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Abstract

Artificial Intelligence (AI) systems have become indispensable across domains such
as healthcare, finance, robotics, and scientific discovery. At the heart of this revolution,
Large Language Models (LLMs) have emerged as the central paradigm, demonstrating
remarkable reasoning, generalization, and multi-domain adaptability. However, their
exponential growth in scale introduces severe computational bottlenecks in training, fine-
tuning, and inference, limiting accessibility, sustainability, and real-world deployment.

This dissertation advances the efficiency of LLMs across all lifecycle stages by introducing a
suite of five frameworks that significantly reduce compute, memory, and latency costs with
minimal or no loss in accuracy. First, Quantized Dynamic Low-Rank Adaptation
(QDyLoRA) enables memory-efficient fine-tuning across multiple LoRA ranks in a single
training pass, achieving competitive performance to QLoRA while reducing GPU memory
usage by up to 65% and supporting flexible rank selection at inference time. Second,
Sorted-LoRA introduces a stochastic depth—aware fine-tuning framework that co-trains
multiple sub-models of varying depths within a single cycle. On LLaMA2-7B, it produces
submodels up to 40% smaller that retain over 98% task accuracy, with the largest
variant even surpassing the base model by +0.34%. Third, LoRA-Drop accelerates
autoregressive inference by dynamically substituting computationally redundant layers with
lightweight low-rank modules during decoding. It delivers up to 2.6 X faster decoding and
a 50% reduction in KV-cache memory with less than 0.5% degradation in accuracy,
offering latency-aware adaptability for real-world deployment. Fourth, EchoAtt exploits
redundancy in attention maps by sharing attention matrices among similar layers. On
TinyLLaMA-1.1B, it achieves 15% faster inference, 25% faster training, and a 4%
parameter reduction while improving zero-shot accuracy, highlighting that structural
compression can enhance rather than degrade model generalization. Finally, ECHO-
LLaMA introduces cross-layer Key—Value (KV) and Query-Key (QK) sharing to reduce
redundant attention computation. This approach achieves up to 77% higher token-per-
second throughput during training, 16% higher Model FLOPs Utilization (MFU),
and 7% higher test-time throughput, while preserving language modeling performance.
On the mechanical-domain ROBOEVAL benchmark, ECHO-CodeLLaMA-7B boosts average
accuracy from 62.15% to 63.01% with only 50% KV sharing, confirming its robustness
in domain adaptation.

Together, these contributions form a coherent research program on the efficiency of large-
scale Transformers. They demonstrate that intelligently exploiting representational re-
dundancy—through quantization, low-rank structure, cross-layer sharing, and adaptive
computation—can yield substantial compute savings with minimal trade-offs.
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Chapter 1

Introduction

Artificial Intelligence (AI) systems have been widely employed in a vast variety of domains,
from medical systems [181, 124, 181] to financial analytics [38, 214| and from mechanical
engineering [189, 34, | to autonomous vehicles [250, 84]. While Al models are largely
powered by advances in machine learning and deep learning, the increasing availability of
large-scale datasets and high-performance computational resources has driven the develop-
ment of ever-larger and more capable architectures, particularly Large Language Models
(LLMSs). These models, based on the Transformer architecture, are pre-trained on massive
corpora and exhibit remarkable generalization across diverse tasks and domains through
fine-tuning or instruction adaptation. LLMs have consequently become a central paradigm
in modern Al research, enabling flexible downstream applications while also posing new
challenges in terms of computational efficiency, scalability, and resource optimization.

Large Language Models (LLMs) represent one of the most significant advancements in
Artificial Intelligence research, emerging as the core paradigm of modern large-scale learning
systems. The conceptual groundwork for such models was formalized by Bommasani
et al. [32], who characterized large pre-trained models as systems trained on vast and
diverse datasets with the capacity to generalize across a wide spectrum of downstream
tasks. In practice, these models are implemented as deep neural networks with billions of
parameters, trained predominantly through self-supervised learning at scale. While the
original definition encompassed various modalities, including text, vision, and multimodal
data, LLMs have become the most mature and widely deployed class of such models.

LLMs such as GPT-3, with 175 billion parameters [35], exemplify the capability of
large-scale language models to perform reasoning, summarization, translation, and code
generation without task-specific supervision. Other related large-scale architectures include



vision-based models such as CLIP [194], and multimodal extensions like LLaVA-NeXT [161],
which integrate both textual and visual modalities. These models are generally trained on
massive, diverse corpora using unsupervised or self-supervised objectives, allowing them to
learn universal representations that can later be fine-tuned or adapted to specialized tasks.

