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Abstract

Knowledge distillation (KD) and its variants, as effective model compression methods,
have attracted tremendous attention from both academia and industry. These methods
usually use the pretrained teacher models’ outputs and the ground truth labels as supervi-
sion signals to train the lightweight student model, which can improve student performance
in terms of accuracy.

One aspect of KD that has rarely been explored in the literature is how the behavior
of the teacher models affects the students’ performance. Specifically, in most existing KD
projects, teacher models are usually trained to optimize their own accuracy. However,
recent studies have shown that a teacher with higher accuracy does not always lead to
a student with higher accuracy [12, 68]. To explain the aforementioned counter-intuitive
observations and advance the understanding of the role of teacher models in KD, the
following research problem naturally arises:

How can a teacher model be trained to further improve student’s accuracy in scenar-
ios where the teacher is willing to allow its knowledge to be transferred to the student in
whatever form?

In this thesis, we assert that the role of the teacher model is to provide contextual
information to the student model during the KD process. In order to increase the contex-
tual information captured by the teacher model, this thesis proposes a novel regulariza-
tion term called Maximum Conditional Mutual Information (MCMI). Specifically, when a
teacher model is trained by conventional cross-entropy loss plus MCMI, its log-likelihood
and conditional mutual information (CMI) are simultaneously maximized. The new Class
Activation Mapping (CAM) algorithm further verified that maximizing the teacher’s CMI
value allows it to capture more contextual information in an image cluster. Via conducting
a thorough set of experiments, we show that by employing a teacher trained by CE plus
MCMI rather than one trained CE in various state-of-the-art KD frameworks, student’s
classification accuracy consistently increases, with a gain of up to 3.32%. In addition, we
show that such improvements in the student’s accuracy are more drastic in zero-shot and
few-shot settings. Notably, when 5% of the training samples are available to the student
(few-shot), the student’s accuracy increases with the gain of up to 5.72%, and increases
from 0% to as high as 84% for an omitted class (zero-shot).
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Chapter 1

Introduction

1.1 Knowledge Distillation

Following the great success of AlexNet [37]. Deep neural network-based machine learning
algorithms have revolutionized various field such as medicine [63], natural language pro-
cessing [15, 61, 6], computer vision (CV) [23, 17], and mass production [75]. It is believed
that the crux of their success lies in the benefits of over-parameterization, which enlarge
models’ representation space [32]. However, those over-parameterized models, always con-
taining millions or even billions of parameters, are characterized by their vast scale and
complexity. This makes it challenging to deploy them on devices with limited resources for
real-time applications.

To address the challenge mentioned above, as an efficient model compression method,
knowledge distillation (KD) [7] has emerged as an efficient model compression method,
bridging the performance gap between models of different sizes. In KD, a lightweight
model is generally supervised by a larger teacher model. The main idea is that the student
model mimics the teacher model in order to obtain a competitive or even superior per-
formance. After KD has been rediscovered and popularized by [25], numerous researchers
have attempted to improve the performance of KD by introducing new knowledge transfer
algorithms [62, 4, 56], and to understand why distillation works [60, 52, 85, 3, 50, 14].
However, one aspect of KD that has received relatively limited attention is the role of the
teacher model and its training process, which will be discussed in the next section.
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1.2 The Role of Teacher Model in KD process

To further improve student performance by customizing the teacher model, few works in the
literature aim to discuss the role of the teacher model in the knowledge distillation process.
[80] argues that the teacher model is designed to be tolerant to help students learn inter-
class relations and prevent overfitting. [12, 74] regularized the teacher by utilizing early
stopping and checkpoints to achieve a model with large mutual information. [69] trained
the teachers to have more dispersed soft probabilities. Additionally, [16] stated that a
model exhibiting local Lipschitz continuity around training inputs can serve as a student-
oriented teacher which can be a better Bayes conditional probability distribution estimator.
All the works mentioned above with the advancement of knowledge distillation methods
have greatly improved the distilled students’ performance. In this thesis distinguishes itself
from all other works in the literature as it arguers that the gain of student accuracy comes
from the contextual information present in the teacher’s output.

1.3 Contributions

In this section, I summarize the main contributions of this thesis by reviewing the key
contributions of each individual work.

1. We argue that the so-called dark knowledge in KD process is indeed the contextual
information of the input, which can be quantified by CMI value.

2. Equipped with the concept of CMI, we can now justify a batch of observations in
knowledge distillation that were previously difficult to justify.

3. We propose a new loss function dubbed MCMI which maximize the log-likelihood and
CMI value simultaneously, which allow the teacher model provide more contextual
information to the student.

4. By conducting a through set of experiments, by simply replacing the teacher trained
by CE with the teacher trained by MCMI in existing state-of-the-art KD methods,
student’s accuracy consistently increases across the board. Noticeably, the improve-
ments are more significant in both few-shot and zero-shot setting.

2



Chapter 2

Notation and Preliminaries

2.1 Notation

The set of real numbers is denoted by R. Vectors are denoted by bold-face letters (e.g.,
w). The i-th element of vector w is denoted by w[i]. For a natural number K, let
[K] ≜ {1, ...K}. Assume that there are C class labels with [C] as the set of class labels.
Let P([C]) denote the set of all C dimensional probability distributions. For any two proba-
bility distribution P1, P2 ∈ P([C]), the cross-entropy and Kullback-Leibler (KL) divergence
between P1 and P2 are denoted by H(P1, P2) and KL(P1, P2), respectively. For any y ∈ [C]
and P ∈ P([C]), write the CE of the one-hot probability distribution corresponding to y

and P as H(y, P ). An N ×M Markov matrix is denoted by M
[N,M ]
c .

∇wf(·) denotes the gradient vector of function f(·) w.r.t. vector w. The directional
derivative of f(·) in direction of γ is denoted by Dγ(·)

For any pair of random variables (X, Y ), denote its joint probability distribution by
PX,Y (x, y) or simply P (x, y) whenever there is no ambiguity, the marginal distribution of
Y by PY (y), and the conditional distribution of Y given X = x by PY |X(·|x). The mutual
information between two random variables X and Y is denoted by I(X, Y ), and the CMI
of X and Y given a third random variable Z is I(X, Y |Z).

We regard a classification model as a mapping from raw data x ∈ Rd to a probability
distribution qx ∈ P([C]). Given a student model: x ∈ Rd → qx, let θ denote its weight
vector consisting of all its connection weights; whenever there is no ambiguity, we also
write qx as qx,θ.

3



2.2 Conditional Mutual Information of a model

Label Space

𝑦 ∈ [𝐶]
Input Space X

𝑌 = 𝑦1

𝑌 = 𝑦2

𝑌 = 𝑦3

Output Space 𝒫([𝐶])DNN𝑃𝑋|𝑌(. |𝑦)

Figure 2.1: The Markov chain of a classification task. The label space [C] maps to the
input space X, and from the input space to the output space P [C] of a model. We use
caricatures to depict label and input spaces, where each of the three instances in the label
space is mapped to two instances in input space according to PX|Y (·|yi), ∀i ∈ {1, 2, 3}.
While, the output space is obtained from a pretrained ResNet56 model on CIFAR-100,
the output probability vectors corresponding to all validation sample instances from those
three classes are projected over the two-dimensional probability simplex.

