

[(
C∑
i=1

f(X)[i] ln
f(X)[i]

PŶ |y(Ŷ = i | Y = y)

)
| Y = y

]
= EX|Y [DKL(f(X)∥Sy) | Y = y] , (6.5)

where f(X) = PŶ |X,Y (· | X,Y ) denotes the model’s predictive distribution over the C classes and Sy

is the average predicted distribution for class y, formally defined as the centroid of the class-conditional
predictions:

Sy ≜ PŶ |Y (· | y) = EX|Y=y[f(X)].

This quantity, Sy, can be interpreted as the centroid of the cluster of output distributions {f(x)} for all
inputs x belonging to class y. Consequently, I(X; Ŷ | Y = y) measures the average ”distance” from
individual predictions within the class-y cluster to their centroid, thus quantifying the concentration of the
cluster. Averaging I(X; Ŷ | Y = y) over all classes y with respect to the class prior distribution PY (y)
yields the total CMI:

I(X; Ŷ | Y ) =

C∑
y=1

PY (y) I(X; Ŷ | Y = y) = EX,Y [DKL(f(X) ∥SY )] . (6.6)

6.3.3 Empirical Approximation of CMI

In practice, the true data distribution PXY is unknown. Given a training set D = {(xj , yj)}Nj=1, we can
approximate the CMI of a model f using its empirical estimate. Let Dy = {xj | (xj , yj) ∈ D, yj = y} be
the subset of inputs with label y, and let Ny = |Dy|. The empirical centroid Ŝy for class y is the sample
mean of the predictions for that class:

Ŝy =
1

Ny

∑
xj∈Dy

f(xj). (6.7)
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The empirical CMI, denoted Î(X; Ŷ | Y ), is then calculated as the weighted average of the KL diver-
gences to these empirical centroids:

Î(X; Ŷ | Y ) =
C∑

y=1

Ny

N

 1

Ny

∑
xj∈Dy

DKL(f(xj) ∥ Ŝy)


=

1

N

C∑
y=1

∑
xj∈Dy

DKL(f(xj) ∥ Ŝy). (6.8)

Hereafter, for notational simplicity within our algorithmic framework, we will use Sy and I(·) to refer to
these empirical estimates, as all subsequent computations are performed on the finite dataset D.

6.3.4 Coded Knowledge Distillation

The Coded Knowledge Distillation (CKD) framework, proposed by Salamah et al. [98], improves student
model generalization by addressing the common issue of teacher overconfidence. The core principle of
CKD is to perturb input images through an adaptive encoding layer before they are processed by the
teacher model, a technique that can be applied orthogonally to any existing distillation method. This
perturbation is specifically designed to mitigate the ”peakiness” of the teacher’s predictions—that is, to
transform overconfident, near one-hot probability vectors into softer, more informative distributions from
which the student can learn. Ideally, this process can be formulated as an optimization problem that
seeks to find a perturbed input X ′ that increases the entropy of the teacher’s output distribution while
maintaining correct classification, as shown in equation 6.9:

min
X′=F (X,Y )

E(X′,Y )

[
− log f(X

′
)[Y ]− λH(f(X

′
))
]

subject to d(X,X
′
) ≤ ε, (6.9)

where X
′
= F (X,Y ) is the perturbed input generated by the encoding function F , λ is a hyperparameter

balancing the classification and entropy terms, and the perturbation is constrained by d(X,X
′
) ≤ ε with

perturbation budget ε. However, as this formulation assumes a continuous encoding function, the original
authors implemented a practical, discrete alternative using adaptive JPEG compression. Their method
selects the compression quality factor that maximizes the KL divergence between the teacher’s outputs
for the original and compressed images, provided that the teacher still classifies the compressed image
correctly. Consequently, CKD leverages controlled input perturbations to generate richer supervisory
signals from the teacher, thereby improving the student’s performance and generalization capabilities.
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6.4 Generalized Coded Knowledge Distillation

This section details the theoretical foundation and algorithmic implementation of our proposed frame-
work, Generalized Coded Knowledge Distillation (GCKD). We begin by formulating the core optimiza-
tion problem that GCKD is designed to solve. Subsequently, we introduce a novel alternating optimization
algorithm engineered to overcome the computational challenges inherent in this formulation to design per-
turbed samples that maximize conditional mutual information. The section concludes by presenting the
complete GCKD framework, illustrating how these components integrate to improve distillation perfor-
mance.

Coded Teacher

Encoder
F (·, ·)

Teacher
f(·)

X ′ = F (X, Y )

d(X, X ′) ≤ ε
X

Y

Ŷ

Figure 6.1: A diagram illustrating the GCKD encoding Framework. The encoder takes inputs X
and Y , and generates a perturbed instance X ′ = F (X,Y ), constrained by d(X,X ′) ≤ ε. The
encoded input X ′ is then passed to a teacher model fθt to produce the final output Ŷ ′.

6.4.1 Overall Framework

The Generalized Coded Knowledge Distillation (GCKD) framework consists of two stages: (i) the teacher
encoding stage, and (ii) the distillation stage.

In the teacher encoding stage, given a fixed teacher model f , we prepend a generalized encoder F
to it that intakes the input X and its corresponding ground truth label Y and produce a perturbed input
X ′ = F (X,Y ) which is subsequently fed into f . To prevent significant semantic shift of the input, we
impose a constraint on the encoder. Given a distortion measure d(·, ·), the distortion between the raw
input X and the perturbed input X ′ should be bounded, i.e., d(X,X ′) = d(X,F (X,Y )) ≤ ϵ, where ϵ
is a predefined distortion budget. We then consider the encoder F and the teacher f as a whole and term
it the coded teacher following CKD [98]. A diagram is presented in Fig. 6.1 to illustrate the structure
of the coded teacher. To boost the distillation performance of the coded teacher without altering the
teacher model f , we optimize the encoder F , equivalently X̂ , to maximize the CMI of the coded teacher.
Details about the objective function and the optimization algorithm will be presented in the following
sections. Given a training set D = {(xj , yj)}Nj=1 to be used in distillation, the optimal solution of F is
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characterized by the coded dataset D′ = {(x′j , yj)}Nj=1, which contains perturbed samples generated from
our CMI maximization algorithm.

In the distillation stage, we use the coded teacher instead of the original teacher for distillation. That is,
given a training sample x during distillation, we use its perturbed version x′ from the coded dataset as the
input to the teacher f , and let the student learn from teacher’s knowledge represented by its intermediate
features or the final output using any distillation method. Note that the input to the student is always
the raw input x. Given its design, GCKD is completely plug-and-play in the distillation stage, being
compatible with all kinds of distillation method.

6.4.2 Problem Formation

The GCKD framework, illustrated in Figure 6.1, aims to generate more informative teacher signals by
crafting input perturbations. We formulate this as a constrained optimization problem that seeks a deter-
ministic encoding function F (X,Y ) to produce perturbed inputs X ′. The objective balances two goals:
maintaining classification accuracy on perturbed inputs, as measured by cross-entropy (CE), while simul-
taneously maximizing the CMI between the perturbed inputs and their corresponding predictions. The
CMI term encourages the teacher’s outputs to be structured in a way that is beneficial for distillation.

The optimization problem is:

min
F

E(X,Y )

[
H(δY , f(X

′))
]
− λI(X ′; Ŷ ′ | Y ) (6.10)

subject to d(X,F (X,Y )) ≤ ε ∀(X,Y ),

where X ′ = F (X,Y ), Ŷ ′ is the model’s prediction for X ′, λ > 0 is a trade-off hyperparameter, and
d(·, ·) ≤ ε is a perturbation constraint (e.g., an ℓp-norm ball). The term I(X ′; Ŷ ′ | Y ) is the perturbed
CMI in our context, which we formally define next.

Directly optimizing Equation 6.10 is computationally intractable. The perturbed CMI term, I(X ′; Ŷ ′ |
Y ) = E[DKL(f(X

′) ∥S′
Y )], depends on the perturbed centroids S′

Y = EX|Y [f(F (X,Y ))]. Each centroid
S′
y is an expectation over all perturbed inputs X ′ of class y. This creates a global dependency: the optimal

perturbation for a single input x depends on the perturbations of all other inputs in its class. This complex
interdependency makes standard gradient-based optimization with respect to F infeasible. Prior work by
Ye et al. [137] circumvents a similar issue by fixing the centroids Sy using values pre-calculated from a
fixed teacher model. However, this approach is suboptimal because the very process of finding optimal
perturbations X ′ should, in turn, cause the centroids themselves to shift. Using fixed centroids provides
an inconsistent target and does not fully resolve the underlying optimization challenge.

To overcome this challenge, we propose an alternating optimization algorithm that decouples the
problem, as detailed in Section 6.4.4.
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6.4.3 Extension of CMI to the Adversarial Context

Our algorithm operates by replacing benign inputs X with their perturbed counterparts X ′ = F (X,Y ),
where the encoding function F is deterministic. This modifies the model’s output geometry. We adapt
the definitions of CMI and class centroids to this setting, using the perturbed random variables X ′ and the
corresponding model prediction Ŷ ′.

The CMI for a specific class y and the total CMI are defined as:

I(X ′; Ŷ ′|Y = y) = EX′|Y=y

[
DKL(f(X

′) ∥S′
y)
]
= EX|Y=y

[
DKL(f(F (X,Y )) ∥S′

y)
∣∣Y = y

]
, (6.11)

I(X ′; Ŷ ′|Y ) = EX′,Y

[
DKL(f(X

′) ∥S′
Y )
]
= EX,Y

[
DKL(f(F (X,Y )) ∥S′

Y )
]
, (6.12)

where the perturbed centroid for class y is the expected model prediction over all perturbed inputs of that
class:

S′
y ≜ EX|Y=y[f(F (X,Y ))]. (6.13)

A key theoretical question is whether the identity I(X; Ŷ ′|Y ) = I(X ′; Ŷ ′|Y ) holds in our framework,
which formed through Equations 6.5 to 6.8. The standard formulation by Yang et al. [133] assumes the
Markov chain Y → X → Ŷ . In contrast, our framework implies the chain (X,Y ) → X ′ → Ŷ ′, where
the perturbation X ′ may depend on both X and Y as previously illustrated in Figure 6.1. The following
lemma confirms that the identity still holds due to the deterministic nature of the encoding function F .

Lemma 1 Given the Markov chain (X,Y ) → X ′ → Ŷ ′, where X ′ = F (X,Y ) is a deterministic
function and the model f defines PŶ ′|X′ , the following informational equivalence holds:

I(X; Ŷ ′ | Y ) = I(X ′; Ŷ ′ | Y ). (6.14)

Proof: By definition, CMI is I(A;B | C) = H(B | C)−H(B | A,C). Thus, we need to show:

H(Ŷ ′ | Y )−H(Ŷ ′ | X,Y ) = H(Ŷ ′ | Y )−H(Ŷ ′ | X ′, Y ).

This is equivalent to proving H(Ŷ ′ | X,Y ) = H(Ŷ ′ | X ′, Y ). From the Markov chain (X,Y )→ X ′ →
Ŷ ′, the prediction Ŷ ′ is conditionally independent of (X,Y ) given X ′. Formally, P (ŷ′ | x, y, x′) =
P (ŷ′ | x′). The conditional entropy is H(Ŷ ′ | X,Y,X ′) = EX,Y,X′ [− logP (Ŷ ′ | X,Y,X ′)] =

EX′ [− logP (Ŷ ′ | X ′)] = H(Ŷ ′ | X ′). Since X ′ = F (X,Y ) is a deterministic function, condition-
ing on (X,Y ) is equivalent to conditioning on (X,Y,X ′). Therefore,

H(Ŷ ′ | X,Y ) = H(Ŷ ′ | X,Y,X ′) = H(Ŷ ′ | X ′).
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Similarly, conditioning on (X ′, Y ) means we know X ′. From the Markov property, knowledge of Y
provides no additional information about Ŷ ′. Thus,

H(Ŷ ′ | X ′, Y ) = EX′,Y [− logP (Ŷ ′ | X ′, Y )] = EX′ [− logP (Ŷ ′ | X ′)] = H(Ŷ ′ | X ′).

Since both conditional entropies equal H(Ŷ ′ | X ′), they are equal to each other, which completes the
proof. □

Lemma 1 provides the theoretical justification for using I(X ′; Ŷ ′ | Y ) in our objective function. It
confirms that the information about the prediction is the same whether we consider the original input X
or the perturbed input X ′, because X ′ is just a deterministic transformation of (X,Y ). This allows us to
focus our optimization on the more convenient term involving X ′.

Alternative Proof of Lemma 1

This subsection provides an alternative proof for the informational equivalence stated in Lemma 1, namely
I(X; Ŷ ′|Y ) = I(X ′; Ŷ ′|Y ). The proof proceeds by applying the law of total probability to demonstrate
that the relevant conditional probability distributions are identical.

Under the GCKD Markov chain (X,Y ) → X ′ → Ŷ ′, the perturbed sample X ′ is generated by
a deterministic function X ′ = F (X,Y ). This implies that the conditional probability density function
PX′|XY (x

′ | x, y) is a Dirac delta function centered at F (x, y):

P (x′ | x, y) = δ(x′ − F (x, y)) =

{
1 if x′ = F (x, y),

0 otherwise.

Using the law of total probability, we can express the conditional distribution of Ŷ ′ given (X,Y ) by
marginalizing over all possible values of X ′:

PŶ ′|XY (ŷ
′ | x, y) =

∫
PŶ ′|X′XY (ŷ

′ | x′, x, y) PX′|XY (x
′ | x, y) dx′

=

∫
PŶ ′|X′(ŷ

′ | x′) PX′|XY (x
′ | x, y) dx′ (by Markov property)

= PŶ ′|X′(ŷ
′ | F (x, y)) (by deterministic property of X ′)

= f(F (x, y))[ŷ′] = f(x′)[ŷ′].

Since x′ = F (x, y) and the prediction ŷ′ is conditionally independent of Y given X ′, we arrive at the
following equality of conditional distributions:

PŶ ′|XY (· | x, y) = PŶ ′|X′(· | x′) = PŶ ′|X′Y (· | x′, y). (6.15)

The equivalence of these distributions directly implies an equivalence in their corresponding conditional
entropies:

H(Ŷ ′ | X,Y ) = H(Ŷ ′ | X ′, Y ).

As established in the proof in the main text, this equality is sufficient to prove the lemma.
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6.4.4 Alternating Optimization for CMI Maximization

Having established the theoretical validity of the perturbed CMI term, we now introduce the algorithm
designed to solve the GCKD objective. The core challenge is the interdependence between the perturbed
samples (X ′) and the perturbed centroids (S′

Y ).

To address this, we reformulate the objective by introducing an auxiliary conditional distribution,
Q(· | i, y). This technique allows us to convert the problem into a tractable double minimization, as
formalized in the following theorem. The encoding function F (X,Y ) is instantiated using gradient-based
adversarial attacks with a fixed number of steps (e.g., PGD), ensuring it remains a deterministic function
as required by Lemma 1.