However, the immense scale that enables these models’ versatility also introduces
significant computational and optimization challenges. Training an LLM from scratch is
a resource-intensive and time-consuming process that requires distributed computation,
extensive data preprocessing, and complex optimization strategies. The pre-training process
is challenging for several key reasons:

e High-dimensional parameter space: LLMs consist of billions of parameters,
making their optimization computationally demanding. Navigating such a high-
dimensional space efficiently requires advanced algorithms and precise initialization
schemes.

e Optimization instability: Training deep Transformer architectures using gradient-
based methods can suffer from vanishing or exploding gradients, particularly during
large-batch or mixed-precision training. Stabilizing learning requires careful tuning of
normalization, optimizer states, and gradient scaling.

e Learning rate sensitivity: Selecting and scheduling learning rates is critical for
convergence. While adaptive optimizers such as Adam or Lion are widely used, they
introduce additional hyperparameters that must be tuned to balance convergence
speed and stability.

e Parallelism and communication overhead: To train models of this scale, exten-
sive parallelism strategies—such as data, tensor, and pipeline parallelism—must be
employed. Each introduces non-trivial synchronization, communication, and memory
management challenges across devices, often impacting overall training efficiency.

Despite these challenges, continuous research in optimization algorithms, distributed
training frameworks, and model compression techniques has driven rapid progress in the
field. Nonetheless, achieving greater efficiency during pre-training, fine-tuning, and
inference remains an open research frontier. This dissertation builds upon these insights,
focusing on the design of scalable and computationally efficient techniques for LLMs that
maintain high performance while significantly reducing resource consumption.



1.1 Large Language Models

Large Language Models (LLMs) represent one of the most transformative advances in
artificial intelligence, particularly within natural language processing (NLP). Conceptually
extending from the idea of large-scale pre-trained models introduced by Bommasani et
al. [32], LLMs specialize in learning powerful text representations from massive corpora and
exhibit remarkable generalization across diverse downstream tasks. Through extensive pre-
training and minimal task-specific adaptation, they can perform reasoning, summarization,
translation, and code generation, among many other language-related tasks. This capability
to generalize and adapt with limited supervision has positioned LLMs as the cornerstone of
modern Al research and applications.

1.1.1 Defining Large Language Models

Large Language Models are typically based on the Transformer architecture, consisting
of stacked self-attention and feedforward layers with billions of parameters. They are
trained in a self-supervised fashion on large-scale text datasets to model the probability
distribution of natural language sequences. Through this process, LLMs develop rich
linguistic and semantic representations that enable efficient fine-tuning or prompting for
various downstream applications.

Formally, given a large pre-training text corpus Dy = {%1,%2,...,zn5}, an LLM fp
learns to approximate the conditional probability of the next token z; given its preceding
context -, by minimizing the negative log-likelihood:

N
6" = argmin Loro(fo(Dpre)) = — Y log Po(wr | 2<t), (1.1)

t=1
where L. denotes the autoregressive self-supervised objective.

For a downstream dataset Dgown, task adaptation involves fine-tuning the pre-trained
parameters #* to optimize a task-specific loss:

(b* = arg m(gn Edown(f¢(Dd0wn>)7 (12)

where ¢ represents the updated parameters after fine-tuning (which may include all or a
subset of the model weights, such as in Low-Rank Adaptation or LoRA [110]).



LLMs can be designed for multiple levels of specialization. Some models, such as
GPT-3 [35], LLaMA [233], and Qwen [256], focus exclusively on text understanding and
generation tasks, while others integrate additional modalities (e.g., image or code) to form
multimodal variants. Regardless of configuration, their pre-training objective remains
grounded in sequence modeling, with language serving as the primary medium for learning
generalizable representations.

Unlike earlier generation models trained for narrow objectives, LLMs demonstrate strong
emergent abilities, including in-context learning, compositional reasoning, and zero-shot
generalization. These capabilities have driven progress across a wide range of domains—from
conversational agents and programming assistants to knowledge-intensive reasoning and
multilingual applications—making LLMs central to current AI research and deployment.

Reasoning Abilities in Large Language Models

Beyond syntactic fluency, LLMs exhibit remarkable emergent abilities in reasoning tasks,
including logical inference, commonsense understanding, and multi-step problem solving.
These capabilities stem from their extensive pre-training on diverse text sources, allowing
them to generalize across a wide range of linguistic and cognitive tasks.

Key reasoning capabilities of LLMs include:

e Commonsense Reasoning: LLMs can infer implicit information and make sense of
everyday scenarios using world knowledge.

e Mathematical and Logical Reasoning: By modeling sequential dependencies,
LLMs can solve arithmetic problems, generate proofs, and assist in formal reasoning.

e Multi-Hop Question Answering: LLMs can aggregate and synthesize information
across multiple sentences or documents to answer complex queries.

e Few-Shot and Zero-Shot Learning: Without explicit retraining, LLMs can adapt
to new tasks via in-context learning, where examples are provided in the prompt.