In a multi-class classification task, each data point x with same label y ∈ [C] is sampled
from the distribution P (X|Y = y) by observation. In practice, a deep neural network
(DNN) maps these samples to the output probability space P [C] and let Ŷ be the label
predicted by the DNN with probability P [Ŷ ] in respond to the input X. This mapping
process can be regarded as a Markov chain as depicted in Fig. 2.1.

As showed in [82], the conditional mutual information (CMI) between X and Ŷ , given
it’s ground truth label Y = y can be calculated as:

I(X; Ŷ |Y = y) =
∑
x

PX|Y (x|y)

[
C∑
i=1

P (Ŷ = i|x, y)× ln
P (Ŷ = i|x, y)

PŶ |Y (Ŷ = i|Y = y)

]
(2.1)

= EX|Y

[(
C∑
i=1

qX [i] ln
qX [i]

PŶ |Y (Ŷ = i|Y = y)

)
|Y = y

]
= EX|Y [KL (qX , sy) |Y = y] ,

(2.2)

4



where sy = PŶ |Y (·|y) = EX|Y [qX |Y = y]. I(X; Ŷ |Y = y) measures the concentration of
the cluster corresponding to label y ∈ [C]. Averaging over all clusters corresponding to all
labels y, we get

I(X; Ŷ |Y ) =
∑
y∈[C]

PY (y)I(X; Ŷ |Y = y) = EXY [KL (qX , sY )] . (2.3)

I(X; Ŷ |Y ) measures the average concentration across all clusters.

For a training dataset D = {(xi, yi)}Ni=1 drawn from an unknown distribution PX,Y , we
can approximate the CMI of f by its empirical value. To this end, letDy = {1 ≤ j ≤ N : yj = y}.
Denote the size of Dy by |Dy|. The empirical values of each label specific CMI and the
CMI can be calculated as follows

Iemp(X; Ŷ |Y = y) =
1

|Dy|
∑
i∈Dy

KL(qxi
, semp

y ), (2.4)

Iemp(X; Ŷ |Y ) =
1

N

N∑
i=1

KL(qxi
, semp

yi
), (2.5)

where semp
y =

1

|Dy|
∑
i∈Dy

qxi
,∀y ∈ [C]. (2.6)

In next section, we investigated the CMI’s effect on the output space of the model by
visualizing the clusters of output probability vector.

2.3 How CMI Affects the Output Space of the Model

The outputs of the DNN of all data points belonging to a specific class Y = y, where
y ∈ [C], can be considered as a cluster in the DNN’s output space. The centroid of
this cluster corresponds to the average of qx with respect to the conditional distribution
P (X | Y = y), which is defined as semp

y in Eq. 2.6.

As Eq. 2.5 indicate, the CMI value is equal to the average KL-divergence between the
probability vector and the empirical centroid semp

y , as though, a smaller CMI(|̇Y = y) is
the more concentrated cluster around the centroid semp

y .

To visualize it, two DNN with differnet CMI values are trained over Cifar-100 dataset.
Then we use the visualization method proposed in [82] which project the output probability

5



(a) Teacher with high CMI value (b) Teacher with low CMI value

Figure 2.2: Visualization of the projected clusters of probability distributions correspond-
ing to three randomly selected labels from CIFAR-100 for two models with (a) high CMI
value, (b) low CMI value.

associated with three randomly selected classes to a two-dimensional simplex. The results
are depict in Fig. 2.2. As seen, the cluster of the model with low CMI value is indeed more
concentrated.
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Chapter 3

KD-Amplifying Deep Learning

In this chapter, we aim to answer the following question:

How can a teacher model be trained to further improve student’s accuracy in the sce-
narios where the teacher is in fully cooperative mode and willing to allow its knowledge to
be transferred to the student in whatever form?

In [53], researchers first observed that when the teacher is trained by maximizing log-
likelihood plus label smoothing (LS), it groups the output probabilities of data points from
the same class in tight clusters, which prevents its knowledge from distilling to the student
model. Similar findings were reported by [18, 85]; i.e, if the output probability cluster of
the teacher model is so compact that almost all output probability vectors with the same
ground truth label are collapsed to a single point, in another words the model’s CMI value
is low, then the distilled student can not outperforms the one trained using CE plus LS.
In fact, when the teacher model eliminates all contextual information from the input, KD
essentially reduces to LS. However, in the conventional KD framework, the teacher model
is trained by maximize log-likelihood, which solely aims at the prototype information and
ignore the contextual information of each cluster. To enable the teacher model to capture
both contextual information, in next section we discuss the relation between CMI and
contextual information.

3.1 Capture Contextual Information by CMI

Let’s give an in-depth examination of the sampling process, as discussed in Sec. 2.2 each
data point with the class y is sampled from the distribution P (X|Y = y). Intuitively, in

7



(a) (c) (d)(b) (e)

(a) (c) (d)(b) (e)

Figure 3.1: prototype and natural images of (i) top: goldfish; (ii) bottom: bee-eater.

a multi-class classification task, each of the class has a distinct prototype. As such, all
the data points within the class can be regarded as different manifestations of a common
prototype, each with its own context. For example, the prototype for the last three columns
images is goldfish (top), and bee-eater (bottom) (prototype information), but they
have different background and each goldfish (bee-eater) has its own posture (contextual
information), which is dominated by the unknown distribution P (X|Y = y). As such,
each data point (manifestation) contains two types of information: (i) its prototype; and
(ii) some contextual information on top its prototype.

Let the Ŷ be the label predicted by the model with probability PX [Ŷ ] corresponding to
the input X. That is for any input sample x ∈ Rd and any ŷ ∈ [C]; Pr(Ŷ = ŷ | X = x) =
Px[ŷ]. The intricate non-linear function between input and prediction of a model f can
be captured by the CMI(f) = I(X; Ŷ | Y ), which is the quantity of information shared
between X and Ŷ given Y .

On another hand, we can rewrite the CMI as I(X; Ŷ | Y ) = H(X | Y )−H(X | Ŷ , Y ),
which can be justified as the difference between the uncertainty of X when Y is known
and that of X when both Y and Ŷ are known. As such, maximizing I(X; Ŷ | Y ) is
equivalent to minimizing H(X | Ŷ , Y ), as H(X | Y ) is a constant which is determined
by the dataset, which, in turn, force Ŷ to have as much information as possible about X,
given its prototype.