Theorem 2 For any i, y ∈ {1, . . . , C}, let Q′(· | i, y) denote a dummy conditional distribution over the
input space X , which is assumed to be discrete for simplicity. Then the minimization of the objective
function equation 6.10 can be computed by solving the following double minimization problems with
λ > 0:

I(ε) = min
F : ∥X−X′∥p≤ε

(
E(X,Y )

[
H(δY , fθ(X

′))
]
− λ I(X ′; Ŷ ′ | Y )

)
= min

F : ∥X−X′∥p≤ε
min

Q′(x|i,y)

(
E(X,Y )

[
H(δY , fθ(X

′))
]
− λ

∑
x,y

P (x, y)
C∑
i=1

fθ(x
′)[i] lnQ′(x | i, y)

)
,

(6.16)

where the inner minimization above is achieved when

Q′(x | i, y) =
PX|Y (x | y) fθ(x′)[i]

PŶ ′|Y (i | y)
. (6.17)

Proof of Theorem 2

For simplicity, we drop the subscript θ from f(.), and assume that the space of X is discrete. To prove
Theorem 2, we first introduce an auxiliary distribution Q′(· | i, y) and derive a new expression for
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I(X; Ŷ ′ | Y ) as follows:

I(X; Ŷ ′ | Y ) =
∑
y∈[C]

PY (y)I(X
′; Ŷ ′ | Y = y)

=
∑
y

∑
x

P (x, y)

C∑
i=1

PŶ |X′Y (Ŷ = i | x′, y) ln
PŶ |X′Y (Ŷ = i | x′, y)
PŶ ′|Y (Ŷ

′ = i | Y = y)

=
∑
y

∑
x

P (x, y)

C∑
i=1

f(F (x, y))[i] ln
f(F (x, y))[i]

PŶ ′|Y (Ŷ
′ = i | Y = y)

(6.18)

=
∑
y

PY (y)
∑
x

PX|Y (x | y)
C∑
i=1

f(F (x, y))[i] ln
PX|Y (x | y)f(F (x, y))[i]

PX|Y (x | y)PŶ ′|Y (i | y)

=
∑
y

PY (y)
C∑
i=1

PŶ ′|Y (i | y)
∑
x

PX|Y (x | y)f(F (x, y))[i]

PŶ ′|Y (i | y)
ln

PX|Y (x | y)f(F (x, y))[i]

PX|Y (x | y)PŶ ′|Y (i | y)
(6.19)

= max
{Q′(x|i,y)}

∑
y

PY (y)
C∑
i=1

PŶ ′|Y (i | y)
∑
x

PX|Y (x | y)f(F (x, y))[i]

PŶ ′|Y (i | y)
ln

Q′(x | i, y)
PX|Y (x | y)

= max
{Q′(x|i,y)}

∑
x,y

P (x, y)
C∑
i=1

f(F (x, y))[i] ln
Q′(x | i, y)
PX|Y (x | y)

, (6.20)

where equation 6.18 is due to equation 6.15 , Equation 6.19 follows from the cross entropy inequality, and
the maximization in Equation 6.20 is achieved when

Q
′∗
(x | i, y) =

PX|Y (x | y)f(F (x, y))[i]

PŶ ′|Y (i | y)
. (6.21)

Thus, the original objective function 6.10 can be converted into a double minimization problem over
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F and {Q′(x | i, y)} as follows:

I(ϵ) = min
F :∥X−X′∥p≤ϵ

{
E(X,Y )[H(δY , f(X

′))]− λ I(X; Ŷ | Y )
}

= min
F :∥X−X′∥p≤ϵ

{
E(X,Y )[H(δY , f(X

′))]− λ max
{Q′(x|i,y)}

∑
x,y

P (x, y)
C∑
i=1

f(F (x, y))[i] ln
Q′(x | i, y)
PX|Y (x | y)

}

≡ min
F :∥X−X′∥p≤ϵ

{
E(X,Y )[H(δY , f(X

′))]− λ max
{Q′(x|i,y)}

∑
x,y

P (x, y)
C∑
i=1

f(F (x, y))[i] lnQ′(x | i, y)
}

(6.22)

= min
F :∥X−X′∥p≤ϵ

{
E(X,Y )[H(δY , f(X

′))] + λ min
{Q′(x|i,y)}

−
∑
x,y

P (x, y)
C∑
i=1

f(F (x, y))[i] lnQ′(x | i, y)
}

= min
F :∥X−X′∥p≤ϵ

min
{Q′(x|i,y)}

{
E(X,Y )[H(δY , f(F (X,Y )))]− λ

∑
x,y

P (x, y)
C∑
i=1

f(F (x, y))[i] lnQ′(x | i, y)
}
,

□

where the symbol “≡” in Equation 6.22 indicates equivalence up to an additive constant independent of
Q′(x | i, y), which is omitted here for clarity.

This reformulation of the problem as minF minQ is powerful because it lends itself directly to an
alternating optimization scheme that solves the equivalent minimax problem minF maxQ′ . In practice,
we work with an empirical estimate of the objective over a training set D. The empirical loss can thus be
written as:

Lemp = L
(
λ, x′, {Q′(x | i, y)}(x,y)∈D, i∈{1,...,C}

)
=

1

|D|
∑

(x,y)∈D

(
− ln fθ(x

′)[y]
)

︸ ︷︷ ︸
LCE

− λ
1

|D|
∑

(x,y)∈D

[
C∑
i=1

fθ(x
′)[i] lnQ′(x | i, y)

]
︸ ︷︷ ︸

LGCKD

, (6.23)

where x′ = F (x, y). The structure of this objective leads to a practical algorithm where we minimizeLemp
by iteratively alternating between updating the perturbed samples x′ (minimization over F ) and updating
the auxiliary distributions Q′ (maximization over Q), as detailed in the following section.

6.4.5 Alternating Optimization Procedure

The double minimization problem in Theorem 2 lends itself to an alternating optimization algorithm that
implements a minimax strategy. This approach iteratively solves the GCKD objective by breaking it into
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two sub-problems: generating optimal perturbations x′ for a fixed auxiliary distribution Q′, and then
updating Q′ based on the new perturbations.

Initialization: Before the main optimization loop, initial values for the perturbed centroids {S′
y} and the

auxiliary distributions {Q′} are computed. The centroids are initialized using the teacher’s predictions on
the original, unperturbed dataset D as per Eq. equation 6.7. Subsequently, the initial Q′ distributions are
calculated based on these centroids and the original predictions.

The algorithm then proceeds by alternating between two steps for a fixed number of iterations:

Step 1: Perturbed Sample Generation (Fixed Q′). In this step, we hold the auxiliary distributions
{Q′} from the previous iteration constant. For each sample (xj , yj) ∈ D, we find the optimal perturbed
sample x′j by minimizing the per-sample loss derived from Eq. equation 6.23:

min
x′
j

H(δyj , f(x
′
j))− λ

C∑
i=1

f(x′j)[i] lnQ
′(xj | i, yj) (6.24)

subject to d(xj , x
′
j) ≤ ε.

This objective is minimized using a gradient-based procedure (e.g., PGD), producing a new set of per-
turbed samples {x′j}Nj=1.

Step 2: Auxiliary Distribution Update (Fixed Perturbations). With the set of perturbed samples
{x′j} now fixed, we update the auxiliary distributions {Q′} for the next iteration. This involves two sub-
steps:

1. Centroid Update: First, the perturbed centroids {S′
y} are recalculated as the empirical mean of

the teacher’s predictions over the newly generated perturbed samples:

S′
y ←

1

Ny

∑
(xj ,yj)∈D, yj=y

f(x′j). (6.25)

2. Q′ Calculation: Using the updated centroids and the new predictions {f(x′j)}, the auxiliary distri-
butions {Q′} are recalculated according to Eq. equation 6.17 for each sample.

Q∗′(x | i, y)←
PX|Y (x | y) f(x′)[i]

PŶ ′|Y (i | y)

=
Nx,y · f(x′)[i]

Ny · PŶ ′|Y (i | y)
, i ∈ [C], (6.26)

where D′
y = {(x′j , yj) ∈ D | x′j = x′, yj = y} and Nx,y = |Dx,y|. For typical datasets, Nx,y = 1.
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Step 3. Repeat Step 1 and Step 2 until convergence. Return the coded dataset D′ at the last iteration.

The alternating optimization procedure constitutes the first stage of the overall GCKD training frame-
work. As outlined in Algorithm 3, this stage is executed once per epoch to generate a fixed set of “coded”
inputs X ′ that will serve as the “Coded Dataset” for the subsequent training iterations. In the second
phastagese, this pre-computed dataset is used to train the student model. This two-stages approach en-
sures that the computationally intensive process of generating optimal perturbations is performed only
once per epoch, after which standard distillation training can proceed.
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Algorithm 3 Alternating Optimization for GCKD
Input: Fixed teacher fθt , student fθs , dataset D, epochs T , alternating iterations Kalt, PGD steps Kpgd.
Input: Perturbation budget ε, PGD step size α, CMI weight λ, distillation weight β.

1: for epoch e = 1, . . . , T do
2: // — Stage 1: Find Optimal Perturbations X ′ for the Epoch —
3: Let X be the set of all original images in D.
4: Let X ′ be the set of perturbed images, initialized as X ′ ← X .
5: Initialize centroids and Q′:
6: for each class y do
7: S′

y ← 1
|Dy |

∑
xj∈Dy

fθt(xj).
8: end for
9: for each sample (xj , yj) and class index i do

10: lnQ′(xj | i, yj)← ln(1/|Dyj |) + ln fθt(xj)[i]− lnS′
yj [i].

11: end for
12: for iter k = 1, . . . ,Kalt do ▷ Alternating optimization loop
13: // Step (a): Generate perturbed X ′ using fixed Q′ from previous iter
14: for each sample (xj , yj) ∈ D do
15: Define attack loss: Lattack(x

′
j) = H(δyj , fθt(x

′
j))− λ

∑C
i=1 fθt(x

′
j)[i] lnQ

′(xj | i, yj).
16: Apply PGD for Kpgd steps to update x′j , projecting onto the ℓ∞-ball around xj .
17: end for
18: // Step (b): Update centroids S′ and Q′ using new perturbed X ′

19: for each class y ∈ [C] do
20: S′

y ← 1
|Dy |

∑
x′
j from class y fθt(x

′
j).

21: end for
22: for each sample (xj , yj) and class index i do
23: lnQ′(xj | i, yj)← ln(1/|Dyj |) + ln fθt(x

′
j)[i]− lnS′

yj [i].
24: end for
25: end for
26: At this point, X ′ contains the final set of perturbed images for the epoch.
27: // — Stage 2: Train Student Model using fixed X and X ′ —
28: for each mini-batch B ⊂ D do
29: Let Bx = {xj | (xj , yj) ∈ B}.
30: Let Bx′ = {x′j | (xj , yj) ∈ B}.
31: Compute student loss: Lstudent ← LCE(zs, y) + βLdistill(fθs(Bx), fθt(Bx′)).
32: Update θs using ∇θsLstudent.
33: end for
34: end for
35: return Trained student model fθs .
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(a) FGSM (b) PGD (c) Amortized PGD

Figure 6.2: A conceptual illustration of different strategies for generating perturbed inputs. In
this diagram, qi is used as a shorthand for the auxiliary ‘dummy’ distribution, Q′(x|i, y), which is
central to the double minimization problem formulated in Theorem 2. (a) FGSM is a single-step
method that provides a coarse approximation of the optimal perturbation. (b) PGD iteratively
refines the perturbation x′ to better solve the inner minimization problem while the set of dummy
distributions {qi} is held fixed. (c) Amortized PGD represents a more efficient variant where
the dummy distribution qi is updated after each perturbation of x′

i, a process that is faster but
potentially less precise than completing the full PGD optimization for a fixed {qi}.

The core of Stage 1 is the generation of a ”coded dataset” through input perturbations. The choice
of the perturbation generation strategy is critical, as different methods offer a trade-off between compu-
tational cost and the thoroughness of the optimization. We considered three prominent adversarial attack
strategies for this task: the FGSM, PGD, and an Amortized PGD variant. These alternatives are concep-
tually illustrated in Figure 6.2.

The procedural differences between these methods are as follows:

• FGSM is a computationally inexpensive, single-step method that generates a perturbation in the
direction of the loss function’s gradient.

• PGD is an iterative, multi-step method that can be seen as a stronger version of FGSM. It repeatedly
applies the gradient-based step and projects the result back into the allowed perturbation space,
allowing for a more thorough search for an effective perturbation.

• Amortized PGD is a variant we considered that updates the auxiliary distribution after each per-
turbation step, aiming to reduce computational overhead compared to the full PGD procedure.

To empirically determine the optimal strategy for our framework, we conducted an ablation study
comparing the final student performance when trained on coded datasets generated by each of these three
methods. The results of this comparison are detailed in the Experimental Results section (Section 6.5).
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6.5 Experiments

This section presents the empirical evaluation of the Generalized Coded Knowledge Distillation (GCKD)
framework. We first detail the experimental setup for the CIFAR-100 and ImageNet datasets. We then
present an ablation study on the choice of perturbation generation strategy, followed by the main results
comparing the GCKD teacher against a conventional teacher across various state-of-the-art distillation
methods.

6.5.1 Experimental Setup

All experiments follow the two-stages procedure outlined in Algorithm 3. In Stage 1, a ”coded dataset”
of perturbed inputs is generated. In Stage 2, this dataset is used to train a student model via knowledge
distillation. The baseline for comparison is a conventional teacher trained with the standard Negative
Log-Likelihood (NLL) loss.

CIFAR-100. Pretrained teacher models were obtained from the official CRD repository [114]. The
GCKD coded dataset was generated once per epoch. The alternating optimization (Stage 1) used a 2-step
PGD attack (Kpgd = 2) with a perturbation budget of ε = 0.12/255 and a step size of α = 0.06/255.
The CMI weight was set to λ = 0.5 for the WRN-40-2 teacher and λ = 0.3 for the VGG-13 teacher.
Student training (Stage 2) followed the protocol in [114], training for 240 epochs with a batch size of 64.
The learning rate was initialized to 0.05 and decayed by a factor of 0.1 at epochs 150, 180, and 210. For
MobileNetV2 and ShuffleNetV1 students, the initial learning rate was 0.01. Results are reported as the
average accuracy over three independent runs.

ImageNet. Pretrained teacher models were sourced from the official PyTorch repository. To manage
computational load, the GCKD coded dataset was generated offline once, without data augmentation, prior
to student training. The alternating optimization procedure was run for Kalt = 12 iterations. Perturbations
were generated using a 7-step PGD attack (Kpgd = 7) with ε = 0.1/255 and α = 0.15/255. The
CMI weight was set to λ = 0.5 for the ResNet-34→ResNet-18 pair and λ = 0.44 for the ResNet-
50→MobileNetV2 pair. Student training followed the setup in [143], training for 100 epochs with a batch
size of 256 and an initial learning rate of 0.1.

6.5.2 Ablation on Perturbation Generation Strategy

To determine the optimal strategy for generating perturbed inputs in Stage 1, we compared the perfor-
mance of students trained with coded datasets generated by three different attack methods: single-step
FGSM, Amortized PGD, and multi-step PGD. Table 6.1 shows the resulting student test accuracies on
CIFAR-100 for VGG-13 teacher models paired with VGG-8 and MobileNetV2 students, using both KD
and DIST distillation methods. Multi-step PGD yielded the highest student accuracy on CIFAR-100.
However, we selected the more computationally efficient Amortized PGD for subsequent experiments, as
it offers a strong trade-off between performance and computational cost.
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Table 6.1: Comparison of student test accuracy (%) using different adversarial attack strategies to
generate the coded dataset for the GCKD teacher. Results are shown for VGG-13 as the teacher
and two different students (VGG-8, MobileNetV2). ’Conventional’ refers to a standard NLL
teacher.

Teacher→ Student Method Conventional FGSM Amortized PGD PGD

VGG-13→ VGG-8
KD 72.98 73.61 73.86 74.12
DIST 73.89 74.14 74.56 74.71

VGG-13→MobileNetV2
KD 67.37 68.34 68.78 68.91
DIST 68.50 68.93 69.48 69.61

6.5.3 Results on CIFAR-100

Table 6.2 presents the main results on the CIFAR-100 dataset. The table compares the test accuracies
of student models trained with a conventional NLL teacher versus those trained with our GCKD teacher.
The evaluation spans multiple teacher-student architecture pairs and a comprehensive set of distillation
methods, including logit-based (KD, DKD, DIST, WTTM), relation-based (CC), and feature-based (AT,
FitNet, FT, SP, ITRD) approaches. In all reported experiments, the student model trained using the GCKD
teacher achieved a higher test accuracy than the student trained with the conventional teacher.

6.5.4 Results on ImageNet

Table 6.3 reports the performance of GCKD on the large-scale ImageNet dataset for two teacher-student
pairs: ResNet-34→ResNet-18 and ResNet-50→MobileNetV2. We compare the GCKD teacher against
the conventional teacher using five representative distillation methods. The table shows the Top-1 accu-
racy for the student models. For both teacher-student pairs and all tested distillation methods, the student
trained with the GCKD teacher obtained a higher Top-1 accuracy than the student trained with the con-
ventional teacher.

6.5.5 Comparison with MCMI

Our GCKD framework builds upon the principle of maximizing CMI, similar to MCMI. However, MCMI
requires modifying the teacher model and relies on fixed, pre-calculated class centroids during optimiza-
tion. As argued in Section 6.4, this leads to an inconsistent optimization target, since the very act of
perturbing inputs should inherently shift these centroids. GCKD resolves this ”fixed-centroid problem”
directly. By employing a novel alternating optimization algorithm, GCKD dynamically updates the class
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Table 6.2: The test accuracy (%) of student networks on CIFAR-100 (averaged over 3 runs), with
teacher-student pairs of the same/different architectures. The subscript denotes the improvement
achieved by replacing the standard teacher with the GCKD teacher. We use bold numbers and
asterisk (*) to denote the best results. GCKD delivers consistent accuracy gains across a wide
variety of architectures and KD methods.