To enhance reasoning performance, LLMs can be fine-tuned on specialized datasets or
augmented with external knowledge retrieval mechanisms. Additionally, advanced prompting
techniques, such as chain-of-thought reasoning, improve multi-step inference by encouraging
explicit intermediate reasoning steps.



1.1.2 Characteristics and Benefits

1. Scale and Pre-training: Large language models and their clode derivatives, e.g.
vision language models, are characterized by their immense scale. For instance, GPT-3 [35]
comprises 175 billion parameters, while multimodal models like CLIP [194] and LLaVA-
NeXT [161] extend these capabilities to vision and text modalities. Pre-training on vast
datasets allows these models to capture generalizable features across domains.

2. Adapting to New Domains: The ability to fine-tune such models on diverse tasks
with minimal additional data highlights their efficiency in new domains adaptation. For
example, pre-trained models like BERT [67], ViT [72], LLaMA family [233] and others [17]
have demonstrated remarkable domain adaptation capabilities, achieving state-of-the-art
results in NLP and vision benchmarks.

3. Cross-Domain Applications: Vision Language Models and LLMs extend beyond a
single domain and offer multimodal information fusion abilities. For instance, models like
DALL-E [24] and LLaVA-NeXT [1(1] integrate text and visual data, enabling applications
such as image generation from text and visual question answering.

1.1.3 Challenges in Training Large Language Models

Despite their transformative potential, training such models entails several challenges:

1. Computational Costs: Training LLMs requires substantial computational re-
sources. The optimization of billions of parameters demands specialized hardware, such as
GPUs or TPUs, and often involves distributed computing frameworks.

2. Optimization Complexity: The training process is susceptible to issues like
vanishing /exploding gradients, unstable optimization, and difficulties in selecting optimal
hyperparameters, such as learning rates and batch sizes.

3. Ethical Concerns: The extensive use of large datasets introduces risks related to
bias, misinformation, and privacy violations. Efforts to address these issues involve curating
datasets, designing fair algorithms, and implementing ethical guidelines.



1.2 Efficiency in Large Language Models: Definitions
and Problems

As large language models continue to grow in scale, the efficiency of training, fine-tuning,
and inference has become a critical challenge. Large-scale neural networks, particularly
large language models, require substantial computational resources, often making them
impractical for many users and applications. The efficiency problem in LLMs encompasses
multiple dimensions, including memory consumption, computational complexity, fine-tuning
adaptability, and inference speed. Addressing these challenges is crucial to making LLMs
more accessible and deployable across diverse hardware and application settings.

1.2.1 Memory Efficiency in Fine-Tuning

Fine-tuning LLMs traditionally requires significant GPU memory, as storing full-precision
weights and gradients imposes a heavy burden on hardware resources. Quantized low-rank
adaptation techniques, such as QLoRA, have significantly mitigated this issue by reducing
memory requirements. However, QLoRA is constrained by fixed LoRA ranks during fine-
tuning, which leads to inefficiencies when adapting to varying computational constraints or
downstream task complexities.

To overcome this limitation, we introduce QDyLoRA, a novel quantized dynamic
low-rank adaptation method that enables efficient fine-tuning across multiple ranks in a
single training pass. QDyLoRA not only reduces memory consumption but also enhances
adaptability by allowing flexible rank selection at inference time without retraining. This
innovation aligns with the broader goal of optimizing memory usage in LLMs, ensuring
efficient fine-tuning while preserving performance.

1.2.2 Accelerating Inference in Autoregressive Models

Inference efficiency remains a major bottleneck in deploying LLMs, particularly in autore-
gressive text generation, where each token generation step sequentially depends on all
previously generated tokens. Traditional transformer-based models recompute the full set
of attention projections and feed-forward activations for every decoding step, resulting in
redundant computation and significant latency.

To address these limitations, we introduce two inference-efficient approaches that target
different sources of inefficiency in autoregressive models.



ECHO-LLaMA — Cross-Layer KV Sharing. ECHO-LLaMA improves inference
throughput by reducing redundant key—value (KV) computations across transformer layers.
Instead of generating and caching separate KVs for each layer, ECHO-LLaMA reuses shared
global KV representations in the upper layers, effectively lowering both computational and
memory overhead. This cross-layer sharing preserves causality and model expressiveness
while substantially reducing the number of KV projections and cache updates required
per decoding step. Empirical results show that ECHO-LLaMA achieves up to 7% higher
test-time throughput and 16% higher Model FLOPs Utilization (MFU) compared
to standard LLaMA models, with negligible degradation in generation quality. The method
allows flexible control over the sharing ratio (e.g., 25% or 50% of layers), enabling users to
balance speed and accuracy for specific deployment scenarios.