8



To facilitate the understanding of the semantic meaning attached to CMI, we further
visualized the prototypes of goldfish and bee-eater in the eye of the DNN. To this end, an
inverse mapping algorithm is developed, which maps the empirical centroid semp

y associated
with the target class y as per Eq.2.5 into a synthetic image. We use a ResNet-34 pretrained
over ImageNet as the classification model, and using the BigGANs [5] as a estimator of
prior of natural images. By slightly modifying the mapping algorithm proposed in [76],
two synthetic images are generated which can be mapped to the empirical centroid semp

y

of each of the “goldfish” and “bee-eater”, which are depicted in the columns (a) and
(b) of Fig.3.1. As observed, the synthetic images feature plain backgrounds, and the
target objects (goldfish and bee-eater) has similar postures since the absence of contextual
information.

3.2 Methodology

3.2.1 Optimization Problem Formulation

Based on previous discussion, a output probability of a good teacher should contains both
prototype and contextual information. Hence, we maximize the following loss function to
train the teacher model

ℓMCMI(f) = −LLemp(f)− λ CMIemp(f), (3.1)

where λ is a predetermined positive hyper-parameter and LL represents the log-likelihood.
We note that the objective function in Eq.3.1 is not amenable to parallel computation via
GPU due to the dependency of CMIemp on the centrooid sy of each cluster to Y = y.
To overcome this, we first convert it into a double minimization problem by introducing a
dummy distribution Qy ∈ P [C] for each y ∈ [C], as shown in the following theorem, which
has been proved in the Appendix A.5.

Theorem 1 For any λ > 0

min
θ

{
EX,YH(y, Px)− λI(X; Ŷ | Y )

}
(3.2)

= min
θ

min
Q(X|Ŷ=i,Y=y)

{
EX,YH(y, Px)− λ

∑
X,Y

P (X, Y )
C∑
i=1

PX(i) ln
Q(X | Ŷ = i, Y = y)

PX|Y (x|y)

}
(3.3)

9



3.2.2 Algorithm for Solving the Optimization in Eq. 3.3

Algorithm 1 The proposed alternating algorithm for solving the optimization problem in
Eq. 3.3.

Input: The training set T , all mini-batches {Bb}b∈[B], number of epochs T , λ, and β.
1: Initialization:

Initialize θ0 and {Q0
c}c∈[C].

2: for t = 1 to T do
3: for b = 1 to B do
4: [Updating θ]:

Fix {Qt
c,b−1}c∈[C].

Update θtb−1 to θ
t
b by using (stochastic) batch gradient descent over the loss function

lBb

(
λ, θtb−1, {Qt

c,b−1}c∈[C]

)
.

5: [Updating {Qc}c∈[C]]:
Fix θtb.
Construct mini-batches {Bc}c∈[C] from T .
Update Qt

c,b−1 to Qt
c,b, ∀c ∈ [C], according to Eq. A.8:

PŶ |Y =

∑
Bc

Px

|Bc|
(3.4)

Qt
c,b(x | i, c) =

Px;

|Bc|PŶ |Y
(3.5)

6: end for
7: end for
8: return Model parameters θT .

By reformulating the single maximization problem into a double maximization problem,
we are now ready to present an algorithm for solving Eq. 3.3. In fact, the reformulated
formulation lends us an alternating algorithm, which optimize θ and Q(X | Ŷ = i, Y = y)
alternatively to maximize the Eq. 3.3.

Given Q(X | Ŷ = i, Y = y), θ can be updated using standard deep learning pro-
cess through stochastic gradient descent, in which for each epoch, the training set is ran-
domly partitioned in to B mini-batches {Bb} b ∈ [B] with each batch of size |B|. Given θ,
Q(X | Ŷ = i, Y = y) can be updated according to Eq. A.8.

10



PŶ |Y (i | y)←
∑
X

PX|Y (x | y) (3.6)

q(X | Ŷ = i, Y = y)←
PX|Y (x | y)Px,θ(i)

PŶ |Y (i | y)
(3.7)

The procedure for solving the Eq. 3.3 is summarized in Algorithm 1.

3.2.3 Visualization of contextual captured by teacher models.
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Figure 3.2: The general structure of image classifiers.

In this subsection, we introduce a new CAM algorithm named Contextual-CAM (C-
CAM) to visualize and compare the feature maps extracted by MCMI and MLL teachers.
Specifically, for a classification model (as depicted in Fig. 3.2), the feature extractor maps
input samples to an F dimensional feature map with a spatial resolution of N ×N . Next,
Global Average Pooling (GAP) layer averages the values of each feature map, converting
them into an F dimensional feature vector. Finally, the fully connected layer and softmax
function map the feature vector to a C dimensional probability vector.

In C-CAM, the centroid Sc of the target class C is first estimated using Eq. 2.6. Next,
the GAP layer is removed, allowing the fully connected (FC) layer to map the feature map
of each input sample to N × N probability vectors. Finally, the KL-divergence between
each of these probability vectors and Sc is calculated, resulting in the C-CAM visualization.
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Figure 3.3: The workflow of the C-CAM algorithm.

Figure 3.4: C-CAM for MLL teacher (first row), and MCMI teacher (second row).

We randomly selected four images from the ”Soft-coated Wheaten Terrier” class in
the ImageNet dataset and depict the respective MCMI and MLL teacher’s C-CAM for
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them (see Fig. 3.4). As shown, the activation maps from the MLL teacher barely highlight
any object in the images. In contrast, the activation maps from the MCMI teacher as a
whole capture more contextual information, including the dog’s tail, background and other
contextual information.

Remark 1: The Role of Temperature in KD

The crux of the [25]’s success lies in applying temperature scaling to the logit before
the softmax layer. Although the some works in the literature try to figure out the optimal
temperature value by grid search or regard it as a hyper-parameter of the training algorithm
[42, 43, 28, 68], the real physical meaning has yet to be elucidated.
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Figure 3.5: The teacher’s CMI value (red curve, right axis) along with the student’s ac-
curacy (blue bars, left axis) Vs. the teacher’s temperature in conventional KD for three
different teacher-student pairs.

We argue that the role of temperature is adjusting the teacher’s CMI value by some
extent. To illustrate this, following [25] we pick T = {1, 2, ...8} and apply the same
temperature to both teacher and student for three different teacher-student pairs over
Cifar-100 dataset. Fig.3.5, depict the teacher’s CMI value (right vertical axis) with student
accuracy (left vertical axis) Vs. the teacher’s temperature (horizontal axis). Let us take
Fig.3.5a, for an example, the teacher’s CMI value initially increases reaching its maximum
value at T ∗ = 2, and then it monotonically drop, while the student accuracy reaches its
maximum value at the same temperature. Similar conclusions can be drawn from other
two figures.
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Figure 3.6: The evolution of CMI and LL values for a teacher trained by MLL during the
training.