GCKD distillation performance on CIFAR100 for different and same architectures.

Teacher
WRN-40-2 VGG-13 WRN-40-2 WRN-40-2 VGG-13

CE GCKD CE GCKD CE GCKD CE GCKD CE GCKD
Training Acc 99.87 99.84 99.96 99.85 99.87 99.84 99.87 99.84 99.96 99.85

NLL 0.0158 0.0407 0.0067 0.0122 0.0158 0.0407 0.0158 0.0407 0.0067 0.0122
CMI 0.0398 0.1328 0.0175 0.0414 0.0398 0.1328 0.0398 0.1328 0.0175 0.0414

3.15× 2.37× 3.15× 3.15× 2.37×

Student ShuffleNetV1 MobileNetV2 WRN-16-2 WRN-40-1 VGG-8
Accuracy 70.50 64.60 73.26 71.98 70.36

KD 74.83 76.30 67.37 68.78 74.92 75.61 73.54 73.86 72.98 73.85
+1.47 +1.41 +0.69 +0.32 +0.87

FitNet 73.73 74.41 64.14 66.02 73.58 74.41 72.24 72.95 71.02 71.92
+0.68 +1.88 +0.83 +0.71 +0.90

AT 73.32 75.28 59.40 61.17 74.08 74.87 72.77 73.40 71.43 72.13
+1.96 +1.77 +0.79 +0.63 +0.70

SP 74.52 76.51 66.30 67.82 73.83 74.36 72.43 73.10 72.68 73.75
+1.99 +1.52 +0.53 +0.67 +1.07

CC 71.38 72.34 64.86 65.85 73.56 73.93 72.21 72.97 70.71 71.25
+0.96 +0.99 +0.37 +0.76 +0.54

FT 72.03 73.91 61.78 62.62 73.25 74.37 71.59 72.54 70.58 71.46
+1.88 +0.84 +1.12 +0.95 +0.88

DIST 76.22 76.71 68.50 69.48 75.51 76.00 74.26∗ 74.65 73.89 74.56
+0.49 +0.98 +0.49 +0.39 +0.67

DKD 76.70 77.01 69.71 69.91 75.63 76.66 74.85 74.97 74.68 75.08
+0.31 +0.20 +1.03 +0.12 +0.40

ITRD 77.09 77.59 70.39 70.92 76.12 76.50 75.18 75.31 74.86∗ 75.17
+0.50 +0.53 +0.38 +0.13 +0.31

WTTM 75.42 75.60 69.16 69.42 76.37 76.56 74.58 74.70 74.33 74.64
+0.18 +0.26 +0.19 +0.12 +0.31

centroids in each iteration. This ensures a more stable and theoretically sound optimization process, lead-
ing to comparable or improved performance over MCMI without the need to modify the teacher model,
as shown in the CIFAR-100 results in Fig. 6.3.
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GCKD distillation performance on ImageNet

Teacher-Student Method Teacher Performance KD ReviewKD DKD LSKD WSLD

Training Acc. CMI NLL Top1 Top5 Top1 Top5 Top1 Top5 Top1 Top5 Top1 Top5

RN34-RN18
NLL 84.690 0.718 0.560 70.66 90.05 71.61 90.51 71.70 90.41 71.42 90.29 71.73 90.45
GCKD 83.685 0.930 0.433 71.41 90.13 71.77 90.55 71.88 90.46 71.70 90.58 71.98 90.43
∆ / / / +0.75 +0.16 +0.18 +0.28 +0.25

RN50-MNV1
NLL 87.457 0.598 0.448 70.50 89.80 72.56 91.00 72.05 91.05 72.18 91.06 72.02 91.03
GCKD 87.191 0.829 0.312 70.84 89.79 72.85 91.23 72.50 91.06 72.57 91.06 72.60 90.91
∆ / / / +0.34 +0.29 +0.45 +0.39 +0.58

Table 6.3: Top-1 and Top-5 test accuracy (%) of student models on the ImageNet validation set
for six KD methods, demonstrating the performance gain of GCKD. For both teacher-student
pairs (ResNet-34→ ResNet-18 and ResNet-50→MobileNetV1), using the GCKD teacher con-
sistently improves student accuracy over the standard NLL teacher baseline across all KD meth-
ods. RN and MN denote ResNet and MobileNet, respectively.

6.5.6 Comparison with CKD and TALD

GCKD also advances perturbation-based distillation methods like Coded Knowledge Distillation (CKD).
While CKD introduces perturbations to mitigate teacher overfitting, it operates within a discrete space and
focuses on a sample-wise entropy objective. GCKD extends this concept by operating in a significantly
larger continuous space, which allows it to directly maximize the true CMI of the teacher’s output. This
approach enables the generation of a richer, more informative ”coded dataset.” As a result, when applied
to the same knowledge distillation methods on CIFAR-100, GCKD consistently achieves comparable or
superior performance to CKD and another related method, TALD (Fig. 6.3). This demonstrates the benefit
of performing gradient-based CMI maximization in a continuous domain.

(a) VGG-13 / VGG-8 (b) WRN-40-2 / WRN-40-1

Figure 6.3: (a) Comparison with MCMI. (b) Comparison with CKD and TALD.
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6.6 Analysis

In this section, we provide a detailed analysis to validate the core mechanisms of our proposed GCKD
framework. First, we demonstrate the convergence and stability of the alternating optimization algorithm.
Second, we present a geometric analysis of the teacher’s output probability space to visualize how GCKD
achieves its objective of CMI maximization.

6.6.1 Convergence of the Alternating Optimization

The central innovation of GCKD is the alternating optimization procedure (Stage 1 of Algorithm 3),
designed to solve the intractable CMI maximization problem defined in Equation equation 6.10. To verify
its effectiveness, we track key metrics during the alternating optimization loop within a single epoch.
Figure 6.4 plots the evolution of these metrics for a ResNet-34 teacher on ImageNet.

The optimization process aims to minimize the per-sample attack loss, Lattack, defined in Equa-
tion equation 6.24. This loss consists of a cross-entropy term, H(δyj , fθt(x

′j)), and a CMI-maximization
term, −λ∑ ifθt(x

′
j)[i] lnQ

′(xj | i, yj). As shown in Figure 6.4, the total attack loss (Lattack) and the
CMI-related component (CMI Loss) consistently decrease over the iterations. This demonstrates that the
algorithm successfully optimizes the objective and finds perturbations that maximize the empirical CMI
of the teacher’s outputs.

This CMI maximization is achieved by design at the cost of a slight, controlled degradation in the
teacher’s performance on the perturbed dataset. We observe a modest increase in the Negative Log-
Likelihood (NLL)—the cross-entropy component of the loss—and a corresponding drop in the teacher’s
Top-1 accuracy. This illustrates the fundamental trade-off at the heart of GCKD: sacrificing a small
amount of teacher confidence to generate softer, more structured, and thus more informative (higher CMI)
supervisory signals for the student. The stability of this process across different PGD step sizes (α = 0.03
and α = 0.1) further validates the robustness of our alternating optimization approach.

6.6.2 Geometric Analysis of the GCKD Output Space

To understand the effect of CMI maximization geometrically, we visualize the teacher’s output probability
distributions. According to our formulation, maximizing the class-conditional CMI, I(X ′; Ŷ ′|Y = y),
is equivalent to maximizing the average KL divergence between individual predictions f(x′) and their
corresponding perturbed centroid S′

y (Equation 6.11). Geometrically, this means the cluster of output
distributions for a given class should become less concentrated and more dispersed around its centroid.

Figure 6.5 provides a 2-simplex visualization for a 3-class subset of CIFAR-100, showing how the
output space of a VGG-13 GCKD teacher evolves. Initially (left), the teacher produces overconfident,
near one-hot predictions, which appear as tight clusters near the vertices of the simplex. As the GCKD
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(a) α = 0.03 (b) α = 0.1

Figure 6.4: Evolution of key metrics during the alternating optimization stage (Stage 1 of GCKD)
for a ResNet-34 teacher on ImageNet. The plots track the teacher’s Top-1 accuracy and NLL on
the evolving perturbed dataset, alongside the CMI-related losses, over several iterations within
a single epoch. As the algorithm iterates, the CMI-related losses decrease, indicating successful
CMI maximization. This is achieved at the cost of a slight, controlled increase in NLL and
a decrease in the teacher’s own accuracy, demonstrating the trade-off at the heart of GCKD.
The two subplots compare the effect of different PGD step sizes, showing the stability of the
optimization process.

optimization progresses across epochs, the output distributions (colored dots) and their corresponding
perturbed centroids S′

y (cross markers) systematically shift away from the vertices and toward the center
of the simplex. This visual ”spreading” of the clusters directly corresponds to an increase in the empirical
CMI, confirming that the GCKD teacher is learning to produce softer, more informative predictions while
maintaining correct classification.
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Figure 6.5: The output probability vectors of a trained GCKD teacher for a three-class classifi-
cation task, visualized on a 2-simplex over different epochs. Three classes are randomly selected
from the CIFAR-100 training set. As training progresses, the empirical CMI increases, and the
output distributions (colored dots) and class centroids (cross markers) move from the vertices
toward the center, indicating the teacher is producing softer, more informative predictions. Tem-
perature scaling (T = 1.0) is applied for visualization.

Figure 6.6 offers a complementary, global visualization using t-SNE to project the output probability
distributions for all 100 classes of CIFAR-100. A clear distinction emerges between a conventionally
trained CE teacher and the GCKD teacher. The CE teacher’s outputs form extremely tight, well-separated
clusters (a), indicative of low-entropy, overconfident predictions. In contrast, the GCKD teacher’s outputs
form visibly more dispersed and spread-out clusters (b). This dispersion is not a flaw but the desired out-
come of our CMI maximization objective. It provides compelling visual evidence that GCKD successfully
reshapes the teacher’s output geometry to generate a richer, higher-CMI supervisory signal, which is more
beneficial for knowledge distillation.
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(a) CE teacher (b) GCKD teacher

Figure 6.6: t-SNE visualization of the output probability distributions from the CIFAR-100 train-
ing set using a VGG-13 teacher. (a) CE teacher: The clusters are tightly concentrated, corre-
sponding to low-entropy, overconfident predictions. (b) GCKD teacher: The clusters are visibly
more dispersed, providing a visual confirmation that GCKD successfully increases the teacher’s
CMI by generating softer output distributions.

6.7 Chapter Summary

In this chapter, we have introduced Generalized Coded Knowledge Distillation (GCKD), a novel frame-
work that enhances knowledge transfer from a fixed teacher by optimizing its input space. GCKD lever-
ages gradient-based adversarial perturbations to generate a ”coded dataset” specifically crafted to maxi-
mize the teacher’s Conditional Mutual Information (CMI). This is achieved via a novel alternating opti-
mization algorithm that directly and accurately maximizes the true CMI, enabling the teacher to produce
softer, more informative supervision signals without altering its parameters. Extensive experiments on
CIFAR-100 and ImageNet, across diverse network architectures and distillation methods, demonstrate that
GCKD consistently improves student model performance, achieving accuracy gains of up to 1.71%. Our
convergence and geometric analyses further validate that the alternating optimization procedure is stable
and effectively reshapes the teacher’s output probability space to increase CMI, confirming the theoretical
underpinnings of our approach. Beyond its empirical success, GCKD presents a practical and generaliz-
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able paradigm for student-oriented teacher enhancement. By operating in a continuous input space and
directly targeting CMI maximization, it overcomes the limitations of discrete perturbation methods and
proxy-based CMI estimators. Crucially, because the teacher model remains unmodified, GCKD provides
a powerful, drop-in solution for improving knowledge distillation in real-world scenarios where teacher
models are proprietary, immutable, or already deployed.
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Chapter 7

Differentiable JPEG-based Input
Perturbation for Knowledge Distillation
Amplification

While the Generalized Coded Knowledge Distillation (GCKD) framework introduced in Chapter 6 vali-
dates the principle of maximizing CMI via input perturbation, its methodology presents practical limita-
tions. The reliance on iterative, backpropagation-based optimization for each sample is computationally
demanding and scales imperfectly, creating a prohibitive bottleneck for large-scale tasks.

This chapter proposes a fundamentally more efficient solution: Differentiable JPEG-based Input Per-
turbation (DJIP). Our approach moves from a per-example optimization to a generalized, amortized op-
timization by training a single differentiable JPEG layer to learn a universal perturbation policy. This
architectural shift replaces the iterative optimization with a fast forward pass, eliminates the need for a
pre-generated coded dataset, and yields a simple “plug-and-play” module suitable for real-world appli-
cations. Consequently, DJIP transforms the theoretically sound but practically cumbersome approach of
GCKD into a lightweight, scalable, and readily deployable framework.

7.1 Introduction

In the preceding chapter, we introduced Generalized Coded Knowledge Distillation (GCKD), a framework
designed to enhance knowledge distillation by maximizing the teacher’s Conditional Mutual Information
(CMI) without altering the teacher’s parameters. GCKD achieves this by generating a coded dataset
through an iterative, backpropagation-based optimization process applied to each input sample. While
this per-example optimization successfully validates the principle of teacher-agnostic CMI maximization,
it introduces a significant computational bottleneck, hindering its practical scalability and deployment
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Figure 7.1: The overall training framework of DJIP is shown, centered around a differentiable
JPEG coded teacher module (blue), which integrates a differentiable JPEG layer (orange). The
process involves two stages: differentiable JPEG layer training and student distillation, with
trainable parameters highlighted in red.

in resource-constrained environments. This challenge of high overhead is a common limitation among
input-centric methods that require generating or individually optimizing supplementary samples.

To address this critical issue of computational inefficiency while preserving the benefits of CMI max-
imization [137], we propose Differentiable JPEG-based Input Perturbation (DJIP). DJIP evolves the
GCKD framework by replacing the costly per-example optimization with an efficient, amortized optimiza-
tion strategy. This is accomplished by inserting a single, trainable differentiable JPEG layer before the
fixed teacher model. This layer learns a universal perturbation policy—trained once and applied to any
input via a fast forward pass—which effectively amortizes the optimization cost across the entire dataset.

The composite model, termed a differentiable JPEG coded teacher, enables end-to-end learning of the
JPEG coding parameters tailored to maximize the teacher’s perturbed CMI. Building upon the alternating
optimization algorithm developed in Chapter 6, DJIP formulates the objective as a double minimization
problem, allowing for the dynamic update of class-wise centroids at each iteration. This ensures a more
stable and effective training process for the DJIP layer. In doing so, DJIP transforms the computationally
intensive principles of GCKD into a lightweight, scalable, and practical solution for amplifying knowledge
distillation performance.

Our primary contributions in this chapter are:

• Differentiable JPEG-based Input Perturbation (DJIP): We introduce a novel, plug-and-play
framework that improves knowledge transfer by learning a universal input perturbation policy via
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a trainable differentiable JPEG layer, significantly reducing computational overhead compared to
per-example optimization methods.

• Amortized CMI Maximization: We extend the alternating optimization algorithm from the pre-
vious chapter to efficiently train the differentiable JPEG layer. This amortized approach effectively
maximizes the perturbed CMI by iteratively updating both the coding parameters and the class
centroids.

• Comprehensive Empirical Evaluation: We conduct extensive experiments across diverse datasets
and architectures, demonstrating DJIP’s generalizability, efficiency, and orthogonality to a wide
range of existing knowledge distillation pipelines.

7.2 Related Work

This chapter builds upon the foundational and related works discussed in Chapter 6, with a specific fo-
cus on literature pertinent to amortized input perturbation and differentiable image processing within the
context of knowledge distillation.

7.2.1 Student-Oriented Teacher Design

As established in Chapter 6, student-oriented teacher models aim to produce more informative supervision
signals. Methods range from using earlier training checkpoints [17, 121] to explicitly optimizing the
teacher with objectives like Maximum Conditional Mutual Information (MCMI) [137]. A common trait
of these approaches is the requirement to modify or retrain the teacher model, a constraint our work aims to
avoid. While DJIP adopts the CMI maximization principle central to MCMI, it does so within the teacher-
agnostic paradigm of GCKD. Our key innovation is an efficient, amortized optimization framework that
maximizes CMI without any teacher modification, addressing a fundamental limitation of prior student-
oriented methods.

7.2.2 Input Perturbation in Knowledge Distillation

The preceding chapter provided an overview of input perturbation techniques, including adversarial meth-
ods that explore the teacher’s decision boundaries [42,84] and compression-based approaches like Coded
Knowledge Distillation (CKD) shown in Chapter 5 [98]. These methods, alongside our GCKD framework
from Chapter 6, typically rely on generating multiple variants or individually optimized versions of each
input, which incurs substantial computational overhead.