LoRA-Drop — Adaptive Layer Deactivation. While ECHO-LLaMA focuses on struc-
tural optimization through KV sharing, LoRA-Drop addresses computational redundancy
at the token level. It observes that not every token requires the full representational power
of the model. LoRA-Drop selectively deactivates the main model layers for simpler tokens
by integrating lightweight LoRA modules into intermediate layers. During inference, when
token complexity is low, these LoRA modules provide sufficient contextual adjustment
while bypassing heavy matrix multiplications in the main transformer blocks. This selective
computation drastically reduces inference latency and energy cost without compromising
task performance.

1.2.3 Reducing Attention Complexity in Transformers

One of the most computationally expensive components of transformers is the self-attention
mechanism, which scales quadratically with sequence length. Despite various proposed
optimizations, many LLMs still suffer from redundant computations within their attention
layers. Our analysis reveals that inner transformer layers often exhibit highly similar
attention matrices, making full computation redundant.

To exploit this redundancy, we introduce EchoAtt, a method that selectively shares attention
matrices across layers with high similarity. This technique significantly reduces memory and
computational requirements while maintaining performance. By leveraging shared attention,
we optimize transformer efficiency without the need for model redesign or complex hardware
modifications, contributing to a more resource-efficient deployment of LLMs.



1.2.4 Dynamic Model Adaptation for Varying User Needs

The increasing demand for deploying LLMs and vision language models on diverse hardware,
from cloud servers to edge devices, necessitates flexible model adaptation strategies. Tradi-
tionally, training separate models of different sizes to accommodate various deployment
constraints is both costly and inefficient. We address this issue by proposing Sorted-LoRA,
a novel low-rank adaptation method that dynamically learns multiple sub-models within a
single training cycle.

Sorted-LoRA integrates LoRA modules into each transformer layer while employing a
sorted nested training strategy. By randomly selecting different model depths during training,
Sorted-LoRA enables efficient adaptation of LLMS to varying computational budgets. This
approach eliminates the need for training multiple models separately, ensuring scalable and
cost-effective model deployment.

1.2.5 Targeted Solutions to Efficiency Challenges

The proposed methods—QDyLoRA, LoRA-Drop, ECHO-LLaMA, EchoAtt, and Sorted-
LoRA—represent a suite of targeted strategies designed to mitigate key inefficiencies in large
language models (LLMs). Each method independently addresses a distinct computational or
architectural bottleneck: QDyLoRA focuses on reducing memory and parameter overhead
during fine-tuning; LoRA-Drop accelerates inference through adaptive layer deactivation;
ECHO-LLaMA improves throughput via cross-layer KV sharing; EchoAtt enhances attention
efficiency through selective reuse of attention maps; and Sorted-LoRA introduces structured
low-rank adaptation for scalable multi-size deployment.

Rather than a unified framework, these methods form a set of specialized solutions applicable
under different stages and deployment constraints of LLM development. Together, they
outline a practical roadmap for improving training, adaptation, and inference efficiency
across diverse hardware and model scales.

Addressing these limitations strengthens the feasibility of deploying large-scale Al
systems in real-world environments and highlights a systematic understanding of where
current architectures can be optimized. Collectively, these contributions advance the state
of efficient LLM design by offering concrete, modular strategies that can be selectively
applied depending on the specific bottleneck being addressed.



1.3 Thesis Objective

The overarching objective of this thesis is to enhance the efficiency of large language models,
by addressing key computational and memory challenges encountered during fine-tuning,
inference, and deployment. As the scale of LLMs continues to expand, their adoption
across diverse applications is often hindered by significant resource constraints. This thesis
proposes a set of novel techniques that collectively improve the adaptability, efficiency,
and accessibility of LLMs, enabling their deployment across a wide range of hardware
configurations without sacrificing performance.

Specifically, this thesis focuses on four core research objectives:

e Developing Memory-Efficient Fine-Tuning Strategies: Fine-tuning LLMs often
demands substantial GPU memory, restricting accessibility to high-resource users.
This thesis introduces QDyLoRA, a quantized dynamic low-rank adaptation method
that reduces memory requirements while maintaining fine-tuning flexibility across
multiple ranks. By enabling efficient fine-tuning on a single GPU, QDyLoRA ensures
practical deployment of large-scale models in resource-constrained settings.

Accelerating Inference in Autoregressive Models: The computational overhead
of autoregressive text generation remains a key limitation in deploying LLMs for real-

time applications. This thesis addresses this challenge through two complementary
yet independent approaches: LoRA-Drop and ECHO-LLaMA.