Remark 2: Early Stopping Teacher

One may wondering why an early-stopping model (a teacher model trained by CE while not
fully converged. In implementation, the teacher at epoch 100 is picked as early-stopping
model on Cifar-100 dataset [36].) is a better teacher comparing with the fully converged
one [12]. To answer this question, we plot the curve of CMI and log-likelihood value
for two models namely Wide ResNet (WRN)-40-2 [87] and ResNet-110 respectively over
Cifar-100 dataset by maximizing log-likelihood in Fig.3.6. As viewed, the CMI value drops
dramatically at epoch 150 for both models. Consequently, using a early-stopping model
is beneficial since it has larger CMI value compare with the fully converged one. Yet, the
problem of early-stopping model is low log-likelihood value, which does not exist in the
model train by MCMI.1

Proposition 1 Let fX be an intermediate feature map of a model corresponding to the
input X, then, I(X; Ŷ | Y ) ≤ I(X; fX | Y ) 2.

Based on the Proposition 1, maximizing the I(X; Ŷ | Y ) would be also have effect of
increase I(X; fX | Y ). Therefore, no matter what kind of KD method is used, logit-based
or feature-based, teacher model are enable to provide more contextual information to the
student model by maximizing Eq. 3.1.

1For a comparison between MCMI teacher and early-stopping teacher please refer to Sec. 3.3.4
2See Appendix A.6 for the proof.
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3.3 Experiments

We conclude this chapter by conducting extensive experiments to demonstrate the superior
effectiveness of MCMI teacher compared to its MLL counterpart 3. Specifically, in Sec 3.3.1
we show that by simply replacing MLL teachers by their MCMI counterparts in the state-
of-the-art KD methods, students accuracy consistently increase across the board.

Plug and Play nature of MCMI teacher: For all experiments conduct in this sec-
tion, to show the effectiveness of our MCMI teacher, we do not tune any hyper-parameter
for the underlying KD methods, which use the same hyper-parameter with their bench-
marks.

3.3.1 MCMI Teacher in KD Methods

Table 3.1: Top-1 and Top-5 student’s test accuracy (%) on ImageNet validation set for 4
different KD methods using MLL and MCMI teachers (RN and MN stand for ResNet and
MobileNet, respectively).

Teacher-Student Teacher Performance KD DKD ReviewKD CRD

RN34-R18
Top1 Top5 CMI LL Top1 Top5 Top1 Top5 Top1 Top5 Top1 Top5

MLL 73.31 91.42 0.7203 -0.5600 71.03 90.05 71.70 90.41 71.61 90.51 71.17 90.13
MCMI 71.62 90.67 0.8650 -0.6262 71.54 90.63 72.06 91.12 71.98 90.86 71.50 90.20

RN50-MNV2
MLL 76.13 92.86 0.6002 -0.4492 70.50 89.80 72.05 91.05 72.56 91.00 71.37 90.41
MCMI 74.94 91.03 0.7150 -0.4943 71.10 90.16 72.61 91.26 73.00 92.19 71.63 90.53

In the following, we conduct a set of experiments over Cifar-100 [36] and ImageNet [64]
dataset, showing the MCMI teachers’ effectiveness.

• Cifar-100. This dataset consists of 60000 color images, each with a resolution of 32×32
pixels. These images are divided into 100 different classes, with each class containing 600
images. The dataset is split into two subsets: 50000 images for training and 10000 images
for testing. Following the settings of CRD [71], we conducted our experiments using 12
teacher-student pairs: 6 pairs with identical network architectures and 6 pairs with differing
network architectures (see Tab. 3.2 and Tab. 3.3). We perform each experiment across

3For the sake of brevity, hereafter, we refer to the teacher trained by MCMI and maximizing log-
likelihood as MCMI and MLL teacher, respectively.
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Table 3.2: The test accuracy (%) of student networks on CIFAR-100 (averaged over 5
runs), with teacher-student pairs of the same architectures. The subscript denotes the im-
provement achieved by replacing MLL teacher with MCMI teacher. We use bold numbers
and asterisk (∗) to denote the best results and to identify the results reproduced on our
local machines, respectively.

Teachers and students with the same architectures.

Teacher
ResNet-56 ResNet-110 ResNet-110 WRN-40-2 WRN-40-2 VGG-13

MLL MCMI MLL MCMI MLL MCMI MLL MCMI MLL MCMI MLL MCMI
Accuracy 72.34 72.09 74.31 73.60 74.31 73.60 75.61 75.21 75.61 75.21 74.64 73.96

LL -0.101 -0.344 -0.033 -0.246 -0.033 -0.246 -0.052 -0.132 -0.052 -0.132 -0.007 -0.076
CMI 0.1583 0.4428 0.0605 0.3474 0.0605 0.3474 0.0255 0.1951 0.0255 0.1951 0.0152 0.1298

Student ResNet-20 ResNet-20 ResNet-32 WRN-16-2 WRN-40-1 VGG-8
Accuracy 69.06 69.06 71.14 73.26 71.98 70.36

KD 70.66 70.84 70.67 70.85 73.08 73.48 74.92 75.42 73.54 74.53 72.98 73.83
+0.18 +0.18 +0.40 +0.50 +0.99 +0.85

AT 70.55 70.89 70.22 70.68 72.31 73.96 74.08 74.49 72.77 73.25 71.43 71.76
+0.34 +0.46 +1.65 +0.41 +0.48 +0.33

PKT 70.34 70.96 70.25 71.03 72.61 72.92 74.54 75.01 73.45 74.15 72.88 73.35
+0.62 +0.78 +0.31 +0.47 +0.70 +0.47

SP 69.67 70.98 70.04 70.83 72.69 73.34 73.83 74.60 72.43 73.60 72.68 73.29
+1.31 +0.79 +0.65 +0.77 +1.17 +0.61

CC 69.63 69.98 69.48 70.02 71.48 71.71 73.56 74.00 72.21 72.50 70.71 71.02
+0.35 +0.54 +0.23 +0.44 +0.29 +0.31

RKD 69.61 70.68 69.25 70.24 71.82 72.65 73.35 73.97 72.22 72.66 71.48 72.03
+1.07 +0.99 +0.83 +0.62 +0.44 +0.55

VID 70.38 70.64 70.16 70.69 72.61 73.10 74.11 74.44 73.30 73.58 71.23 71.93
+0.26 +0.53 +0.49 +0.33 +0.28 +0.70

CRD 71.16 71.40 71.46 71.93 73.48 74.03 75.48 75.82 74.14 74.86 73.94 74.23
+0.24 +0.47 +0.55 +0.34 +0.72 +0.29

DKD 71.97 72.31 71.51∗ 71.83 74.11 74.36 76.24 76.66 74.81 75.63 74.68 74.87
+0.34 +0.32 +0.25 +0.42 +0.82 +0.19

REVIEW 71.89 72.31 71.65∗ 72.11 73.89 74.01 76.12 76.29 75.09 75.47 74.84 74.96
+0.42 +0.46 +0.12 +0.17 +0.38 +0.12

HSAKD 72.58 72.70 72.64∗ 73.15 74.97∗ 75.71 77.20 77.36 77.00 77.55 75.42∗ 75.86
+0.12 +0.51 +0.74 +0.16 +0.55 +0.44

5 independent runs, and report the average accuracy (for the accuracy variances, refer to
Appendix A.1).