DJIP distinguishes itself by shifting from this per-example paradigm to an amortized one. Unlike
the adversarial methods that generate new samples or the discrete, selection-based compression of CKD,
DJIP learns a single, continuous transformation via a differentiable JPEG layer. This allows for a more
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flexible and computationally efficient exploration of the input perturbation space. By learning a global
policy rather than optimizing locally for each sample, DJIP provides a scalable solution that maintains
the core benefits of input perturbation while being practical for large-scale deployment. Furthermore, the
use of a differentiable layer enables direct, gradient-based optimization of the perturbation parameters to
maximize a global objective (CMI), a more principled approach than the heuristic selection criteria used
in methods like CKD.

7.3 Methodology

In this section, we first present the overall DJIP framework, then detail the objective function we use, and
finally introduce our novel alternating optimization algorithm.

7.3.1 Overall Framework

As illustrated in Figure 7.1, the overall DJIP framework consists of two stages:

Differentiable JPEG Layer Training: The JPEG-DL framework shown in Chapter 4 [99] intro-
duces a differentiable JPEG layer into any underlying DNN. Specifically, JPEG-DL incorporates a novel
differentiable JPEG layer as the input layer of the underlying DNN architecture. This layer simulates
the standard JPEG codec but replaces the non-differentiable Qu with a differentiable soft quantizer. In
Figure 7.1, this layer first perturbs the input image x into x̃w = Jd(x,w), which is then fed to the teacher
model. Under the objective function proposed in the next section, which balances the CE loss and the
DJIP loss introduced later, the JPEG coding parameters are optimized to maximize the perturbed CMI.

Student Distillation: In this stage, the trained JPEG layer is integrated into the standard KD frame-
work to perturb the teacher’s input images. With its input perturbed by the trained JPEG layer to increase
the perturbed CMI, the teacher can provide more informative supervision signals to student.

7.3.2 Objective Function

With reference to Figure 7.1, given Jd, X̃w is a deterministic function of X . Hence, the variables form a
Markov chain Y → X → X̃w → Ŷ , which implies

I(X; Ŷ | Y ) = I(XX̃w; Ŷ | Y ) = I(X̃w; Ŷ | Y ). (7.1)

We refer to I(X̃w; Ŷ | Y ) as the perturbed CMI. Our goal is to perturb the input X such that the
perturbed CMI is maximized to a certain extent, while simultaneously minimizing the CE loss with respect
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to the ground-truth labels. Following the spirit of Ye et al. [137], we formulate our CE–CMI optimization
problem over w as

min
w

{
EX

[
H(PY |X , f(X̃w))

]
− λ I(X̃w; Ŷ | Y )

}
, (7.2)

where λ > 0 is a hyper-parameter that balances the CE-CMI trade-off. In contrast to Ye et al. [137],
where optimization is carried out over the pretrained model parameters θ, the DJIP framework freezes the
teacher and updates only the JPEG parameters w. Following the same preliminaries in Chapter 6, we can
define a training set D = {(xi, yi)}Ni=1 drawn from an unknown distribution PX,Y , we can approximate
the CMI of model f by its empirical value. To be specific, let Dy = {xj ∈ D : yj = y}. Denote the size
of Dy by |Dy|. The empirical values of CMI can be calculated as follows:

I(X; Ŷ | Y ) =
1

N

∑
y∈[C]

∑
xj∈Dy

DKL(f(xj)∥Sy), where Sy =
1

|Dy|
∑

xj∈Dy

f(xj), for y ∈ [C]. (7.3)

However, as stated by Ye et al. [137], maximizing I(X; Ŷ | Y ) poses certain challenges because the
term Sy depends on f(xj), ∀xj ∈ Dy (see Equation 7.3) which is not well-suited for numerical solutions
and cannot be efficiently parallelized on GPUs. The same challenges apply to the optimization problem
in Equation 7.2 as well. Ye et al. [137] circumvents this issue by fixing the centroids Sy obtained from a
pretrained model. Nevertheless, these centroids may shift during fine-tuning, so using fixed centroids may
partially mitigate the issue, but does not fully resolve the theoretical limitations of their method.

To address the above challenges theoretically, we introduce a dummy “backward channel” and re-
formulate the optimization problem in Equation 7.2 as a double minimization problem, as shown in the
following theorem and proved in as follows:

Theorem 3 For any i, y ∈ [C], let Q(· | i, y) denote a dummy conditional distribution over the input
space X (“backward channel”). Then for any λ > 0,

min
w

{
EX

[
H(PY |X , f(X̃w))

]
− λ I(X̃w; Ŷ | Y )

}
≡ min

w
min

{Q(·|i,y)}

{∑
x

P (x)H(PY |X(· | x), f(x̃w))− λ
∑
x,y

P (x, y)
C∑
i=1

f(x̃w)[i] lnQ(x | i, y)
}
,

(7.4)

where the inner minimization above is achieved when

Q(x | i, y) =
PX|Y (x | y)f(x̃w)[i]

PŶ |Y (i | y)
. (7.5)
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To prove Theorem 3, we first introduce an auxiliary distribution Q(· | i, y) and derive a new expression
for I(X̃w; Ŷ | Y ) as follows:

I(X̃w; Ŷ | Y ) = I(X; Ŷ | Y ) =
∑
y∈[C]

PY (y)I(X; Ŷ | Y = y)

=
∑
y∈[C]

PY (y)
∑
x

PX|Y (x | y)
[

C∑
i=1

PŶ |XY (Ŷ = i | x, y)× ln
PŶ |XY (Ŷ = i | x, y)
PŶ |Y (Ŷ = i | Y = y)

]

=
∑
y

∑
x

P (x, y)

C∑
i=1

f(x̃w)[i] ln
f(x̃w)[i]

PŶ |Y (Ŷ = i | Y = y)

=
∑
y

PY (y)
∑
x

PX|Y (x | y)
C∑
i=1

f(x̃w)[i] ln
PX|Y (x | y)f(x̃w)[i]

PX|Y (x | y)PŶ |Y (i | y)

=
∑
y

PY (y)
C∑
i=1

PŶ |Y (i | y)
∑
x

PX|Y (x | y)f(x̃w)[i]
PŶ |Y (i | y)

ln
PX|Y (x | y)f(x̃w)[i]

PX|Y (x | y)PŶ |Y (i | y)
(7.6)

= max
{Q(·|i,y)}

∑
y

PY (y)
C∑
i=1

PŶ |Y (i | y)
∑
x

PX|Y (x | y)f(x̃w)[i]
PŶ |Y (i | y)

ln
Q(x | i, y)
PX|Y (x | y)

= max
{Q(·|i,y)}

∑
x,y

P (x, y)
C∑
i=1

f(x̃w)[i] ln
Q(x | i, y)
PX|Y (x | y)

, (7.7)

where Equation 7.6 follows from the cross entropy inequality, and the maximization in Equation 7.7
is achieved when

Q∗(x | i, y) =
PX|Y (x | y)f(x̃w)[i]

PŶ |Y (i | y)
. (7.8)

Thus, the single minimization problem in equation 7.2 can be converted into a double minimization
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problem over w and {Q(· | i, y)} as follows:

min
w

{
EXH(PY |X , f(X̃w))− λ I(X̃w; Ŷ | Y )

}
= min

w

{
EXH(PY |X , f(X̃w))− λ I(X; Ŷ | Y )

}
= min

w

{
EXH(PY |X , f(X̃w))− λ max

{Q(·|i,y)}

∑
x,y

P (x, y)
C∑
i=1

f(x̃w)[i] ln
Q(x | i, y)
PX|Y (x | y)

}

≡ min
w

{
EXH(PY |X , f(X̃w))− λ max

{Q(·|i,y)}

∑
x,y

P (x, y)

C∑
i=1

f(x̃w)[i] lnQ(x | i, y)
}

(7.9)

= min
w

{
EXH(PY |X , f(X̃w)) + λ min

{Q(·|i,y)}
−
∑
x,y

P (x, y)

C∑
i=1

f(x̃w)[i] lnQ(x | i, y)
}

= min
w

min
{Q(·|i,y)}

{∑
x

P (x)H(PY |X(· | x), f(x̃w))− λ
∑
x,y

P (x, y)
C∑
i=1

f(x̃w)[i] lnQ(x | i, y)
}
, □

where the symbol “≡” in Equation 7.9 indicates equivalence up to an additive constant independent of
Q(x | i, y) and w, which is omitted here for clarity.

In practice, the training set is randomly partitioned into B mini-batches Bb for b ∈ [B], each of size
|B|. When the joint distribution of (X,Y ) is unknown, the objective function can be approximated by
its empirical estimate over a mini-batch B. Accordingly, based on Theorem 3, the empirical objective
function Lemp for the proposed DJIP method can be formulated as:

LB(λ,w, {Q(·|i, y)}) = 1

|B|
∑

(x,y)∈B

(− ln f(x̃w)[y])︸ ︷︷ ︸
LCE

−λ 1

|B|
∑

(x,y)∈B

[
C∑
i=1

f(x̃w)[i] lnQ(x|i, y)
]

︸ ︷︷ ︸
LDJIP

.

(7.10)

7.3.3 An Alternating CMI Maximization Algorithm

Based on equation 7.4 to equation 7.10, we are now ready to present our algorithm for solving the op-
timization problem in equation 7.2, which optimizes w and {Q(· | i, y)} alternatively to minimize the
objective function in equation 7.10:

Step 1: Fix w, let Dx,y = {(xj , yj) ∈ D : xj = x, yj = y}. According to 7.5, {Q(· | i, y)} can be
updated in two steps. (1) update the centroids Sy empirically according to Equation 7.3; and (2) calculate
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the empirical version of Q(x | i, y) according to Equation 7.5:

Sy[i] = PŶ |Y (i | y) =
1

|Dy|
∑

xj∈Dy

f(Jd(xj , w))[i], ∀i, y ∈ [C], (7.11)

Q(x | i, y) =
PX|Y (x | y)f(Jd(x,w))[i]

PŶ |Y (i | y)
=

|Dx,y |
|Dy | f(Jd(x,w))[i]

PŶ |Y (i | y)
, ∀(x, y) ∈ D, i ∈ [C]. (7.12)

Step 2: Fix {Q(· | i, y)}, w can be updated using a standard deep learning process through stochastic
gradient descent (SGD).

A detailed pseudo-code of the alternating optimization algorithm is provided in Algorithm 4.

7.4 Experiments

7.4.1 Implementation Details

Setups for Teacher Training Stage

We follow the implementation and design of the differentiable JPEG layer in [99], but set the minimum
quantization step to 1, which is more commonly used in reality, instead of 0. The stochastic gradient
descent (SGD) optimizer is used with a momentum of 0.9 and a weight decay of 5× 10−4 for all teacher
training experiments.

A key feature of the differentiable soft quantizer Qd in the JPEG layer is its variable softness, con-
trolled by the trainable sharpness parameter α. However, as shown in [99], when α is sufficiently large, its
gradient vanishes, preventing effective updates. Therefore, we initialize all entries of α to a large constant
value of 20 and exclude α from training. Thus, the trainable parameters w of the DJIP teacher are the
quantization tables Q, which we initialize with all ones.

For CIFAR-100, all pretrained teachers are adopted from the official repository used in [114]. We use
a learning rate of 0.1 and train for 20 epochs with a batch size of 32 over 2 GPUs (total batch size 64).
For all CIFAR-100 experiments comparing with the CE teacher, including those involving ViT models,
we set the hyperparameter λ in the objective function 7.10 to 0.5 by default. An exception is made for
the VGG-13 and MobileNetV2 teacher-student pair in Table 7.2, where we set λ = 0.6. To demonstrate
that DJIP is further orthogonal to MCMI in Table 7.8, we train the DJIP-MCMI teacher with λ = 0.3.
Throughout the alternating training process, we always use the full training set D to update the centroids
as proposed in Algorithm 4.

For ImageNet, we adopt pretrained teachers from the PyTorch official repository [89]. DJIP teachers
are trained for one epoch (5005 iterations) with a learning rate of 0.01, using 4 GPUs and a batch size of 64
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Algorithm 4 The proposed alternating algorithm for solving the optimization problem in Theo-
rem 3.
Input: DNN fθ as f ; JPEG layer Jd with trainable parameters w; training set D = {(xi, yi)}Ni=1

with its B mini-batches {Bb}b∈[B]; class labels C; number of epochs T and hyper-parameter λ.
1: Initialize w0.
2: repeat
3: for b = 1 to B do
4: [Update S]:
5: Fix wb−1. Update centroids {Sb

y}y∈[C] according to Equation 7.11:

Sb
y[i]←

1

|Dy|
∑

xj∈Dy

f(Jd(xj, w
b−1))[i], ∀i, y ∈ [C]. (7.13)

6: [Update Q]:
7: Fix wb−1. Calculate Qb(x | i, y), according to Equation 7.12:

Qb(x | i, y)←
|Dx,y |
|Dy | f(Jd(x,w

b−1))[i]

Sb
y[i]

, ∀(x, y) ∈ Bb, i ∈ [C]. (7.14)

8: [Update w]
9: Fix {Qb(· | i, y)}i∈[C]

(x,y)∈Bb . Update weights wb−1 to wb by using SGD over the objective
function

LBb(λ,wb−1, {Qb(· | i, y)}i∈[C]

(x,y)∈Bb).

10: end for
11: Set w0 ← wB

12: until T epochs are completed

13: return Trained parameters wB.

per GPU (total batch size 256). We experiment with various values of λ, namely {0.4, 1.0, 1.4, 2.0, 2.4, 3.0},
and select λ = 1.4 for ResNet-34 and λ = 2.0 for ResNet-50.

When applied to large-scale datasets such as ImageNet, updating centroids at each iteration via Al-
gorithm 4 becomes computationally expensive. To reduce this complexity, we construct a balanced sub-
dataset D̂ by randomly sampling |D̂y| = 16 instances per class from the training set. By replacing the full
training set in Equation 7.11 with D̂, a lightweight variant of the alternating algorithm can be derived. In
the first iteration, the dummy distribution {Q(· | i, y)} is updated using the entire training set. Thereafter,
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it is updated using the sub-dataset and an exponential moving average (EMA) with a smoothing factor
α = 0.9.

Thus, the resulting pseudo-code on ImageNet experiments is similar to Algorithm 4, except that Equa-
tion 7.13 is replaced by:

Sb
y[i]← α× Sb−1

y [i] + (1− α)× 1

|D̂y|
∑

xj∈D̂y

fθb(xj)[i], ∀i, y ∈ [C]. (7.15)

To further handle the increased complexity of ImageNet tasks compared to CIFAR-100 tasks, follow-
ing the setups of [99], we incorporate five rounds ofQd quantization operation with independent trainable
parameters inside the differentiable JPEG layer to expand the compression search space. Moreover, we
follow the gradient magnitude control method proposed by [99], with the Gradient Scaling Constants ℏm
set to 20 to control the gradient magnitude to ensure more stable updates for Q.

Setups for Student Distillation Stage

For experimental setups of all knowledge distillation variants in this chapter, we use SGD with momentum
0.9 and weight decay of 1× 10−4 as the optimizer.

For CIFAR-100, we follow the distillation setups in [114]. Specifically, we train the student models
for 240 epochs with a batch size of 64 on 1 GPU. The initial learning rate is set to 0.05 and decayed by a
factor of 0.1 at epochs 150, 180, and 210. For MobileNetV2, ShuffleNetV1, and ShuffleNetV2, we use a
smaller initial learning rate of 0.01.

For ImageNet, we adopt the training configuration in [143]: 100 epochs, a learning rate of 0.1, and a
batch size of 256 on a single GPU. The only exception is ReviewKD [14], which uses a batch size of 128
and is trained on two GPUs.

For both datasets, we evaluated several state-of-the-art distillation methods using their official im-
plementations and reported hyper-parameters, and successfully reproduced the results reported in their
original papers.

Terminologies. To evaluate the performance of DJIP, we conduct a series of experiments. This section
presents the main experimental results and demonstrates the extent to which DJIP improves accuracy over
state-of-the-art KD methods. For clarity, we denote the teachers trained solely with CE loss, with MCMI
estimator [137], and with the proposed DJIP method as the CE teacher, MCMI teacher, and DJIP teacher,
respectively.