LoRA-Drop accelerates inference by dynamically deactivating specific transformer
layers based on token complexity, thereby reducing redundant computations without
compromising accuracy. In contrast, ECHO-LLaMA improves throughput and hard-
ware utilization by sharing key—value (KV) representations across upper layers of the
model, eliminating repeated KV projections and cache updates during decoding.

Both approaches substantially lower inference latency from different computational
perspectives—LoRA-Drop through adaptive activation and ECHO-LLaMA through
structural KV reuse—making autoregressive models more efficient and deployable
under diverse latency and resource constraints.

e Optimizing Attention Computation in Transformer Models: Transformer-
based models exhibit redundant attention computations across layers, leading to
inefficiencies in both memory and computation. This thesis introduces EchoAtt, a
method that selectively shares attention matrices among layers with high similarity. By
leveraging attention redundancy, EchoAtt optimizes memory usage and computational
efficiency without compromising model accuracy.



¢ Enabling Dynamic Model Adaptation for Various Deployment Needs: Given
the diverse hardware and computational constraints across different applications,
training separate models for each setting is inefficient. This thesis presents Sorted-
LoRA, a dynamic adaptation method that trains multiple sub-models of varying sizes
within a single training cycle. This approach provides a scalable and cost-effective
solution for deploying LLMs across different environments without retraining from
scratch.

By integrating these methodologies, this thesis provides a comprehensive framework for
improving the efficiency of LLMs. The proposed approaches collectively address memory
constraints, inference speed, computational overhead, and deployment flexibility. Through
rigorous theoretical analysis and empirical validation, this research aims to make large-scale
AT models more practical, resource-efficient, and accessible for a wide range of applications
in both academia and industry.

1.4 Applications

By addressing the objectives outlined in this thesis, we propose solutions that significantly
enhance the efficiency of LLMs, making them more accessible and effective across various
domains. The proposed methodologies, including QDyLoRA, LoRA-Drop, EchoAtt, and
Sorted-LoRA, enable more efficient fine-tuning, inference acceleration, attention optimiza-
tion, and model adaptability. These improvements have substantial implications for several
application areas, including healthcare, biomedicine, education, and robotics.

1.4.1 Healthcare

Healthcare systems increasingly rely on Al-driven solutions to improve efficiency and
accuracy. By reducing the computational demands of large language models (LLMs), the
proposed methods facilitate real-time applications in medical diagnostics, patient monitoring,
and clinical decision support. Efficient fine-tuning techniques such as QDyLoRA allow
LLMs to adapt quickly to specific medical tasks, enhancing the quality of automated
diagnosis and clinical summarization. Furthermore, LoRA-Drop reduces inference time,
making Al-driven medical chatbots and virtual assistants more responsive and practical for
patient engagement [227].
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1.4.2 Biomedicine

In biomedical research, drug discovery and personalized medicine require Al models that
can analyze vast datasets efficiently. The solutions proposed in this thesis enable rapid
fine-tuning and inference of LLMs on large-scale biomedical literature, genomic sequences,
and molecular data. The adoption of efficient LLMs accelerates drug repurposing efforts and
biomarker identification while reducing computational overhead. EchoAtt, by optimizing
self-attention mechanisms, enhances model efficiency in processing complex biomedical
datasets, supporting more effective integration of multimodal biological data.

1.4.3 Education

The accessibility of LLMs in education is often constrained by their high computational
requirements. The proposed efficiency-focused adaptations make it feasible to deploy Al-
powered tutoring systems, language learning models, and content summarization tools
on resource-limited devices. Sorted-LoRA enables dynamic model adaptation, allowing
educational Al systems to operate efficiently across a range of student proficiency levels
and subject domains. Additionally, the reduced inference costs of LoRA-Drop facilitate
real-time interactive learning experiences, where students can engage with Al-driven tutors
without latency concerns.

1.4.4 Robotics

LLMs and vision language models play an essential role in advancing robotics applications,
particularly in natural language understanding for human-robot interaction. By optimizing
computational efficiency, this thesis enables such models to be integrated into robotics
systems with real-time response capabilities. The reduction in fine-tuning and inference
costs allows robotic systems to process complex commands, adapt to new tasks, and enhance
situational awareness without the need for extensive computational resources. Techniques
like EchoAtt improve transformer-based perception models, enabling more effective sensor
fusion and autonomous decision-making.