For comprehensive comparisons, we evaluate an MCMI teacher versus an MLL teacher
across various state-of-the-art distillation methods, including KD [25], AT [86], PKT [58],
SP [73], CC [59], RKD [57], VID [2], CRD [71], DKD [89], REVIEWKD [8], and HSAKD
[81]. All training setups, including the fine-tuning of MCMI teachers, student training,
and λ values, as well as a study on the effect of λ on MCMI teachers, are detailed in A.3.

As shown in Tab. 3.2 and Tab. 3.3, replacing the MLL teacher with the MCMI one
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Table 3.3: The test accuracy (%) of student networks on CIFAR-100 (averaged over 5
runs), with teacher-student pairs of the different architectures. The subscript denotes
the improvement achieved by replacing MLL teacher with MCMI teacher. We use bold
numbers and asterisk (∗) to denote the best results and to identify the results reproduced
on our local machines, respectively.

Teachers and students with different architectures.

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

MLL MCMI MLL MCMI MLL MCMI MLL MCMI MLL MCMI MLL MCMI
Accuracy 79.34 78.45 79.34 78.45 79.41 78.70 79.41 78.70 75.61 75.21 74.64 73.96

LL -0.004 -0.083 -0.004 -0.083 -0.004 -0.035 -0.004 -0.035 -0.052 -0.132 -0.007 -0.076
CMI 0.0085 0.1065 0.0085 0.1065 0.0059 0.0586 0.0059 0.0586 0.0255 0.1951 0.0152 0.1298

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

KD 67.35 70.23 73.81 74.59 74.07 75.90 74.45 76.32 74.83 76.45 67.37 69.14
+2.88 +0.78 +1.83 +1.87 +1.62 +1.77

AT 58.58 60.03 71.84 72.19 71.73 75.05 72.73 75.21 73.32 75.61 59.40 62.07
+1.45 +0.35 +3.32 +2.48 +2.29 +2.67

PKT 66.52 67.42 73.10 73.43 74.10 75.21 74.69 76.34 73.89 75.39 67.13 68.37
+0.90 +0.33 +1.11 +1.65 +1.50 +1.24

SP 68.08 69.07 73.34 74.14 73.48 76.56 74.56 76.70 74.52 76.82 66.30 67.83
+0.99 +0.80 +3.08 +2.14 +2.30 +1.53

CC 65.43 66.76 70.25 70.90 71.14 71.77 71.29 73.02 71.38 71.80 64.86 65.45
+1.33 +0.65 +0.63 +1.73 +0.42 +0.59

RKD 64.43 65.11 71.50 72.10 72.28 73.59 73.21 74.67 72.21 74.26 64.52 65.37
+0.68 +0.60 +1.31 +1.46 +2.05 +0.85

VID 67.57 67.61 70.30 70.69 73.38 74.58 73.40 74.67 73.61 75.03 65.56 65.77
+0.04 +0.39 +1.20 +1.27 +1.42 +0.21

CRD 69.11 69.70 74.30 74.86 75.11 76.82 75.65 77.54 76.05 76.62 69.70 69.98
+0.59 +0.56 +1.71 +1.89 +0.57 +0.28

DKD 70.35 71.70 73.94∗ 75.35 76.45 77.21 77.07 77.66 76.70 77.42 69.71 70.35
+1.35 +1.41 +0.76 +0.59 +0.72 +0.64

REVIEW 69.89 70.63 73.43∗ 74.20 77.45 77.78 77.78 78.23 77.14 77.56 70.37 71.70
+0.74 +0.77 +0.33 +0.45 +0.42 +1.33

HSAKD 71.83∗ 72.98 75.87∗ 76.45 79.51∗ 79.77 79.93 80.01 78.51 78.87 71.09∗ 72.80
+1.15 +0.58 +0.26 +0.08 +0.36 +1.71

improves the student’s accuracy across all scenarios, regardless of whether the teacher and
student architectures are the same or different. This improvement is consistent across all
tested KD methods and can be as high as 3.32%. Notably, the gain is more pronounced
when the teacher and student have different architectures. 3.2 and Tab. 3.3 also presents
the accuracies of both MLL and MCMI teachers on the test set, and their respective LL
and CMI values on the training set. It is evident that the MCMI teacher consistently has
lower test accuracy compared to the MLL teacher. This highlights that training a teacher
for knowledge distillation purposes is a different task than training it solely for its own
classification accuracy.
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• ImageNet. This dataset is a comprehensive visual database designed for visual object
recognition research, containing 1.2 million of labeled training images and 56K labeled val-
idation images across one thousand of categories. In line with the settings from [71, 83], we
conducted our experiments using two popular teacher-student pairs, as shown in Tab. 3.1.
We observed that, across all knowledge transfer methods reported in Tab. 3.1, replacing
the MLL teacher with the MCMI teacher consistently enhances student accuracy. For
instance, with the teacher-student pairs ResNet34-ResNet18 and ResNet50-MobileNetV2,
the student’s Top-1 accuracy in KD increased by 0.51% and 0.60%, respectively.

3.3.2 Zero-shot Classification in KD
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Figure 3.7: The student’s confusion matrices when it is trained through the MLL teacher
(left), and by MCMI teacher (right).

In the concept of zero-shot classification in KD, the teacher is trained on the entire
dataset, but the samples for some of the classes are completely omitted for the student
during the distillation. Then, the student is tested against the samples for the whole dataset
(both seen and unseen classes). Some real-world scenarios of this setup is elaborated in
Appendix A.4. To show the effectiveness of using MCMI teacher in KD for zero-shot
classification, here we report an example of such scenario on CIFAR-10 dataset, and further
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results including those for CIFAR-100 are reported in Appendix A.4.1. We use ResNet56-
ResNet20 as the teacher-student pair, and train the teacher via MLL and MCMI methods
on the whole dataset. Then, we entirely omit five classes from the student’s training
set, and train it once using MLL teacher and once using MCMI teacher. The student’s
confusion matrices4 for both scenarios are depicted in 3.7 where the dropped classes are
highlighted in red. As seen, the student’s accuracies for the dropped classes are always
zero when using the MLL teacher. On the other hand, these accuracies are substantially
increased, by as much as 84%, when using the MCMI teacher. We conducted additional
tests in which we dropped varying numbers of classes for the student, as elaborated in
Appendix A.4.1.

3.3.3 Few-Shot classification

Table 3.4: Top-1 accuracy (%) of the student under few-shot setting (averaged over 5 runs).