Plug-and-Play Nature. In all experiments reported, the JPEG layer functions as a lens to facilitate im-
proved teacher distillation. Once removed, the model reverts to its conventional form without any residual
effect. Furthermore, no hyperparameters of the underlying KD methods are modified; all configurations
remain identical to those used in the original benchmark settings.
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We conduct extensive experiments on ImageNet and CIFAR-100 with diverse model architectures.
Moreover, we show that DJIP can be effectively applied to cross-paradigm distillation between CNNs
and Vision Transformers (ViTs). The results further demonstrate that DJIP is complementary to existing
techniques and remains orthogonal to the latest state-of-the-art benchmarks.

7.4.2 Experimetnal Results

CIFAR-100 Results. The CIFAR-100 dataset is a widely used benchmark for image classification, com-
prising 60,000 color images with a resolution of 32× 32 pixels, categorized into 100 classes. Following
the experimental setup of [114], we conduct experiments with 7 teacher-student pairs sharing identical
architectures (see Table 7.1) and 6 pairs using different architectures (see Table 7.2). Each experiment is
repeated across three independent runs, and the average accuracy is reported.

For a comprehensive comparison, we evaluate our DJIP teacher against the conventional CE teacher
using state-of-the-art distillation methods. These include logit-based approaches: KD [44], DKD [143],
DIST [47], and WTTM [145]; relation-based approaches: CC [90] and RKD [77]; and feature-based
approaches: AT [140], FitNet [96], FT [52], SP [117], CRD [114], LSKD [109], and ITRD [77]. Methods
of the same category are grouped in Tables 7.1 and 7.2.

For both CE and DJIP teachers, we report their test accuracy, as well as CE loss and CMI values
measured on the training set without data augmentation. As shown in Tables 7.1 and 7.2, replacing the
CE teacher with the DJIP teacher consistently improves student performance, regardless of whether the
teacher and student architectures are the same. These improvements are observed across all evaluated
distillation methods, with accuracy gains of up to 2.44%. Notably, the improvements are more pronounced
when the teacher and student architectures differ, i.e., when there exists a larger capacity gap between
them.

ImageNet Results. ImageNet is a large-scale dataset used in visual classification tasks, containing
approximately 1.2 million training images and 50,000 validation images. Following the implementation
in [143], we conduct experiments on two widely used teacher-student pairs (see Table 7.3) and four rep-
resentative distillation methods: KD [44], DKD [143], WSLD [146], ReviewKD [14], and LSKD [109].

Across all knowledge transfer methods reported in Table 7.3, we observe that replacing the CE teacher
with the DJIP teacher consistently improves the Top-1 accuracy. Details on the training setups, including
training of DJIP teachers, student distillation, and the choice of λ, as well as an analysis on the effect of λ
for DJIP teachers, are provided in the Subsection 7.4.1.

Vision Transformer Results. In previous experiments on CIFAR-100, we demonstrated the effec-
tiveness of DJIP for distillation between CNN architectures, whether identical or different. In this section,
following [39,61], we extend DJIP to address the challenge of cross-paradigm distillation between CNNs
and ViTs on CIFAR-100. The experimental results are summarized in Table 7.4. We include one teacher-
student pair for each paradigm setting: ViT-to-CNN, CNN-to-ViT, and ViT-to-ViT. The results clearly
show that our proposed method is also effective for knowledge transfer across heterogeneous architectural
paradigms and highlight the potential of DJIP in distilling ViTs.
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Table 7.1: The test accuracy (%) of student networks on CIFAR-100 (averaged over 3 runs), with
teacher-student pairs of the same architecture. The subscript denotes the improvement achieved
by replacing the CE teacher with the DJIP teacher. We use asterisk (∗) to identify the results
reproduced on our local machines. Note that the test accuracy (%) of the teacher here is over the
perturbed image.

DJIP distillation on CIFAR-100 with the same architectures.

Teacher
WRN-40-2 WRN-40-2 ResNet-56 ResNet-110 ResNet-110 VGG-13 ResNet-32×4
CE DJIP CE DJIP CE DJIP CE DJIP CE DJIP CE DJIP CE DJIP

Acc 75.61 70.30 75.61 70.30 72.34 66.32 74.31 69.03 74.31 69.03 74.64 72.67 79.41 75.51
CELoss 0.052 0.370 0.052 0.370 0.101 0.594 0.033 0.421 0.033 0.421 0.007 0.130 0.004 0.185

CMI 0.026 0.501 0.026 0.501 0.158 0.724 0.061 0.565 0.061 0.565 0.015 0.252 0.006 0.276

Student WRN-16-2 WRN-40-1 ResNet-20 ResNet-20 ResNet-32 VGG-8 ResNet-8×4
Acc 73.26 71.98 69.06 69.06 71.14 70.36 72.50

KD 74.92 75.64 73.54 74.41 70.66 71.20 70.67 71.65 73.08 73.71 72.98 74.01 73.33 74.38
+0.72 +0.87 +0.54 +0.98 +0.63 +1.03 +1.05

DKD 75.63* 76.08 74.85 75.14 71.58* 71.86 71.51 71.72 74.11 74.22 74.68 74.93 76.32 76.55
+0.45 +0.29 +0.28 +0.21 +0.11 +0.25 +0.23

DIST 75.51 75.98 74.26 74.99 71.75 71.97 71.65 71.90 73.69 73.90 73.89 74.31 76.31 76.60
+0.47 +0.73 +0.22 +0.25 +0.21 +0.42 +0.29

WTTM 76.37 76.70 74.58 74.98 71.92 72.15 71.67 71.90 74.13 74.32 74.44 74.81 76.06 76.61
+0.33 +0.40 +0.23 +0.23 +0.19 +0.37 +0.55

CC 73.56 73.80 72.21 72.48 69.63 69.93 69.48 69.87 71.48 71.86 70.71 71.12 72.97 73.23
+0.24 +0.27 +0.30 +0.39 +0.38 +0.41 +0.26

RKD 73.35 74.09 72.22 72.36 69.61 70.19 69.25 69.85 71.82 72.45 71.48 71.84 71.90 72.69
+0.74 +0.14 +0.58 +0.60 +0.63 +0.36 +0.79

AT 74.08 74.51 72.77 73.22 70.55 70.81 70.22 70.63 72.31 72.84 71.43 72.03 73.44 73.94
+0.43 +0.45 +0.26 0.41 +0.53 +0.60 +0.50

FitNet 73.58 74.20 72.24 72.84 69.21 69.83 68.99 69.40 71.06 71.42 71.02 71.92 73.50 73.83
+0.62 +0.60 +0.62 +0.41 +0.36 +0.90 +0.33

FT 73.25 73.55 71.59 71.93 69.84 70.20 70.22 70.70 72.37 72.54 70.58 71.28 72.86 73.76
+0.30 +0.34 +0.36 +0.48 +0.17 +0.70 +0.90

SP 73.83 74.35 72.43 72.99 69.67 70.83 70.04 71.05 72.69 73.37 72.68 73.42 72.94 73.62
+0.52 +0.56 +1.16 +1.01 +0.68 +0.74 +0.68

ITRD 76.12 76.33 75.18 75.23 71.26* 71.44 71.52* 71.86 74.26 74.30 74.86 75.00 76.19 76.28
+0.21 +0.05 +0.18 +0.34 +0.04 +0.14 +0.09

CRD 75.48 76.01 74.14 74.57 71.16 71.61 71.46 71.79 73.48 73.92 73.94 74.35 75.51 75.85
+0.53 +0.43 +0.45 +0.33 +0.44 +0.41 +0.34

LSKD 76.11 76.35 74.37 74.89 71.26* 71.39 71.48 71.60 73.67* 73.92 74.36 74.90 76.62 76.96
+0.24 +0.52 +0.13 +0.12 +0.25 +0.54 +0.34
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Table 7.2: The test accuracy (%) of student networks on CIFAR-100 (averaged over 3 runs),
with teacher-student pairs of the different architectures. The subscript denotes the improvement
achieved by replacing the CE teacher with the DJIP teacher. We use asterisk (∗) to identify the
results reproduced on our local machines. Note that the test accuracy (%) of the teacher here is
over the perturbed image.

DJIP distillation on CIFAR-100 with different architectures.

Teacher
ResNet-50 ResNet-50 ResNet-32×4 ResNet-32×4 WRN-40-2 VGG-13
CE DJIP CE DJIP CE DJIP CE DJIP CE DJIP CE DJIP

Acc 79.34 75.32 79.34 75.32 79.41 75.51 79.41 75.51 75.61 70.30 74.64 72.62
CELoss 0.004 0.229 0.004 0.229 0.004 0.185 0.004 0.185 0.052 0.370 0.007 0.130

CMI 0.009 0.341 0.009 0.341 0.006 0.276 0.006 0.276 0.026 0.501 0.015 0.252

Student MobileNetV2 VGG-8 ShuffleNetV1 ShuffleNetV2 ShuffleNetV1 MobileNetV2
Acc 64.60 70.36 70.50 71.82 70.50 64.60

KD 67.35 69.50 73.81 74.48 74.07 75.64 74.45 76.24 74.83 76.36 67.37 68.87
+2.15 +0.67 +1.57 +1.79 +1.53 +1.50

DKD 70.35 71.18 73.94 75.87 76.45 77.24 77.07 77.52 76.70 77.16 69.71 70.20
+0.83 +1.93 +0.79 +0.45 +0.46 +0.49

DIST 68.66 69.59 74.11 74.80 76.34 76.64 77.35 77.95 76.22 76.69 68.50 69.01
+0.93 +0.69 +0.30 +0.60 +0.47 +0.51

WTTM 69.59 69.98 74.82 75.19 74.37 74.95 76.55 77.30 75.42 76.24 69.16 69.41
+0.39 +0.37 +0.58 +0.75 +0.82 +0.25

CC 65.43 65.79 70.25 70.92 71.14 72.17 71.29 73.25 71.38 72.22 64.86 65.83
+0.36 +0.67 +1.03 +1.96 +0.84 +0.97

RKD 64.43 65.56 71.50 71.93 72.28 73.40 73.21 74.27 72.21 73.85 64.52 66.04
+1.13 +0.43 +1.12 +1.06 +1.64 +1.52

AT 58.58 60.02 71.84 72.42 71.73 73.93 72.73 74.16 73.32 75.27 59.40 61.24
+1.44 +0.58 +2.20 +1.43 +1.95 +1.84

FitNet 63.16 64.05 69.39* 69.57 73.59 74.47 73.54 74.65 73.73 74.02 64.14 65.46
+0.89 +0.18 +0.88 +1.11 +0.29 +1.32

FT 60.99 62.82 70.29 71.24 71.75 73.41 72.50 73.80 72.03 73.80 61.78 62.57
+1.83 +0.95 +1.66 +1.30 +1.77 +0.79

SP 68.08 68.58 73.34 73.87 73.48 75.92 74.56 76.28 74.52 76.32 66.30 67.68
+0.50 +0.53 +2.44 +1.72 +1.80 +1.38

ITRD 71.34 72.06 75.49 75.91 76.91 77.30 77.40 77.92 77.09 77.31 70.39 70.91
+0.72 +0.42 +0.39 +0.52 +0.22 +0.52

CRD 69.11 70.01 74.30 74.55 75.11 75.79 75.65 76.32 76.05 76.21 69.73 69.89
+0.90 +0.25 +0.68 +0.67 +0.16 +0.16

LSKD 69.02 70.39 74.88* 75.21 75.67* 76.38 75.56 77.12 76.56* 76.78 68.61 69.93
+1.37 +0.33 +0.71 +1.56 +0.22 +1.32
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Table 7.3: The test accuracy (%) of student networks on ImageNet, with teacher-student pairs of
the same and different architectures.

DJIP distillation on ImageNet

Teacher Student Method Acc CEloss CMI KD AT DKD LSKD WSLD ReviewKD

ResNet-34 ResNet-18
CE 73.310 0.560 0.720 70.66 70.70 71.70 71.42 71.73 71.61

DJIP 72.832 0.581 0.738 71.65 70.78 72.08 71.65 71.87 71.72
73.31 69.76 ∆ / / / +0.99 +0.08 +0.38 +0.23 +0.14 +0.11

ResNet-50 MobileNetV1
CE 76.130 0.449 0.600 70.50 69.56 72.05 72.18 72.02 72.56

DJIP 75.088 0.497 0.649 70.92 70.57 72.52 72.37 72.78 73.04
76.16 68.87 ∆ / / / +0.42 +1.01 +0.47 +0.19 +0.76 +0.48

Table 7.4: The test accuracy (%) of student networks on CIFAR-100 (averaged over 3 runs), with
teacher-student pairs of different architectural models. The subscript denotes the improvement
achieved by replacing the CE teacher with a DJIP teacher.

DJIP distillation on CIFAR-100 with different model paradigms.

Teacher Student Method Acc CELoss CMI KD DIST DKD CC RKD CRD

ViT-S ResNet-18
CE 92.04 0.330 0.100 77.26 76.49 78.10 74.26 73.72 76.60

DJIP 88.72 0.404 0.171 79.06 78.04 80.15 74.87 75.85 77.75
92.04 74.01 ∆ / / / +1.80 +1.55 +2.05 +0.61 +2.13 +1.15

ConvNeXt-T DeiT-T
CE 88.41 0.421 0.229 72.99 73.55 74.60 68.01 69.79 65.94

DJIP 86.89 0.460 0.256 75.00 74.70 75.57 69.60 70.38 66.63
88.41 68.00 ∆ / / / +2.01 +1.15 +0.97 +1.59 +0.59 +0.69

ViT-S DeiT-T
CE 92.04 0.330 0.100 69.86 70.57 71.41 68.62 69.39 65.46

DJIP 88.72 0.404 0.171 73.97 73.96 74.90 69.86 70.11 65.75
92.04 68.00 ∆ / / / +4.11 +3.39 +3.49 +1.24 +0.72 +0.29

7.5 Analysis

7.5.1 Ablation Study

DJIP introduces two key components: (1) a differentiable JPEG layer, and (2) an alternating CMI maxi-
mization algorithm. In this section, we conduct an ablation study to isolate and analyze the effectiveness
of each component.

As shown in Table 7.5, when the differentiable JPEG layer is added but the fixed-centroid method
from [137] is retained (referred to as ‘JMCMI’), the resulting method generally outperforms various KD
baselines. Furthermore, when the alternating maximization algorithm is additionally applied, resulting in
our proposed DJIP, the performance is further improved over JMCMI in general.

142



In summary, both the differentiable JPEG layer and the alternating CMI maximization algorithm con-
tribute positively to the overall performance. Each component individually enhances the KD process, and
their combined use in DJIP yields the best results, demonstrating a synergistic effect.

Table 7.5: The test accuracy (%) of student networks on CIFAR-100 (averaged over 3 runs), with
teacher-student pairs of the same- and different-architecture. Noted that here, method JMCMI
refers to applying the fix-centroid strategy to train the differentiable JPEG layer only.

DJIP Vs. JMCMI Vs. CE teacher on CIFAR-100

Teacher-Student Method Acc CELoss CMI KD DKD DIST CC RKD AT FitNet FT SP ITRD CRD

WRN-40-2
WRN-16-2

CE 75.61 0.052 0.026 74.92 75.63 75.51 73.56 73.35 74.08 73.58 73.25 73.83 76.12 75.48
JMCMI 70.02 0.373 0.505 75.53 75.81 75.83 73.62 73.74 74.28 73.75 73.39 74.12 75.93 76.39

DJIP 70.30 0.370 0.501 75.64 76.08 75.98 73.80 74.09 74.51 74.20 73.55 74.35 76.33 76.01

WRN-40-2
ShuffleNetV1

CE 75.61 0.052 0.026 74.83 76.70 76.22 71.38 72.21 73.32 73.73 72.03 74.52 77.09 76.05
JMCMI 70.02 0.373 0.505 75.95 76.56 76.85 71.92 73.39 75.10 73.81 73.25 75.96 77.14 76.14

DJIP 70.30 0.370 0.501 76.36 77.16 76.69 72.22 73.85 75.27 74.02 73.80 76.32 77.31 76.21

7.5.2 GCKD’s Advantage Through PGD in Solving the Inner Minimiza-
tion Problem

While DJIP introduces an efficient amortized approach for generating perturbations via a differentiable
JPEG layer, it is important to acknowledge that GCKD still stands out when solving the inner minimization
problem defined in Equation (6.17). This superiority stems from its use of Projected Gradient Descent
(PGD) within an alternating optimization framework.