1.4.5 Justification of the Thesis

The proposed efficiency-driven enhancements to LLMs address critical limitations in compu-
tational cost, adaptability, and scalability. By significantly reducing the resource constraints
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associated with training and deploying LLMs, this research expands the applicability of
LLMs across various real-world domains. The methods introduced in this thesis ensure that
LLMs are not only powerful but also practical for deployment in settings where computa-
tional efficiency is paramount. As demonstrated in healthcare, biomedicine, education, and
robotics, the advancements proposed herein make such models more adaptable, accessible,
and effective in solving real-world problems.
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Chapter 2

Background

This chapter provides the most important background that is needed during the next
chapters.

2.1 Transformers Architecture

The Transformer architecture [237] has revolutionized the field of natural language processing
(NLP) and deep learning due to its scalability, efficiency, and ability to capture long-range
dependencies in data. Unlike traditional sequence models like recurrent neural networks
(RNNs) or LSTMs, which rely on sequential processing, Transformers leverage a parallelizable
architecture through self-attention mechanisms. This architecture enables the model to
consider all positions of the input sequence simultaneously, allowing for faster training and
improved performance, especially in tasks that require understanding context over long
distances.

2.1.1 Decoder-Only Transformer Model

In a decoder-only Transformer model, such as those used in autoregressive language models
such as GPT [193], the goal is to predict the next token in a sequence given the previous
tokens. This is achieved through multiple layers of the decoder block, each consisting of a
self-attention mechanism, followed by feed-forward layers and normalization steps. Below,
we explain the key components of the architecture.
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Embedding Layer

The first layer in the Transformer is the embedding layer, which converts discrete tokens
into continuous vectors of fixed dimension. Given a sequence of tokens {¢1,ts,...,t,}, each
token t¢; is mapped to a vector ¢; € R?, where d is the model’s hidden dimension:

e; = Embedding(t;). (2.1)

This allows the model to represent tokens in a way that can be processed by subsequent
neural network layers.

Additionally, since Transformers do not inherently model the sequential order of tokens,
a positional encoding is added to the embeddings to encode positional information. The
positional encoding, denoted as PFE, is defined as follows:

pos

PE(pos,Qz‘) = sin <—1000022/d

pos
> ) PE(pos,2i+1) = COSs (W) ) (2-2)

where pos is the position of the token and 7 is the dimension.

Self- Attention Mechanism

The core of the Transformer model lies in the self-attention mechanism, which allows each
token to attend to all other tokens in the sequence. The self-attention mechanism involves
computing three vectors for each token: Query (Q), Key (K), and Value (V).

For a given input sequence represented as X € R™*? where n is the sequence length and d is
the embedding dimension, the queries, keys, and values are obtained via learned projection
matrices Wy, Wk, and Wy

Q=XWy, K=XWg, V=XWy. (2.3)

The attention weights are calculated using the scaled dot-product of the query and key
matrices:

Attention(Q, K, V) ft (QKT) V, (2.4)
ention(Q), K, V) = softmax | ——— | V, .
Vd

where v/d is a scaling factor that prevents the dot products from growing too large, and
the softmax function ensures that the attention weights sum to 1. This mechanism allows
the model to weigh the importance of different tokens in the context of each query.
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Attention Matrix and Interpretation

The attention matrix is the output of the softmax function applied to the scaled dot-product
of  and K. It represents the relevance or attention scores between tokens. Each entry
(i, 7) in this matrix corresponds to how much attention token 7 pays to token j. The matrix

is defined as: -
A = softmax (Qj% ) . (2.5)

This matrix plays a crucial role in determining which tokens are most relevant for generating
the next token in the sequence.

Layer Normalization

Before applying any feed-forward layers, layer normalization is applied to stabilize and
accelerate training. Layer normalization normalizes the input across the features (rather
than across the batch), ensuring that the activations have zero mean and unit variance:

N T —

= 'u, (2.6)

g

where p and o are the mean and standard deviation of the input across the feature dimension.

MLP Module
After self-attention, the output is passed through a position-wise fully connected feed-forward

network, also known as the MLP module. The MLP consists of two linear transformations
with a ReLU activation in between:

This helps the model capture more complex patterns in the data and enhances the repre-
sentation of each token.

LM Head (Language Modeling Head)

Finally, the output of the Transformer is passed to a language modeling head (LM Head),
which projects the hidden states back into the vocabulary space. The LM Head applies a
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linear transformation followed by a softmax to produce a probability distribution over the
vocabulary, allowing the model to generate the next token:

P(tni1lts, ta, ..., t,) = softmax(hW, + b,), (2.8)

where h is the output of the Transformer, W, is the weight matrix, and b, is the bias term.