α 5 10 15 25 35 50 75
Teacher MLL MCMI MLL MCMI MLL MCMI MLL MCMI MLL MCMI MLL MCMI MLL MCMI
KD 52.30 58.02 60.13 63.75 63.52 66.20 66.78 68.10 68.28 69.34 69.52 70.28 70.44 70.59

+5.72 +3.62 +2.68 +1.32 +1.06 +0.76 +0.15

CRD 47.60 51.40 54.60 56.80 58.90 60.02 63.82 64.7 66.70 67.22 68.84 69.15 70.35 70.40
+3.80 +2.20 +1.12 +0.88 +0.52 +0.31 +0.05

In few-shot classification, the models are provided with an α percent of the instances in
each class [10]. Translating this concept into the context of KD, the teacher is trained on
the full dataset, yet an α percent of the samples in each class is used to train the student
during the distillation process. Here, we show the effectiveness of MCMI teacher over
MLL teacher using the following experiments on CIFAR-100. We use KD and CRD with
ResNet-56 and ResNet-20 as the teacher and student models. We conducted experiments
for different values of α, namely {5, 10, 15, 25, 35, 50, 75}. The results are summarized in
Tab. 3.4, where for a fair comparison, we employ an identical partition of the training set
for each few-shot setting. As seen, the improvement in the student’s accuracy is notable
by using an MCMI teacher, which is particularly more pronounced for smaller α values
(for instance, when α = 5, the improvement in the student’s accuracy is 5.72% and 3.8%
when KD and CRD are used, respectively).

4Please refer to Appendix A.4.1 for a detailed explanation of how to interpret the confusion matrix.
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3.3.4 Comparison between MCMI and early-stopped teacher in
KD

Table 3.5: Student’s accuracy (%) on ImageNet when it is trained by MLL, ES, and CMI
teachers.

Teacher-Student
R34-R18 R50-MNV2

Teacher’s Acc. CMI LL Student’s Acc. Teacher’s Acc. CMI LL Student’s Acc.
MLL 73.31 0.7203 -0.5600 71.03 76.13 0.6002 -0.4492 70.50
ES 68.68 0.9958 -0.9217 71.25 70.14 0.9598 -0.8840 70.76
MCMI 71.62 0.8650 -0.6262 71.54 74.94 0.7150 -0.4943 71.10

In this subsection, we compare the effectiveness of using MCMI teacher Vs. early-
stopped (ES) one in KD. In particular, we conduct experiments on ImageNet dataset,
where the teacher-student pairs are ResNet34-ResNet18, and ResNet50-MobileNetV2. The
setup for training MCMI teacher is the same as that used for generating the results in Tab.
3.2 and Tab. 3.3. For the ES teacher, following [12], we train ResNet34 for 50 epochs, and
ResNet50 for 35 epochs. The results are summarized in Tab. 3.5.

As seen, the student’s accuracy is higher when it is trained by MCMI teacher compared
to when it is trained by the other counterpart teachers. In fact, the problem with ES and
MLL teachers are that (i) the ES teacher has a low LL value and a relatively high CMI
value (to see why an ES teacher has a higher CMI value compared to MLL teacher, please
refer to [82]), and (ii) the MLL teacher has a high LL value, yet a low CMI value. Therefore,
none-of these methods can establish a fair trade-off between MLL and LL, and consequently
they cannot properly estimate the true P ∗

X . This issue is alleviated for the MCMI teachers.

3.3.5 Why larger teachers harm KD

It is known that using a large model as the teacher would considerably degrade the student
performance [44]. Many papers attribute the cause of this issue to the capacity gap between
the teachers and the students, and to that the small-scale model struggles to grasp the
intricate, high-level semantics extracted by the larger model [12, 51]. Nevertheless, these
explanations lack persuasiveness. In fact, we can answer to this phenomenon by observing
the LL and CMI values for teachers of different sizes.

In particular, consider Fig. 3.8a, where KD method is used to train ResNet8 using MLL
and MCMI teachers of different sizes. As observed, for both MLL and MCMI teachers,
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Figure 3.8: The effect of teacher’s size on the (i) student’s accuracy, (ii) teacher’s CMI,
and (iii) teacher’s LL for both MLL and MCI teachers. The student model is ResNet8,
and the dataset is CIFAR-100.

as the model size increases, on the one hand, the teacher’s LL value increases (beneficial),
and on the other hand, the teacher’s CMI decreases (detrimental). However, for MLL
teachers with larger size, the CMI values are rather small, although their LL values are
quite big. This is the reason that why larger MLL teachers are not often hurt the student’s
accuracy (as seen the student’s accuracy starts decreasing as the MLL teacher model size
goes beyond ResNet56).

However, this issue is mitigated when using MCMI teachers, in that the student’s
accuracy always rises as the teacher’s size increases. This is due to the fact that compared
to the MLL teacher, the CMI value for the MCMI teacher does not drop significantly as
the model size increases. Therefore, an MCMI teacher with a large size can establish a
better trade-off between its LL and CMI values yielding a better BCPD estimate.
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Chapter 4

Conclusion

In conclusion, this thesis has introduced a novel approach, the maximum conditional mu-
tual information (MCMI) method, to enhance knowledge distillation (KD) by providing
more contextual information in student training. Unlike conventional methods that rely
on maximum log-likelihood (MLL) estimation, MCMI simultaneously maximizes both log-
likelihood and conditional mutual information (CMI) during teacher training. Extensive
experiments across various state-of-the-art KD frameworks have demonstrated that utiliz-
ing a teacher trained with MCMI leads to a consistent increase in student’s accuracy.

22



References

[1] Improved knowledge distillation via teacher assistant. 34:5191–5198, Apr. 2020.

[2] Sungsoo Ahn, Shell Xu Hu, Andreas Damianou, Neil D Lawrence, and Zhenwen
Dai. Variational information distillation for knowledge transfer. In Proceedings of
the IEEE/CVF conference on computer vision and pattern recognition, pages 9163–
9171, 2019.

[3] Zeyuan Allen-Zhu and Yuanzhi Li. Towards understanding ensemble, knowledge dis-
tillation and self-distillation in deep learning. arXiv preprint arXiv:2012.09816, 2020.

[4] Rohan Anil, Gabriel Pereyra, Alexandre Passos, Robert Ormandi, George E Dahl,
and Geoffrey E Hinton. Large scale distributed neural network training through online
distillation. arXiv preprint arXiv:1804.03235, 2018.

[5] Andrew Brock, Jeff Donahue, and Karen Simonyan. Large scale GAN training for
high fidelity natural image synthesis. In International Conference on Learning Repre-
sentations, 2019.

[6] Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, Prafulla
Dhariwal, Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, Sand-
hini Agarwal, Ariel Herbert-Voss, Gretchen Krueger, Tom Henighan, Rewon Child,
Aditya Ramesh, Daniel Ziegler, Jeffrey Wu, Clemens Winter, Chris Hesse, Mark Chen,
Eric Sigler, Mateusz Litwin, Scott Gray, Benjamin Chess, Jack Clark, Christopher
Berner, Sam McCandlish, Alec Radford, Ilya Sutskever, and Dario Amodei. Language
models are few-shot learners. In H. Larochelle, M. Ranzato, R. Hadsell, M.F. Balcan,
and H. Lin, editors, Advances in Neural Information Processing Systems, volume 33,
pages 1877–1901. Curran Associates, Inc., 2020.
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Appendix A

Appendix

A.1 Accuracy variances

Table A.1: The variance in accuracy for the results in Table 3.2, where the teacher and
student have the same architectures.