The GCKD objective is formulated as a double minimization problem over the perturbed inputs X ′

and auxiliary distributions Q′, as shown in Equation (6.17). The inner loop seeks to minimize:

min
x′
j

H(δyj , f(x
′
j))− λ

C∑
i=1

f(x′j)[i] lnQ
′(xj |i, yj) s.t. d(xj , x′j) ≤ ϵ

This optimization is computationally challenging because it requires finding perturbations that max-
imize CMI while preserving classification accuracy. PGD provides a principled, iterative solution to this
inner minimization, refining perturbations over multiple steps and projecting them back into the allowed
perturbation space. Compared to single-step methods like FGSM or amortized variants, PGD achieves
a more thorough search for optimal perturbations, resulting in coded datasets that significantly improve
student performance.

Empirical results (see Table 7.6) confirm that multi-step PGD consistently yields the highest student
accuracy across all tested configurations, reinforcing its role as the most effective strategy for generating
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adversarially coded datasets in GCKD. This robustness comes at a higher computational cost, but the
gains in distillation quality justify its selection as an alternative perturbation method in our framework.
Additionally, in Table 7.7, we compared GCKD when we use the amortized PGD with DJIP. This shows
that GCKD still outperforms DJIP in general.

Table 7.6: Impact of adversarially coded datasets on student performance during knowledge dis-
tillation using DIST as an orthogonal method. The table compares conventional NLL-based
teachers with GCKD and DJIP teachers across two student architectures (VGG-8 and Mo-
bileNetV2). Results show that incorporating stronger adversarial attacks, such as PGD, con-
sistently yields the highest accuracy improvements over the baseline.

Teacher→ Student Method Conventional GCKD DJIP
FGSM Amortized PGD PGD

VGG-13→ VGG-8
KD 72.98 73.61 73.86 74.12 74.01

DIST 73.89 74.14 74.56 74.71 74.31

VGG-13→MobileNetV2
KD 67.37 68.34 68.78 68.91 68.87

DIST 68.50 68.93 69.48 69.61 69.01

Table 7.7: Test accuracy (%) of student networks on CIFAR-100 under different teacher-student
configurations. The comparison highlights the performance gains achieved by DJIP and GCKD
over the conventional CE baseline, demonstrating their effectiveness in enhancing knowledge
distillation across diverse architectures.

DJIP vs GCKD distillation performance on CIFAR100 for different and same architectures.

Teacher
WRN-40-2 VGG-13 WRN-40-2 WRN-40-2 VGG-13

CE DJIP GCKD CE DJIP GCKD CE DJIP GCKD CE DJIP GCKD CE DJIP GCKD
Student ShuffleNetV1 MobileNetV2 WRN-16-2 WRN-40-1 VGG-8

Accuracy 70.50 64.60 73.26 71.98 70.36
KD 74.83 76.36 76.30 67.37 68.87 68.78 74.92 75.64 75.61 73.54 74.41 73.86 72.98 74.01 73.85

+1.53 +1.47 +1.50 +1.41 +0.72 +0.35 +0.87 +0.22 +1.03 +0.87

FitNet 73.73 74.02 74.41 64.14 65.46 66.02 73.58 74.20 74.41 72.24 72.84 72.95 71.02 71.92 71.92
+0.29 +0.68 +1.32 +1.88 +0.62 +0.83 +0.60 +0.71 +0.90 +0.90

AT 73.32 75.27 75.28 59.40 61.24 61.17 74.08 74.51 74.87 72.77 73.22 73.40 71.43 72.03 72.13
+1.95 +1.96 +1.84 +1.77 +0.43 +0.79 +0.45 +0.63 +0.60 +0.70

SP 74.52 76.32 76.51 66.30 67.68 67.82 73.83 74.35 74.36 72.43 72.99 73.10 72.68 73.42 73.75
+1.80 +1.71 +1.38 +1.52 +0.52 +0.53 +0.56 +0.37 +0.74 +1.07

CC 71.38 72.22 72.34 64.86 65.83 65.85 73.56 73.80 73.93 72.21 72.48 72.97 70.71 71.12 71.25
+0.84 +0.96 +0.97 +0.99 +0.24 +0.67 +0.27 +0.76 +0.41 +0.54

FT 72.03 73.80 73.91 61.78 62.57 62.62 73.25 73.55 74.37 71.59 71.93 72.54 70.58 71.28 71.46
+1.77 +1.88 +0.79 +0.84 +0.30 +1.12 +0.34 +0.57 +0.70 +0.88

DIST 76.22 76.69 76.71 68.50 69.01 69.48 75.51 75.98 76.00 74.26∗ 74.99 74.65 73.89 74.31 74.56
+0.47 +0.49 +0.51 +0.98 +0.47 +0.49 +0.73 +0.39 +0.42 +0.67

DKD 76.70 77.16 77.01 69.71 70.20 69.91 75.63 76.08 76.66 74.85 75.14 74.97 74.68 74.93 75.08
+0.46 +0.31 +0.49 +0.20 +0.45 +1.03 +0.29 +0.12 +0.25 +0.40

ITRD 77.09 77.31 77.59 70.39 70.91 70.92 76.12 76.33 76.50 75.18 75.23 75.31 74.86∗ 75.00 75.17
+0.22 +0.50 +0.52 +0.53 +0.21 +0.38 +0.05 +0.13 +0.14 +0.31

WTTM 75.42 76.24 75.60 69.16 69.41 69.42 76.37 76.70 76.56 74.58 74.98 74.70 74.44 74.81 74.64
+0.82 +0.18 +0.25 +0.26 +0.33 +0.19 +0.40 +0.12 +0.37 +0.20
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7.5.3 Orthogonality Over MCMI

Since DJIP shares MCMI’s goal of maximizing the teacher’s CMI, we examine whether our method is
orthogonal to MCMI and can further improve performance. Following the experimental setup in [137],
we prepend our trainable JPEG layer to the MCMI teacher to obtain the DJIP–MCMI teacher reported in
Table 7.8.

The results in Table 7.8 indicate that applying our DJIP method yields additional improvements in
Top-1 accuracy, with gains of up to 0.92% absolute. These findings suggest that DJIP is not only comple-
mentary but also orthogonal to MCMI, as it explicitly optimizes the input space, which is not considered
in MCMI.

Table 7.8: The test accuracy (%) of student networks on CIFAR-100 (averaged over three runs),
with teacher- student pairs of the same- and different- architecture. The results obtained by
the MCMI method are used as the baseline. This table demonstrates that our method provides
additional orthogonality to MCMI, which is itself an orthogonal approach. Note that in this
context, DJIP-MCMI refers to applying our proposed method using the fine-tuned MCMI teacher
as the underlying model.

DJIP-MCMI teacher Vs. MCMI teacher on CIFAR-100

Teacher Student Method Acc CELoss CMI KD DKD SP CRD RKD

VGG-13 VGG-8
MCMI 73.96 0.076 0.1298 73.83 74.87 73.29 74.23 72.03

DJIP-MCMI 73.76 0.067 0.1402 74.26 74.96 74.21 74.60 72.36
74.64 70.36 ∆ / / / +0.43 +0.09 +0.92 +0.37 +0.33

VGG-13 MobileNetV2
MCMI 73.96 0.076 0.1298 69.14 70.35 67.83 69.98 65.37

DJIP-MCMI 73.76 0.067 0.1402 69.40 70.51 68.33 70.46 65.90
74.64 64.60 ∆ / / / +0.26 +0.16 +0.50 +0.48 +0.53

7.5.4 Comparison with CKD and MCMI

Our DJIP method addresses the fixed-centroid problem of MCMI by introducing an alternating optimiza-
tion algorithm. Consequently, when compared with the CIFAR-100 and ImageNet results1 of MCMI
applied to the same KD methods, our method achieves comparable or better performance across most
cases, as presented in Figure 7.2.

It is important to note that MCMI has a much larger degree of freedom, as it optimizes the parameters
of the pretrained model, whereas our method only adjusts the 128 quantization parameters of the JPEG
layer. Despite this limitation, our method still matches or outperforms MCMI in multiple scenarios,
demonstrating the effectiveness of learning solely through compression parameters.

1Please refer to Table 2 of [137]
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(a) VGG-13→ VGG-8 (b) VGG-13→MobileNetV2

(c) WRN-40-2→WRN-40-1 (d) WRN-40-2→ ShuffleNetV1

Figure 7.2: (a), (b) Comparison with MCMI under different student architectures on CIFAR-100.
(c), (d) Comparison with CKD and TALD under different student architectures on CIFAR-100.

7.5.5 Comparison with CKD and TALD

As discussed in Section 7.2, our DJIP method is capable of exploring a significantly larger continuous
quantization space than CKD. Consequently, when compared with the CIFAR-100 and ImageNet results2

of CKD applied to the same KD methods, our approach consistently achieves comparable or superior
performance. A brief comparison of CIFAR-100 experimental results is shown in Figure 7.2.

It is worth noting that CKD adaptively selects the optimal quantization table for each input image;
that is, two different images may be compressed using different tables chosen to maximize teacher effec-
tiveness, which is computationally expensive. In contrast, our method employs a fixed quantization table
shared across all input images throughout the entire distillation process. Moreover, since CKD achieves
comparable performance to another input-perturbed-based method, TALD [84], we also include TALD
for comparison in Figure 7.2.

2Please refer to Table 3 of [98]
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7.5.6 Visualize the Output Probability Space in Different Epochs

We visualize how the output probability distributions of the ResNet-32×4 DJIP teacher evolve across
epochs during a single training run, as illustrated in Figure 7.3. The simplex is visualized by projecting
the 3-class softmax probability vectors onto a 2D plane, where the one-hot vectors of each class are
mapped to the vertices of an equilateral triangle. Temperature scaling with T = 4.0 is applied to the
softmax outputs.

Initially, the teacher produces highly confident predictions resembling one-hot vectors, with output
probabilities concentrated near the corners of the simplex. As training progresses, facilitated by the differ-
entiable JPEG layers, both the output distributions and the centroids of each class cluster gradually shift
toward the center of the simplex, leading to an increase in CMI values. While maintaining correct clas-
sifications, the predictions become less confident yet more informative. Figure 7.3 further illustrates the
convergence of centroid trajectories, thereby validating the convergence of the alternating optimization
algorithm.

(a) Untrained (b) Epoch 5 (c) Epoch 10 (d) Epoch 15 (e) Epoch 20

Figure 7.3: The output probability vectors of the trained DJIP teacher for a three-class classifica-
tion task are visualized on a 2-simplex over different epochs within a single training run. Three
classes are randomly selected from the CIFAR-100 training set, with 100 samples per class.
Temperature scaling with T = 4.0 is applied to the softmax outputs to enhance distributional
smoothness. In the plots, cross markers denote the class centroids, and the CMI values are com-
puted based solely on these three selected classes.

7.5.7 Trained Quantization Table Visualization

The quantization tables trained for the DJIP teacher, corresponding to the results in Tables 7.1, 7.2, and 7.3,
are presented in Figures 7.4 and 7.5. These results indicate that, across different datasets, the models
consistently apply stronger compression to the Y channel than to the Cb and Cr channels, which in turn
leads to higher CMI values after training.
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(a) VGG-13 (λ = 0.5) (b) ResNet-110 (λ = 0.5)

(c) ResNet-32×4 (λ = 0.5) (d) ResNet-56 (λ = 0.5)

(e) ResNet-50 (λ = 0.5) (f) WRN-40-2 (λ = 0.5)

Figure 7.4: Trained quantization tables on CIFAR-100 models used in Table 7.1 and 7.2.

7.5.8 Visualize the Output Probability Space of DNNs

A more comprehensive comparison of the output probability space between the CE teacher and the DJIP
teacher is shown in Figure 7.6, with temperature scaling T = 4.0 as well. We observe that the clusters
corresponding to the DJIP teacher become less concentrated.
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(a) ResNet-34 (λ = 1.4)

(b) ResNet-50 (λ = 2.0)

Figure 7.5: Trained quantization tables on ImageNet models in Table 7.3.

7.5.9 DJIP with other input perturbation method

As stated in Theorem 3, the parameter ω represents arbitrary perturbation parameters and is fully agnostic
to the specific choice of input perturbation mechanism. Consequently, the proposed alternating optimiza-
tion framework is not restricted to JPEG quantization tables. The differentiable JPEG module adopted in
our experiments serves merely as a convenient instantiation, selected due to its simplicity, computational
efficiency, and the availability of robust differentiable implementations. In principle, this perturbation
layer may be replaced by any differentiable codec. As another illustrative example, we additionally incor-
porate a convolutional autoencoder as the input perturbation module.

We employ a symmetric convolutional autoencoder designed for CIFAR-resolution images. The en-
coder is composed of convolution, batch normalization, and ReLU layers, followed by a max-pooling
operation in the middle. The decoder mirrors this structure using convolution and transposed-convolution
layers to upsample feature maps and recover the original spatial resolution. As observed in Section 7.5.7,

149



Fi
gu

re
7.

6:
t-

SN
E

[1
18

]
vi

su
al

iz
at

io
n

of
fe

at
ur

es
ex

tr
ac

te
d

fr
om

th
e

C
IF

A
R

-1
00

tr
ai

ni
ng

se
tw

ith
50

0
sa

m
pl

es
pe

r
cl

us
te

ri
n

al
l1

00
ca

te
go

ri
es

.

150



the optimized quantization tables consistently exhibit small step sizes. Motivated by this, we choose a
latent dimensionality comparable to the input, enabling the autoencoder to learn an identity-preserving or
denoising transformation. A final sigmoid activation constrains the reconstructed output to the normalized
pixel range.

For pretraining, the autoencoder is trained on CIFAR-100 with standard data augmentation. Opti-
mization is performed using Adam with a learning rate of 1 × 10−3, and the reconstruction objective is
mean squared error (MSE). Training proceeds for 200 epochs with a batch size of 64. On the CIFAR-100
test set, the pretrained autoencoder achieves a PSNR of 41.52 dB, an SSIM of 0.9961, and an MSE of
8.3× 10−5, indicating high-fidelity reconstruction.

Following the training framework in Figure 7.1, we insert the autoencoder before the classifiers and
optimize its parameters using the alternating optimization algorithm. We train for 20 epochs with a learn-
ing rate of 1 × 10−3 and set λ = 0.3. After optimizing the perturbation module, standard distillation is
performed. The final results are reported in Table 7.9.

Table 7.9: The test accuracy (%) of students on CIFAR-100 with autoencoder as input perturba-
tion method.

Teacher Student Method CMI KD FitNet FT SP CRD CC RKD

ResNet-34 ResNet-18
CE 0.015 72.98 71.02 70.58 72.68 73.94 70.71 71.48

DJIP 0.067 73.31 71.31 71.03 72.92 74.05 71.13 71.77
74.64 70.36 ∆ / +0.33 +0.29 +0.45 +0.24 +0.11 +0.42 +0.29

7.5.10 Few Shot Classification

In conventional few-shot classification, only a β percent of instances from each class are made available
for model training [72]. Translating this idea into the KD setting, the JPEG layer is trained on the full
dataset, while only a β percent subset of samples per class is used to train the student during distillation.

To examine the effectiveness of the proposed DJIP teacher under limited-data conditions, we conduct
experiments on CIFAR-100 using WRN-40-2 WRN-16-2 teacher-student pair. We evaluate several values
of β, namely 5, 10, 20, 50, 75, over the vanilla KD method. The results are presented in Table 7.10. As
shown, the student consistently benefits from distillation with the DJIP teacher, and the improvement is
especially notable in more challenging low-data regimes (smaller β). These results further support the
robustness of our method under constrained data scenarios.

7.5.11 Computational Efficiency and Convergence Behavior of DJIP

In this section, we analyze the practical training characteristics of the proposed DJIP framework from two
complementary perspectives: computational efficiency and optimization behavior. We first examine the
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Table 7.10: Comparison of student accuracy (%) under few-shot distillation settings on CIFAR-
100. The teacher is trained on the full dataset, while only a β percent subset of samples per class
is used to train the student.

Teacher Student Method
β

5 10 20 50 75

WRN-40-2 WRN-16-2
CE 34.75 50.73 60.93 69.60 72.17

DJIP 40.56 53.95 62.98 70.87 73.15
∆ +5.81 +3.22 +2.06 +1.27 +0.98

online distillation complexity of DJIP by quantifying its training throughput, GPU memory footprint, and
overall runtime across multiple teacher–student configurations. This analysis highlights the amortized cost
of the offline JPEG-layer training and demonstrates that DJIP maintains competitive efficiency relative to
standard knowledge distillation baselines.

We then study the convergence properties of the alternating optimization procedure underlying DJIP.
While theoretical guarantees arise from the analytical solution of the inner minimization step, we further
provide empirical evidence showing stable and monotonic training dynamics across large-scale models.
Together, these results confirm that DJIP is both computationally practical and optimizes reliably in real-
world training scenarios.