2.1.2 Autoregressive Inference in Large Language Models

Autoregressive models are a class of models where each output token is conditioned on
the previously generated tokens. In an autoregressive setup, a model generates one token
at a time, using the previously predicted tokens as context for generating the next one.
Formally, given a sequence of tokens {t,%,...,t,}, the probability of the next token ¢,
is defined as:

p(tni1lts, to, ..., tn) = softmax(hW, + b,), (2.9)

where h is the hidden state generated by the model at step n + 1, and W, and b, are the
output weights and biases, respectively. The key characteristic of autoregressive models
is their dependency on prior tokens, which allows them to effectively model language
generation tasks by producing text sequences that are contextually coherent.

Autoregressive Inference Process

During inference, autoregressive models, such as those used in large language models
(LLMSs), generate tokens sequentially. At each time step, the model consumes the previously
generated tokens and predicts the next token until the sequence is complete. This process
is illustrated as follows:

fn-‘rl = arg maXP(tn+1|t17 lo,. .. atn)v (210)

where £, is the predicted token, and arg max is used to select the token with the highest
probability from the model’s output distribution.

Large Language Models and Autoregression

Large language models, such as GPT [35], typically follow the autoregressive paradigm
for text generation. These models, often referred to as foundation models, have proven
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highly effective for a variety of tasks, including text generation, question answering, and
code generation [196]. The autoregressive approach works best in these models because
it allows them to model the sequential dependencies inherent in language. Each token is
generated based on an understanding of the preceding context, which improves the quality
and coherence of the generated text.

The Computational Challenge and K-V Caching

However, the autoregressive inference process can be time-consuming, particularly for large
sequences. Since the model must recompute attention weights and generate queries, keys,
and values (Q, K, V) at each step, the computational overhead grows as the sequence length
increases. For a sequence of length N, each step requires O(NN) operations to process the
entire sequence up to that point, leading to a quadratic complexity for the entire sequence
generation.

To address this issue, K-V caching is introduced as a solution to reduce redundant
computations during autoregressive inference [192]. In K-V caching, the previously computed
key (K') and value (V') matrices are stored in memory after each inference step. When
generating the next token, instead of recomputing the keys and values from scratch, the
model reuses the cached K-V matrices. This reduces the computational complexity from
O(N?) to O(N) at each time step, significantly speeding up the inference process. The
trade-off is that this approach requires O(N) additional memory to store the cached
matrices.

Mathematically, for a given token sequence, the cached key and value matrices are denoted
as Kiache and Viaene. At each step, instead of recomputing:

Attention(Q, K, V') = softma (QKT) V, (2.11)
ntion(Q, K, V') = softmax ; :
Vd

the model can use the stored Kcache and Viaene to directly compute the attention, leading to
a more efficient inference process. This method has been widely adopted in state-of-the-art
autoregressive language models due to its ability to balance computational efficiency and
performance.

In conclusion, the decoder-only Transformer architecture, as used in models like GPT,
leverages a series of self-attention mechanisms, feed-forward layers, and normalization
steps to generate high-quality token predictions. Its ability to scale and efficiently model
long-range dependencies makes it a powerful architecture for natural language generation
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tasks. Moreover, Autoregressive inference has proven to be the most effective paradigm for
large language models, offering high-quality text generation by leveraging token-to-token
dependencies. However, it can be computationally intensive, particularly for long sequences.
Techniques such as K-V caching provide a practical solution by trading off additional
memory for computational efficiency, allowing for faster and more scalable inference in
autoregressive models.

2.2 Low-Rank Adaptation

As the model size in LLMs increases, fine-tuning them for specific tasks becomes increasingly
challenging due to computational and storage costs. Fine-tuning all parameters of such
models is often infeasible, especially when deploying multiple task-specific models [70]. To
address this limitation, Low-Rank Adaptation (LoRA) [110] introduces a parameter-efficient
solution by freezing the pre-trained model weights and injecting trainable low-rank matrices.

2.2.1 Challenges in Full Fine-Tuning

Traditional fine-tuning involves updating all model parameters, which becomes prohibitively
expensive as the size of models like GPT-3 (with 175 billion parameters) increases. Deploying
and storing multiple fine-tuned versions for different tasks requires enormous storage
and computational resources. Additionally, this approach results in high GPU memory
consumption during training and deployment, making it difficult to switch between tasks
efficiently.

2.2.2 LoRA’s Core Idea

LoRA tackles these challenges by low-rank reparametrization of the weight updates. Instead
of updating the full weight matrix during fine-tuning, LoRA introduces low-rank matrices
to approximate the changes required for the task, while keeping the original pre-trained
weights frozen. For a weight matrix W, € R%? LoRA represents the update AW as a
product of two low-rank matrices A € R¥>" and B € R™?, where r < d:

W =Wy + AW = W, + AB, (2.12)

where 7 is the rank of the update. The low-rank matrices A and B are the only trainable
parameters, significantly reducing the number of parameters that need to be updated during
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fine-tuning. The forward pass is computed as:
h = Wyx + ABuz, (2.13)

where x is the input vector, and Wy is the output from the frozen pre-trained weights.