Teacher ResNet-56 ResNet-110 ResNet-110 WRN-40-2 WRN-40-2 VGG-13
Student ResNet-20 ResNet-20 ResNet-32 WRN-16-2 WRN-40-1 VGG-8
KD 70.84± 0.10 70.85± 0.20 73.48± 0.13 75.42± 0.12 74.53± 0.34 73.83± 0.22
AT 70.89± 0.28 70.68± 0.32 73.96± 0.18 74.49± 0.15 73.25± 0.28 71.76± 0.16
PKT 70.96± 0.38 71.03± 0.12 72.92± 0.14 75.01± 0.15 74.15± 0.28 73.35± 0.20
SP 70.98± 0.07 70.83± 0.26 73.34± 0.18 74.60± 0.27 73.60± 0.16 73.29± 0.14
CC 69.98± 0.47 70.02± 0.18 71.71± 0.23 74.00± 0.24 72.50± 0.16 71.02± 0.29
RKD 70.68± 0.13 70.24± 0.17 72.65± 0.24 73.97± 0.15 72.66± 0.21 72.03± 0.28
VID 70.64± 0.25 70.69± 0.09 73.10± 0.13 74.44± 0.25 73.58± 0.28 71.93± 0.10
CRD 71.40± 0.13 71.93± 0.17 74.03± 0.08 75.82± 0.15 74.86± 0.11 74.23± 0.05
DKD 72.31± 0.12 71.83± 0.18 74.36± 0.14 76.66± 0.22 75.63± 0.09 74.87± 0.11

REVIEWKD 72.31± 0.26 72.11± 0.30 74.01± 0.43 76.29± 0.16 75.47± 0.14 74.96± 0.18
HSAKD 72.70± 0.28 73.15± 0.16 75.71± 0.13 77.36± 0.17 77.55± 0.22 75.86± 0.20
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Table A.2: The variance in accuracy for the results in Table 3.3, where the teacher and
student have different architectures.

Teacher ResNet-50 ResNet-50 ResNet-32×4 ResNet-32×4 WRN-40-2 VGG-13
Student MobileNetV2 VGG-8 ShuffleNetV1 ShuffleNetV2 ShuffleNetV1 MobileNetV2
KD 70.23± 0.34 74.59± 0.16 75.90± 0.11 76.32± 0.47 76.45± 0.27 69.14± 0.22
AT 60.03± 0.21 72.19± 0.94 75.05± 0.17 75.21± 0.13 75.61± 0.25 62.07± 0.26
PKT 67.42± 0.18 73.43± 0.17 75.21± 0.27 76.34± 0.18 75.39± 0.14 68.37± 0.35
SP 69.07± 0.17 74.14± 0.19 76.56± 0.29 76.70± 0.18 76.82± 0.14 67.83± 0.28
CC 66.76± 0.42 70.90± 0.20 71.77± 0.17 73.02± 0.17 71.80± 0.19 65.45± 0.39
RKD 65.11± 0.49 72.10± 0.27 73.59± 0.18 74.67± 0.29 74.26± 0.31 65.37± 0.10
VID 67.61± 0.19 70.69± 0.17 74.58± 0.23 74.67± 0.25 75.03± 0.17 65.77± 0.36
CRD 69.70± 0.69 74.86± 0.17 76.82± 0.22 77.54± 0.10 76.62± 0.27 69.98± 0.13
DKD 71.70± 0.35 75.35± 0.13 77.21± 0.14 77.66± 0.19 77.42± 0.45 70.35± 0.08

REVIEWKD 70.63± 0.26 74.20± 0.85 77.78± 0.31 78.23± 0.14 77.56± 0.32 71.70± 0.46
HSAKD 72.98± 0.26 76.45± 0.19 79.77± 0.09 80.01± 0.16 78.87± 0.42 72.80± 0.11
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A.2 Comparing Teacher Trained by Three Regular-

ization Methods: CMI, Entropy, Label Smooth-

ing
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Figure A.1: The effect of various regularization methods and MCMI method on (i) student’s
accuracy, (ii) teacher’s entropy, (iii) teacher’s CMI.

In this subsection, in order to unveil the reason why label smoothing hurts student’s
accuracy in knowledge distillation [70], we conduct a comparative study to see how training
teachers with different regularization terms, namely {CMI, entropy, label smoothing},
affect KD.

To this end, we train teachers using these regularization methods, and report the
teacher’s CMI value and the average entropy of its output probability vectors. Then,
we use these three teachers to train a student via KD framework, and also report the
accuracy of the resulting students. The results for two teacher-student pairs are depicted
in Fig. A.1, where we also depicted the results for an MLL teacher (the teacher with no
regularization term).

As observed, the CMI regularization does not increase the entropy of the teacher’s out-
put predictions. On the other hand, the teachers trained by entropy and LS regularization
have low CMI value, and high output’s entropy. This shows that the CMI value is not
related to the entropy of the output probability vectors. In addition, we see that to train
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students with high accuracy, the teacher’s CMI value should be high, and the entropy of
its output is not important.

A.3 knowledge distillation algorithm setup

For all variants of knowledge distillation and settings in this paper, SGD is applied as the
optimizer.

For CIFAR-100 dataset, we train 240 epochs for all experiments with an initial learning
rate of 0.05 by default, which will be decayed by factor of 0.1 at epoch 150, 180, 210. For
MobileNetV2, ShuffleNetV1, and ShuffleNetV2, a smaller initial learning rate of 0.01 is
used. We adopt batch size of 64.

For ImageNet dataset, we used the same training recipe as PyTorch official implemen-
tation, except train for 10 more epochs. Batch size of 256 is adopted.

In the paper, we incorporate several state-of-the-art KD variants. Specifically, we em-
ploy a linear combination of cross-entropy loss and knowledge distillation loss, as outlined
below:

ℓ = ℓCE + γℓDistill (A.1)

For different KD variants, we directly adopted the γ values as those reported in their
original papers. The γ values and additional details for each KD variant used in the paper
are outlined below:

1. AT [86]: γ = 1000;

2. PKT [58]: γ = 30000;

3. SP [73]: γ = 3000;

4. CC [59]: γ = 0.02;

5. RKD [57]: γ1 = 25 for distance, and γ2 = 50 for angle;

6. VID [2]: γ = 1;

7. CRD [71]: γ = 0.8;
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8. DKD [89]: Consistent with their official implementation, we select γ from the set
{0.2, 1, 2, 4, 8};

9. REVIEWKD [8]: Consistent with their official implementation, we select γ from the
set {0.6, 1, 5, 8};

10. HSAKD [81]: γ = 1.

For KD, we follow the original implementation in [25], set α = 0.9, and T = 4.

For both zero-shot and few-shot, we follow the same training recipe as that discussed
in this subsection.