DJIP Online Distillation Complexity

As mentioned in Figure 7.1, DJIP contains 2 stages. The first stage trains the JPEG layer in an offline
manner. Since the learned JPEG layer can be reused for training multiple student models, this stage is
executed only once and its training time is amortized and therefore negligible in the overall framework.

For the second online stage, we present the student training throughput, GPU peak memory, and total
runtime in Table 7.11. The student distillation stage is conducted on a single RTX 2080 Ti GPU.

Convergence Analysis and Empirical Evidence

The inner minimization step in Equation □ satisfies the cross-entropy inequality. Suppose the impact of
the random mini-batch sampling and SGD is ignored. In that case, the alternating algorithm is guaranteed
to converge in theory, since given w, the optimal Q∗(x | i, y) can be found analytically via 7.8. Although
in practice the alternating algorithm may not converge to a global minimum, this is not the limitation of
our algorithm, but the nature of all SGD-based deep learning algorithms.

Empirically, our alternating procedure exhibits stable behavior throughout training. As shown in Fig-
ure 7.7, the training CMI value consistently improves, and the training DJIP loss and the overall training
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Table 7.11: Comparison of DJIP distillation complexity measured with different teacher-student
pairs on CIFAR-100 with vanilla KD method and TALD, following the configuration specified
in Section 7.4.1.

Teacher
Method

Throughput Peak GPU Memory Total Runtime
Student (img/ms) (MB/GPU) (s)

VGG-13
Vanilla 7.11 614 2026.6
DJIP 5.60 624 2572.8

VGG-8 TALD 2.48 1060 5829.6

ResNet-56
Vanilla 4.61 408 3124.8
DJIP 3.70 410 3895.2

ResNet-20 TALD 1.38 946 10447.2

WRN-40-2
Vanilla 3.53 668 4084.8
DJIP 2.98 670 4826.4

WRN-40-1 TALD 1.15 1262 12516.0

(a) ResNet-34 (λ = 1.4)

(b) ResNet-152 (λ = 2.0)

Figure 7.7: Convergence curves of the proposed alternating optimization on ImageNet. The
training DJIP loss, training CMI value, and total training loss exhibit stable and monotonic trends,
confirming the empirical convergence of our method.

loss converge smoothly over iterations on both ResNet-34 and ResNet-152. These observations indicate
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that the proposed alternating algorithm behaves stably in practice at scale.

7.5.12 Ablation Studies on DJIP Hyper-parameters

In this section, we conduct a series of ablation studies to investigate the sensitivity of hyper-parameters and
how those key hyper-parameters affect the behavior of the DJIP teacher and the resulting student perfor-
mance. Specifically, we examine the influence of the weighting coefficient λ, the number of quantization
rounds in JPEG, the learning rate for JPEG layer’s updates, and the cluster centroid update interval.

Effect of λ in DJIP

In Table 7.12, we examine the influence of the hyper-parameter λ on the optimization of the objec-
tive function defined in Equation 7.10. To this end, we train the DJIP teacher with various values of
λ ∈ {0.4, 1.0, 1.4, 2.0, 2.4, 3.0}. As anticipated, increasing λ leads to a higher CMI of the teacher while
simultaneously increasing its CE loss as well. Moreover, the student’s Top-1 accuracy exhibits a quasicon-
cave trend with respect to λ, achieving its peak at λ = 1.4. This suggests that λ = 1.4 yields a favorable
balance between the teacher’s informativeness (CMI) and its predictive correctness (CE), thereby facili-
tating a higher student performance during distillation.

Table 7.12: Effect of λ on student test accuracy (%) and the CMI/CE losses of the DJIP teacher.
The results are compared with those of a standard CE teacher in the ResNet-34 → ResNet-18
setting on ImageNet with vanilla KD. Bold numbers indicate the best performance.

DJIP teacher Vs. CE teacher on ImageNet (ResNet-34→ ResNet-18)

KD CE
DJIP with λ

∆
0.4 1.0 1.4 2.0 2.4 3.0

Teacher CELoss 0.560 0.568 0.568 0.581 0.630 0.595 0.627 /
Teacher CMI 0.7180 0.7257 0.7268 0.7382 0.7869 0.7523 0.7825 /
Student Acc 70.660 71.362 71.452 71.654 71.274 71.370 71.290 +0.702

Effect of Number of Rounds in DJIP

We investigate the effect of increasing the number of quantization rounds in JPEG. Here, one round refers
to applying quantization to the DCT coefficients once using a separate quantization table. Introducing
multiple rounds effectively expands the perturbation space, which is particularly beneficial for complex
datasets such as ImageNet. As the number of rounds increases, the teacher’s CMI consistently improves;

154



however, excessive rounds can lead to elevated CE loss, indicating a loss of predictive reliability. As
shown in Table 7.13, the student’s accuracy grows steadily from 1 to 5 rounds and reaches its peak at 5
rounds, suggesting that a moderate degree of iterative quantization provides the most favorable balance
between informativeness and stability.

Table 7.13: Effect of the number of quantization rounds on student accuracy (%) and on the CMI
and CE losses of the DJIP teacher. Results are reported for the ResNet-34→ ResNet-18 setting
on ImageNet under vanilla KD. Bold numbers denote the best performance.

KD CE
DJIP with number of rounds equals to

1 3 5 6
Teacher CELoss 0.560 0.560 0.561 0.582 0.768

Teacher CMI 0.7180 0.7178 0.7185 0.7382 0.9097
Student Acc 70.660 71.278 71.610 71.654 70.960

Effect of Learning Rate in DJIP

We evaluate teacher learning rates of 0.1, 0.02, 0.01, and 0.001. As shown in Table 7.14, an overly
high learning rate leads to unstable JPEG layer updates, manifested by excessively large CMI values and
noticeably increased CE loss, which ultimately undermines the student’s performance. The learning rate
of 0.01 yields the best overall results, indicating that a stable yet sufficiently responsive update regime is
essential for effective distillation.

Table 7.14: Effect of learning rate on student accuracy (%), along with the CMI and CE losses
of the DJIP teacher. Results are reported for the ResNet-34→ ResNet-18 setting on ImageNet
under vanilla KD. Bold indicates the best performance.

KD CE
DJIP with learning rate equals to
0.1 0.02 0.01 0.001

Teacher CELoss 0.560 0.875 0.601 0.582 0.561
Teacher CMI 0.7180 0.9961 0.7577 0.7382 0.7191
Student Acc 70.660 70.628 71.444 71.654 71.432

Effect of Centroid Update Interval in DJIP

We further study the impact of the centroid update interval of DJIP in Table 7.15. When using intervals
of 3, 5, 50, and 500 iterations, we observe that the student accuracy remains largely stable, with the best
results appearing at intervals of 3 and 5. Although both intervals yield similar accuracy, we select the
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interval of 5 due to efficiency concerns. As the update interval becomes longer, the student’s accuracy
shows a mild decrease; however, it consistently surpasses that obtained with the standard CE teacher.
This suggests that moderately frequent centroid updates provide more reliable centroid estimates while
avoiding unnecessary computation, thereby enabling a more accurate inner minimization of Equation □
and ultimately improving distillation performance.

Table 7.15: Effect of centroid update interval on student accuracy (%) on CIFAR-100 (averaged
over 3 runs). Results are reported for the ResNet-34 → ResNet-18 setting, with update inter-
vals of 3, 5, 50, and 500 iterations. All configurations consistently outperform the standard CE
teacher, with the best performance achieved at an interval of 3 and 5.

Teacher Student Method CMI KD DKD DIST CC RKD AT FitNet FT SP ITRD CRD

ResNet-50 VGG-8

CE 0.009 73.81 73.94 74.11 70.25 71.50 71.84 69.39 70.29 73.34 75.49 74.30
Interval=3 0.341 74.49 75.87 74.58 70.92 71.87 72.50 69.50 71.29 73.58 76.02 74.56
Interval=5 0.341 74.48 75.87 74.80 70.92 71.93 72.42 69.57 71.24 73.87 75.91 74.55

Interval=50 0.341 74.33 75.58 74.63 70.78 71.81 72.38 69.35 71.23 73.68 75.91 74.24
Interval=500 0.342 74.32 75.49 74.52 70.68 71.73 72.37 69.02 71.06 73.61 75.81 74.21

7.6 Chapter Summary

In this chapter, we have introduced Differentiable JPEG-based Input Perturbation (DJIP), a novel frame-
work that enhances the transferability of a fixed teacher by incorporating a differentiable JPEG com-
pression layer. By jointly optimizing CE loss and CMI values through a tailored alternating algorithm,
our method enables the teacher to produce more informative supervision signals without modifying its
original weights. Extensive experiments on ImageNet and CIFAR-100, across both CNNs and ViTs ar-
chitectures, demonstrate that DJIP consistently improves student accuracy (up to 4.11% over standard
baselines). Comprehensive analyses further confirm the effectiveness and stability of our alternating CMI
optimization. Beyond empirical gains, DJIP offers a lightweight and generalizable mechanism for enhanc-
ing knowledge distillation by exploiting input-space perturbations using trainable quantization. Since the
teacher remains unchanged, DJIP is particularly suitable for scenarios with strict deployment or integrity
constraints.
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Chapter 8

Conclusion and Future Work

This chapter concludes the dissertation by summarizing the research journey, restating the principal con-
tributions, and outlining promising directions for future inquiry.

8.1 Summary

This dissertation was motivated by the observation that the world’s dominant image format, JPEG, and
the leading paradigm for image understanding, Deep Neural Networks (DNNs), were designed with dis-
tinct objectives. JPEG was engineered for the Human Visual System (HVS), while DNNs have their own
complex criteria for optimal performance. This dissertation investigates how these two foundational tech-
nologies can be more effectively integrated, systematically demonstrating that their initial sub-optimal
interaction is not a limitation but an opportunity. We have shown that the architectural principles of
JPEG—specifically, frequency-domain quantization—can be repurposed to synergistically integrate with
and enhance DNN performance. This research charts a logical progression from adapting the JPEG stan-
dard externally for DNN consumption, to integrating it internally as a learnable network component, and
finally, to repurposing its core principles to amplify knowledge transfer.

Our first contribution revisited the relationship between JPEG’s default parameters and a given DNN
by reframing the compression objective from a human-centric ”rate-distortion” problem to a machine-
centric ”rate-accuracy” one. To this end, we introduced the Sensitivity Weighted Error (SWE), a
novel distortion measure derived from a DNN’s loss sensitivity to frequency-domain perturbations. This
measure guides our OptS algorithm to generate model-specific, JPEG-compliant quantization tables that
demonstrably improve the rate-accuracy trade-off for pre-trained models [101, 144].

Building on this insight, the second part of the thesis investigated whether the encoding process itself
could become an intrinsic, learnable component of a neural network. This led to the creation of JPEG-
Inspired Deep Learning (JPEG-DL). The key technical barrier—the non-differentiable hard quantiza-
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tion step of JPEG—was overcome by an end-to-end differentiable JPEG layer. This innovation served
a dual purpose: it not only rendered the compression pipeline trainable but also acted as a new form of
trainable non-linearity, enhancing the model’s expressive power. By prepending a lightweight, trainable
JPEG layer to any standard DNN, we transformed the JPEG pipeline from a static pre-processor into a dy-
namic, task-aware feature transformation layer, leading to significant gains in both classification accuracy
and adversarial robustness.

The final part of this dissertation synthesized these concepts to improve knowledge transfer in Knowl-
edge Distillation (KD). To address the “overconfident teacher” problem, we developed a series of frame-
works that use input perturbations to elicit softer, more informative supervisory signals. This began with
the heuristic Coded Knowledge Distillation (CKD), which adaptively selects JPEG quality factors to
modulate teacher outputs. We then established a theoretical foundation with Generalized Coded Knowl-
edge Distillation (GCKD), an information-theoretic framework that frames the problem as maximizing
the teacher’s Conditional Mutual Information (CMI). Our work culminated in Differentiable JPEG-
based Input Perturbation (DJIP), an elegant architectural synthesis that ingeniously resolves the com-
putational complexity of GCKD. By deploying the trainable JPEG layer from Chapter 4 as a practical
mechanism to achieve the theoretical CMI maximization goal, DJIP creates a highly efficient, plug-and-
play “coded teacher” that unifies all preceding concepts into a single, powerful solution.

Throughout this dissertation, our theoretical proposals were substantiated by extensive experiments.
The results consistently demonstrate that by reformulating JPEG’s encoding philosophy for the machine,
we provide a unified approach to improving model performance, architectural efficiency, and the efficacy
of knowledge transfer.

8.2 Thesis Contributions

The research presented in this dissertation establishes JPEG-inspired encoding as a novel and powerful
framework for enhancing deep learning models. The primary contributions are:

1. A JPEG-Compliant Compression Framework for DNN Vision. We developed a principled
method for adapting the standard JPEG codec for machine consumption without altering its decoder
compatibility.

• We proposed a novel, machine-centric distortion measure, Sensitivity Weighted Error (SWE),
based on a DNN’s training loss sensitivity to DCT perturbations [101, 144].

• We developed OptS, an algorithm that leverages SWE to design optimal JPEG quantization
tables that demonstrably improve the rate-accuracy performance for any given DNN.

2. An Integrated and Trainable Compression Layer for DNN Architectures. We designed a
novel, end-to-end trainable JPEG layer as the core of our JPEG-Inspired Deep Learning (JPEG-
DL) framework, seamlessly integrating the compression pipeline directly into the network.
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• We introduced a novel differentiable soft quantizer, a core component that enables end-to-
end training of the layer via backpropagation while also serving as a trainable non-linearity
to enhance the model’s expressive power.

• We demonstrated that prepending this lightweight layer to a standard DNN and jointly op-
timizing its parameters with the network’s weights achieves significant and consistent im-
provements in model accuracy and adversarial robustness [99].

3. A Suite of Frameworks for Enhancing Knowledge Distillation. We pioneered and formalized
the use of JPEG-inspired input perturbation to improve the supervisory signal from a fixed teacher
model in KD.

• We introduced Coded Knowledge Distillation (CKD), a practical and efficient framework
that uses adaptive JPEG compression to elicit softer, more informative outputs from an over-
confident teacher [98].

• We generalized this concept with Generalized Coded Knowledge Distillation (GCKD),
an information-theoretic framework that defines the problem as maximizing the teacher’s
Conditional Mutual Information (CMI) via input perturbations [100].

• We synthesized our prior work in Differentiable JPEG-based Input Perturbation (DJIP),
an efficient architectural solution that operationalizes the CMI maximization goal of GCKD
by using the trainable JPEG layer, creating a lightweight and practical “coded teacher” [15].

8.3 Directions for Future Work

The research presented in this dissertation opens up several promising avenues for future investigation.
The frameworks and concepts developed herein can be extended and refined in the following directions:

1. Per-Coefficient Sensitivity and Non-JPEG-Compliant Compression. The Sensitivity Weighted
Error (SWE) framework was intentionally designed for JPEG compliance by using a single sensitiv-
ity weight, si, for each frequency across all spatial blocks. A promising future direction is to relax
this constraint and explore a more granular, non-JPEG-compliant approach using per-coefficient
sensitivities, si,j . This would enable a more precise distortion allocation but introduces significant
research challenges. It would necessitate not only the design of a new compression codec but also
a fundamental extension of rate-distortion theory to accommodate time-varying fidelity criteria,
as the foundational Shannon lower bound would no longer apply. Overcoming these theoretical
hurdles could lead to compression schemes with even greater rate-accuracy performance.

2. Addressing Large Perturbations in DNN-Oriented Compression. The formulation of Sensi-
tivity Weighted Error (SWE) relies on a first-order Taylor expansion, which is most effective for
small perturbations. This approximation can become less accurate for large quantization steps that
induce significant changes in the DCT coefficients. A valuable direction for future research is to
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develop DOC methods that can effectively handle large perturbations, perhaps by incorporating
higher-order terms of the Taylor expansion or exploring alternative non-local analysis techniques.
One primary solution is instead of training the model on the original on training set, we can com-
press the training set and train a model to accommodate the large distortion. However, it still not
favourable to use different weight for different regions.

3. Explicit Rate-Accuracy Optimization for JPEG-DL. The current JPEG-DL framework success-
fully enhances model accuracy by jointly learning quantization parameters and network weights,
but it does so without an explicit objective for the resulting compression rate. The rate is an un-
controlled byproduct of the optimization, not a target. A significant future direction is to explicitly
optimize the full rate-accuracy trade-off. The primary challenge lies in the non-differentiable na-
ture of the entropy coding stage (e.g., Huffman coding), which makes the true bit rate intractable
for gradient-based optimization. A promising path forward would be to develop a differentiable,
information-theoretic rate estimator. This could potentially be achieved by leveraging the proba-
bilistic nature of the soft quantizer itself. Since the soft quantizer defines a probability distribution
over the quantized coefficients, the Shannon entropy of this distribution serves as a well-established
proxy for the optimal coding rate. Developing a method to analytically compute this entropy and
integrate it into the loss function would enable end-to-end training that explicitly minimizes a La-
grangian of inference loss and bit rate, thereby allowing for precise control over the rate-accuracy
Pareto frontier.

4. From Input Compression to Compressible Activations for Distributed Systems. The current
JPEG-DL framework successfully enhances model accuracy by jointly learning quantization pa-
rameters and network weights, but it does so without an explicit objective for the resulting com-
pression rate. A significant future direction is to explicitly optimize this rate-accuracy trade-off. For
the input image, this can be achieved by leveraging the probabilistic nature of the soft quantizer;
its inherent conditional probability mass function (CPMF) allows the Shannon entropy to serve as
a differentiable proxy for the bit rate, enabling end-to-end training that minimizes a Lagrangian of
inference loss and bit rate. However, a far more transformative extension would be to apply this
principle not to the input image, but to the network’s internal activations. A fundamental bottleneck
in training and deploying massive models, such as LLMs, is the communication cost of transferring
high-precision activation tensors between distributed compute nodes. One could re-envision the
trainable soft quantizer, decoupled from the JPEG pipeline, as a novel form of activation function.
By replacing standard functions like ReLU or GELU with this probabilistic quantization mecha-
nism, and including the entropy of the activations as a regularization term in the main loss function,
it may be possible to train a model that learns to compress its own internal representations.

5. Theoretical Analysis of Adversarial Robustness in JPEG-DL. The JPEG-DL framework was
empirically shown to confer significant improvements in adversarial robustness. A compelling
avenue for future work is to conduct a deeper theoretical analysis to understand the precise mech-
anisms behind this enhancement. Investigating how the trainable JPEG layer alters the network’s
loss landscape, input gradients, and decision boundaries could provide fundamental insights into
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building models that are inherently more robust to adversarial attacks.

6. Generalizing the JPEG Layer as a Novel Architectural Component. The JPEG-DL framework
establishes that a trainable JPEG layer, centered on our differentiable soft quantizer, functions as
a novel, structured non-linear operator. This opens a broader research direction into designing
and integrating other forms of compression-inspired non-linearities as architectural components.
One could explore replacing standard activation functions like ReLU in deeper layers of a network
with similar trainable quantizers operating on feature maps, potentially leading to more efficient,
expressive, and interpretable models.

7. Generative Models for Coded Dataset Creation. The GCKD and DJIP frameworks currently
use gradient-based or JPEG-based methods to generate input perturbations. Future research could
explore the use of more sophisticated generative models, such as Generative Adversarial Networks
(GANs) or diffusion models, to create the “coded dataset.” Training a generator to produce CMI-
maximizing perturbations could yield a more diverse and globally optimal set of inputs, potentially
leading to further improvements in the quality of the teacher’s supervisory signal and the final
student performance.

8. Extension of the Coded Teacher Paradigm to Large Language Models (LLMs). The funda-
mental principle of the coded teacher”—using input perturbations to maximize the CMI of a fixed
teacher—is not limited to the vision domain and presents a compelling opportunity in Natural
Language Processing. Massive foundation models like GPT-4 are often deployed as static, highly
optimized services using inference engines like vLLM to handle many concurrent prompts effi-
ciently. In such an environment, fine-tuning the teacher or deploying a separate, modified version
solely for distillation is operationally infeasible and prohibitively expensive, as it would require
maintaining multiple instances of a multi-billion parameter model. Our “coded teacher” paradigm
offers a solution that respects these real-world constraints. Future work could develop a learn-
able text transformation model, analogous to how DJIP uses a JPEG layer for images. This
model would be trained to apply subtle, meaning-preserving modifications to input prompts (e.g.,
through paraphrasing or token manipulation) with the explicit goal of maximizing the CMI of the
large, fixed teacher LLM. Such a framework could significantly enhance knowledge distillation for
LLMs, making it possible to create smaller, more efficient student models without ever needing
to alter the deployed foundation model. This addresses a critical challenge in making powerful
language models more accessible and widely deployable.

8.4 Discussion

8.4.1 Dataset-Dependent Frequency Sensitivity

Figures 8.1–8.2 compare the DCT-domain sensitivities {si} estimated from cross-entropy loss gradients
for the same task family (image classification) under two markedly different data regimes: (i) a large, het-
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erogeneous dataset with broad intra-class variability and diverse backgrounds (ImageNet), and (ii) a fine-
grained dataset focused on subtle inter-class distinctions among closely related categories (CUB200). A
salient observation is a pronounced discrepancy in the mid-frequency band of the luminance (Y) channel:
ImageNet models maintain non-negligible sensitivity across mid frequencies (with model-dependent os-
cillations), whereas CUB200 models concentrate sharply at very low frequencies with a rapid decay—mid-
band sensitivities are comparatively suppressed.

Interpretability objective. The primary motivation for a reader-led follow-up is interpretability: to
determine which visual features are more diagnostic for the machine than for the human when solving
the same recognition task. The dataset-dependent sensitivity gap we observe (CUB200 vs. ImageNet)
provides a natural testbed to ask whether models lean more on edges/part contours, broader mid-band
textures, or other frequency-localized cues than humans do. Rather than establishing causality, the goal
is to compare human performance and model behavior on matched stimuli and report where they di-
verge—thereby turning our machine-centric compression analysis into an opportunity to explain model
reliance on specific frequency bands and structures, and to surface feature–reliance discrepancies that can
guide future, more interpretable encoder designs.
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Figure 8.1: The estimated sensitivity is shown for two pre-trained models on the CUB200, with
sensitivity indices arranged in the default zigzag order.
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Figure 8.2: The estimated sensitivity is shown for four popular pre-trained models on the Ima-
geNet dataset, with sensitivity indices arranged in the default zigzag order.
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Appendix A

Derivation of the KKT Conditions for
Optimal Distortion Allocation

This appendix outlines the detailed derivation of the Karush-Kuhn-Tucker (KKT) conditions for the rate-
distortion optimization problem central to the DNN-Oriented Compression (DOC) framework, as intro-
duced in Chapter 3. The objective is to determine the optimal allocation of mean-squared error (MSE)
distortion to each frequency component to minimize the total rate, subject to a budget on the total Sensi-
tivity Weighted Error (SWE).

A.1 The Optimization Problem

The objective is to select the distortion allocation, D1, D2, . . . , D2M , for each frequency component to
minimize the overall file size, subject to a total weighted distortion budget and physical constraints on the
distortion for each component specified in Section 3.5.2.

A.1.1 Objective Function

Minimize the total rate, which is the sum of the rates for each component:

min
D1,...,D2M

2M∑
i=1

Ri(Di) (A.1)

where Di is the MSE distortion for component i. The rate-distortion function Ri(Di) is approximated by
the Shannon Lower Bound, which relates the rate to the component’s variance σ2

i and its allocated MSE
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distortion Di:

Ri(Di) ≈
1

2
log2

(
σ2
i

Di

)
(A.2)

A.1.2 Constraints

1. Budget Constraint: The sum of the sensitivity-weighted distortions must equal a fixed total budget,
DSWE

T . This aligns with the SWE distortion measure defined in the main text.

2M∑
i=1

siDi = DSWE
T (A.3)

Here, si is the pre-calculated sensitivity of the DNN to perturbations in frequency component i.

2. Physical Constraints: For each frequency component i, the allocated MSE distortion Di must be
physically meaningful. It cannot be less than the minimum possible distortion achievable by the
quantizer, Dmin,i, and it cannot be greater than the component’s signal power (variance), σ2

i .

Di ≤ σ2
i ∀i ∈ {1, . . . , 2M} (A.4)

Di ≥ Dmin,i ∀i ∈ {1, . . . , 2M} (A.5)

where Dmin,i is shorthand for D(Ci, qi).

A.2 The Lagrangian Formulation

We combine the objective function and all constraints into the Lagrangian function L, using Lagrange
multipliers λ (for the equality budget constraint) and µi, νi (for the inequality physical constraints).

L(D,λ, µ, ν) =
2M∑
i=1

Ri(Di) + λ

((
2M∑
i=1

siDi

)
−DSWE

T

)

+
2M∑
i=1

µi(Di − σ2
i )

+

2M∑
i=1

νi(Dmin,i −Di) (A.6)
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A.3 The KKT Conditions

For a candidate solution to be optimal, it must satisfy the following four Karush-Kuhn-Tucker (KKT)
conditions.

1. Stationarity: The gradient of the Lagrangian with respect to the decision variables Di must be
zero.

∂L
∂Di

= 0 ∀i

2. Primal Feasibility: The solution must satisfy all original constraints.

2M∑
i=1

siDi = DSWE
T

Di − σ2
i ≤ 0 ∀i

Dmin,i −Di ≤ 0 ∀i

3. Dual Feasibility: The multipliers for the inequality constraints must be non-negative.

µi ≥ 0 ∀i
νi ≥ 0 ∀i

4. Complementary Slackness: For each inequality constraint, the product of the multiplier and the
constraint slack must be zero. This means either the constraint is active (holds with equality) or its
corresponding multiplier is zero.

µi(Di − σ2
i ) = 0 ∀i

νi(Dmin,i −Di) = 0 ∀i

A.4 Applying the Conditions: The Derivation

A.4.1 Stationarity

First, we find the partial derivative of the rate-distortion function Ri(Di) with respect to Di. For mathe-
matical convenience, we use the natural logarithm, as the constant factor ln(2) can be absorbed into the
Lagrange multiplier λ.

Ri(Di) =
1

2 ln(2)

(
ln(σ2

i )− ln(Di)
)
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∂Ri

∂Di
= − 1

2 ln(2)Di

Now, setting the partial derivative of the Lagrangian with respect to Di to zero (and absorbing the constant
1/(2 ln(2)) into a redefined multiplier λ′ for notational clarity):

∂L
∂Di

= − 1

Di
+ λ′si + µi − νi = 0

Rearranging this gives our fundamental relationship for the optimal distortion Di:

1

Di
= λ′si + µi − νi ⇒ Di =

1

λ′si + µi − νi
(A.7)

A.4.2 Analysis via Complementary Slackness

We now analyze three mutually exclusive cases for any given frequency component i based on which
constraints are active.

Case 1: Internal Solution (Unconstrained). The optimal distortion Di lies strictly between its
physical bounds: Dmin,i < Di < σ2

i .

• Since Di < σ2
i , the constraint (Di − σ2

i ) is inactive (non-zero). By complementary slackness, this
forces its multiplier µi = 0.

• Since Di > Dmin,i, the constraint (Dmin,i−Di) is also inactive. This implies its multiplier νi = 0.

Substituting µi = 0 and νi = 0 into Equation A.7:

Di =
1

λ′si

If we define a constant ”water-level” parameter d = 1/λ′, the optimal distortion is Di = d/si. This result
is highly intuitive: the allocated MSE distortion is inversely proportional to the component’s sensitivity.

Case 2: Upper Bound is Active. The optimal distortion is capped at its maximum possible value:
Di = σ2

i .

• The lower bound constraint is inactive, so from complementary slackness, νi = 0.
• The upper bound constraint is active, so its multiplier µi can be non-zero (µi ≥ 0).

This scenario occurs when the unconstrained solution would have violated the upper bound, i.e., when
d/si > σ2

i . The constraint becomes binding, and the allocation is limited to Di = σ2
i . At this point, the

component is effectively discarded with no rate cost.
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Case 3: Lower Bound is Active. The optimal distortion is set at its minimum possible value: Di =
Dmin,i.

• The upper bound constraint is inactive, so from complementary slackness, µi = 0.
• The lower bound is active, so its multiplier νi can be non-zero (νi ≥ 0).

This scenario occurs when the unconstrained solution would have violated the lower bound, i.e., when
d/si < Dmin,i. The constraint becomes binding, forcing the distortion to its minimum feasible level.

A.5 Synthesis of the Result

Combining these three cases yields a complete, piecewise function for the optimal MSE distortion allo-
cation D∗

i . The allocation for each component is determined by the single global parameter d (which is
determined by λ′), scaled by the component’s specific sensitivity si.

D∗
i (d) =


σ2
i if d

si
> σ2

i (Case 2: Capped at max power)
Dmin,i if d

si
< Dmin,i (Case 3: Floored at min distortion)

d
si

otherwise (Case 1: Inverse sensitivity allocation)

(A.8)

This can be expressed more compactly as:

D∗
i (d) = clip

(
d

si
, Dmin,i, σ

2
i

)
(A.9)

This is precisely the reverse water-filling logic that underpins the OptS algorithm. The global parameter d
is found numerically such that the total weighted budget constraint,

∑2M
i=1 siD

∗
i (d) = DSWE

T , is satisfied.
This derivation provides the theoretical foundation for the optimal distortion profiles used to generate
DOC-compliant quantization tables in Chapter 3.
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Appendix B

Offline Estimation of the Sensitivity

In Figs. B.1 and B.2, we plot the estimated DCT sensitivities introduced in Chapter 3; all values are nor-
malized by the Y–channel DC sensitivity to enable relative comparison across channels (the normalization
factor α = SY (0, 0) is shown in the title), and each heatmap is displayed in the original 8× 8 DCT layout
(u, v) (via inverse zigzag), with the DC term at the top–left and higher vertical/horizontal frequencies
along u/v.

B.1 Model-Dependent Frequency Sensitivity

Across the four models shown in Figure 8.2, the estimated sensitivity of the luma (Y) channel exhibits
a broadly consistent qualitative pattern—high sensitivity concentrated in the low-frequency DCT compo-
nents with a monotonic decay toward higher frequencies—yet the magnitude and sharpness of this decay
vary noticeably across architectures. These differences stem from each model family’s inductive biases
and feature-extraction strategies. Lightweight CNNs such as MobileNetV2 and MnasNet display a pro-
nounced emphasis on very low-frequency coefficients, reflecting their stronger reliance on coarse spatial
structures. In contrast, larger architectures such as RegNetY-400MF and ConvNeXt-T present a flatter
sensitivity distribution extending into the low- and mid-frequency bands, indicating that they exploit a
broader range of frequency information for decision-making. Despite these architectural differences, all
models consistently attribute substantially higher importance to Y-channel low frequencies compared to
chrominance channels, underscoring the central role of luminance-driven structure in modern DNN fea-
ture hierarchies.

182



(a) MobileNetV2

(b) MnasNet

Figure B.1: The estimated sensitivity is shown for four popular pre-trained models on the Ima-
geNet dataset, normalized by the sensitivity value of the DC frequency for better visualization.
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(a) RegNetY-400MF

(b) ConvNeXt-T

Figure B.2: The estimated sensitivity is shown for four popular pre-trained models on the Ima-
geNet dataset, normalized by the sensitivity value of the DC frequency for better visualization..
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Appendix C

Rate–Distortion Evidence for OptD

Figure C.1 reports the rate–distortion (PSNR vs. bpp) comparison for OptD implemented in our pipeline
in Chapter 3 as a special case of OptS with uniform sensitivities, i.e., si ≡ 1 for all DCT frequencies.
Thus, the proposed encoder uses SDQ with quantization tables designed by OptD, while the baseline
curve corresponds to default JPEG. The joint distortion allocation and index optimization inherent to
SDQ+OptD yield consistently higher PSNR at the same bitrate (or, equivalently, lower bitrate for the
same PSNR) than standard JPEG, confirming the advantage of the proposed allocation framework in rate-
distortion setup.

Purpose. The plot aggregates the R–D points corresponding to all SDQ+OptD R–A operating points
reported in the main results. The resulting curve maintains a favorable R–A trade-off, supporting the
premise that SDQ+OptS can be tuned to balance human-centric (R–D) and machine-centric (R–A) objec-
tives.
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Figure C.1: Rate–Distortion (PSNR vs. bpp) comparison between the default JPEG encoder
and OptD with joint distortion allocation. Across the tested bitrate range, the OptD curve con-
sistently lies above the JPEG curve, indicating higher PSNR at the same rate—or equivalently,
lower rate for the same PSNR—thus demonstrating the superiority of the proposed allocation
strategy.
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