A.4 Real-world examples for zero-shot KD

Zero-shot learning in the context of knowledge distillation (KD) can be used when you
want a student model to learn from a teacher model while omitting certain classes. In this
subsection, we will provide detailed explanations of two real-world examples that show the
application of zero-shot learning within the framework of KD.

Consider the scenario that you are tasked with developing a disease classification system
using medical images as input data. The central repository of these medical images is
managed by the government, which possesses the teacher model designed for this purpose.
However, local hospitals express interest in utilizing these images for disease diagnosis.
Due to privacy concerns, sharing all the images with these hospitals is not feasible [21].

Here’s how zero-shot learning in KD with omitted classes could be applied:

1. Teacher Model: You have a teacher model that has been trained on a large medical
images including those sensitive ones.

2. Omitted Classes: Your objective is to create a student model for disease diagnosis.
However, you want to exclude certain sensitive images from the training dataset.

3. Knowledge Distillation: You create a student model for disease classification and
initiate knowledge distillation from the teacher model.

4. Zero-Shot Learning: The student model, can still perform diagnosing effectively,
even for sensitive images that were omitted during training. It achieves this through zero-
shot learning, as it learns to predict diseases that have never seen directly in the training
data by leveraging the knowledge from the teacher model.
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In this scenario, zero-shot learning in KD allows you to build a classification system
that respects privacy and confidentiality by omitting certain classes (sensitive images)
while ensuring that the diagnosing quality remains high for other deceases [22].

A.4.1 More Zero-shot KD results

• CIFAR-100: We consider the zero-shot in KD over CIFAR-100 where the teacher
is trained over the whole dataset while some number of classes are dropped during the
distillation. Specifically, we consider dropping {5, 10, 20, 30, 40, 50} classes. The teacher
and student models are WRN-40-2 and WRN-16-2, respectively. We compare using the
MLL and MCMI teacher in the above scenario. Then, we report the accuracy of the student
for both dropped and preserved classes, separately.

The results are summarized in Tab. A.3. As the results suggest, the accuracy for the
dropped classes is significantly increases by using the MCMI teacher. In addition, the
accuracy for the preserved classes is almost the same when using either teacher. This
suggests that the accuracy for the preserved classes is not sacrificed for a higher accuracy
for the dropped classes.
Table A.3: Student accuracy of zero-shot learning in CIFAR-100, where teacher is WRN-
40-2, and student is WRN-16-2. Numbers in red indicate the accuracy of omitted classes
when training students, those in blue represent that of preserved classes. The reported
results are averaged over 5 different random seeds.

# of dropped classes 5 10 20 30 40 50
MLL 0.16 / 75.02 2.70 / 75.82 1.63 / 76.28 1.11 / 80.15 1.74 / 80.42 0.87 / 82.38
MCMI 25.64 / 75.08 32.78 / 75.78 30.61 / 76.22 21.72 / 80.27 23.74 / 80.79 22.26 / 82.46

• CIFAR-10: For this dataset, we use a 10 × 10 confusion matrix C to better observe
the model performance. Each row in C represents the instances in an actual class, while
each column represents the instances predicted by the model. In particular, the entry Ci,i,
i ∈ [10], represents the probability that the instances in class i are correctly classified.
On the other hand, Ci,j, i, j ∈ [10], i ̸= j, represents the probability of the cases where
instances from class i are incorrectly classified as belonging to Class j.

Then, we consider dropping {1, 2, 3, 4, 5, 6} classes from the student’s training set. The
dropped classes are denoted by red color in the confusion matrices.
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Figure A.2: Zero-shot KD when one of the classes is entirely removed for the student.
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Figure A.3: Zero-shot KD when two classes are entirely removed for the student.
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Figure A.4: Zero-shot KD when three classes are entirely removed for the student.
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Figure A.5: Zero-shot KD when four classes are entirely removed for the student.
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Figure A.6: Zero-shot KD when five classes are entirely removed for the student.
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Figure A.7: Zero-shot KD when six classes are entirely removed for the student.
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A.5 Proof of Theorem 1

Proof.

Since λ ≥ 0, it is sufficient to show that suffices to show that

I(X; Ŷ | Y ) = max
Q(x|Ŷ=i,Y=y)

∑
x,y

P (x, y)
C∑
i=1

Px(i) ln
Q(x | Ŷ = i, Y = y)

PX|Y (x | y)

The mappings from the label space Y to the input space X, and from the input space
to the prediction Ŷ of a classification model forms a Markov train.

Y → X → Ŷ ,

Then the CMI between Ŷ and X given Y can be written as

I(X; Ŷ | Y ) =
∑
y∈[C]

PY (y)I(X; Ŷ | Y = y) (A.2)

=
∑
y

∑
x

P (x, y)
C∑
i=1

Px(i) log
Px(i)

PŶ |Y (Ŷ = i | Y = y)
(A.3)

=
∑
y

PY (y)
∑
x

PX|Y (x | y)
C∑
i=1

Px(i) log
PX|Y (x | y)Px(i)

PX|Y (x | y)PŶ |Y (i | y)
(A.4)

=
∑
y

PY (y)
C∑
i=1

PŶ |Y (i | y)
∑
x

PX|Y (x | y)Px(i)

PŶ |Y (i | y)
log

PX|Y (x | y)Px(i)

PX|Y (x | y)PŶ |Y (i | y)
(A.5)

= max
Q(x|Ŷ=i,Y=y)

∑
y

PY (y)
C∑
i=1

PŶ |Y (i | y)
∑
x

PX|Y (x | y)Px(i)

PŶ |Y (i | y)
log

Q(x | Ŷ = i, Y = y)

PX|Y (x | y)
(A.6)

= max
Q(x|Ŷ=i,Y=y)

∑
x,y

P (x, y)
C∑
i=1

Px(i) ln
Q(x | Ŷ = i, Y = y)

PX|Y (x | y)
(A.7)

Note that in Eq. A.7 maximization is achieved when

Q(x | Ŷ = i, Y = y) =
PX|Y (x | y)Px(i)

PŶ |Y (i | y)
. (A.8)
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This completes the proof of Theorem 1.

A.6 Proof of Proposition 1

Proof. For a given model, we use fX to represent the intermediate feature map to input
X, as discussed in [82, 72], the layered structure if a model forms a Markov chain as:

X → fX → Ŷ , (A.9)

where Ŷ is the output of the model corresponding to the input X. By writing the CMI
in terms of entropy, we obtain

I(X; Ŷ | Y ) =H(X | Y )−H(X | Ŷ ;Y ) (A.10)

I(X; fx | Y ) =H(X | Y )−H(X | fX , Y ) (A.11)

On the other hand,

H(X | fX ;Y ) = H(X | fX ; Ŷ , Y ) (A.12)

≤ H(X | Ŷ ;Y ), (A.13)

where Eq. A.12 is due to the properties of Markov chain, and Eq. A.13 holds since re-
moving a random variable from condition increase the entropy. This together with Eq. A.11
completes the proof.
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