2.2.3 Parameter Efficiency

LoRA allows the task-specific updates to be captured by the low-rank matrices A and B,
thus reducing the number of trainable parameters by orders of magnitude. For example,
when fine-tuning GPT-3 175B, LoRA can reduce the trainable parameters by up to 10,000
times compared to full fine-tuning, and reduce GPU memory requirements by 3 times [110].
This efficiency makes LoRA suitable for deploying multiple task-specific models without
large computational overhead.

2.2.4 Advantages Over Previous Methods

Before LoRA, other parameter-efficient approaches, such as adapters [103], inserted trainable
modules between layers of the Transformer. However, these approaches introduced additional
latency during inference, as they required sequential processing through the adapter layers.
Additionally, prefix-tuning [155], which optimizes activations in the input layer, reduced
the available sequence length for tasks and made optimization challenging.

LoRA, by contrast, avoids both of these issues. It does not introduce additional inference
latency since the low-rank updates can be merged with the frozen weights during inference,
and it maintains the full sequence length. Furthermore, LoRA’s approach of updating
weights indirectly through low-rank approximations means that the number of trainable
parameters is reduced without sacrificing performance.

2.2.5 Mathematical Formulation

Formally, for a language model P (y|x) parameterized by @, fine-tuning aims to maximize
the conditional probability of generating the output sequence y given input sequence x.
Full fine-tuning updates the model parameters ® by solving:

|y]

max ) D log Pa(yl, ye<o), (2.14)

(zy)ez t=1
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where Z is the dataset of input-output pairs.

In contrast, LoRA represents the task-specific parameter updates AP = AP(O) using a
low-rank representation ©. This reduces the optimization problem to:

|yl

e > D108 Payrase)(uilr,y<e). (2.15)

(zy)eZ t=1

where ®( represents the frozen pre-trained parameters, and © represents the low-rank
trainable parameters.

2.2.6 LoRA in Transformer Architectures

LoRA can be applied to various parts of the Transformer architecture. In practice, it is
most effective when applied to the query (Wg) and value (W) projection matrices in the
self-attention layers. By introducing low-rank updates to these matrices, LoRA can capture
the necessary task-specific information without the need to update the entire network. This
makes it especially suitable for large models like GPT-3, where adapting the entire model
is computationally prohibitive.

In conclusion, LoRA offers an efficient and scalable solution for adapting large language
models to downstream tasks. By introducing low-rank parameter updates, it reduces the
number of trainable parameters, lowers memory consumption, and avoids inference latency,
making it ideal for real-world deployment of large models.

2.3 Sorted-Net: a Place for Every Network and Every
Network in its Place

2.3.1 Problem: Modular Neural Network Deployment

As deep neural networks (DNNs) continue to scale in size and complexity, deploying models
efficiently across various devices with different computational resources and performance
requirements has become increasingly challenging [123]. Traditionally, each user or task
requires a separate model tailored to the available computational budget, which leads to
significant training, storage, and maintenance overhead. Training a large neural network
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for each use case is not scalable, especially in real-world applications such as mobile devices
or edge computing where resources are limited [109].

One common solution is the concept of dynamic neural networks, where a single model
can adapt its complexity dynamically based on the hardware constraints at runtime.
However, current methods in dynamic neural networks have several limitations. Existing
methods often suffer from significant drops in performance when switching between different
sub-models, lack generalization across various architectures, and require exhaustive search
during both training and inference, which adds additional computational burdens [159].

2.3.2 Existing Solutions: Dynamic Neural Networks

Prior to SortedNet, several dynamic training approaches were proposed to address these
challenges. For instance, Multi-Scale Dense Networks (MSDNet)[!12] introduced a solution
where models could dynamically exit early for resource-constrained devices. Similarly,
Slimmable Networks [208] allowed networks to adjust their width dynamically during
inference. However, these methods face two major issues:

1. Model Search Overhead: Most methods require significant model searching efforts
both at the training and inference stages, as they need to identify which configuration
(depth, width, etc.) is most suitable for a given resource constraint.

2. Limited Scalability: These approaches often only support a limited number of
sub-models. Scaling these to handle more sub-networks requires increasingly expensive
storage and computation [267].

2.3.3 SortedNet: A Generalized Modular Approach

SortedNet addresses these limitations by introducing a scalable and generalized framework
for modular DNN training. The key idea behind SortedNet is to train multiple sub-models,
each of varying computational complexity, in a unified and efficient manner. The training
process is done through a novel sorted architecture, where the sub-models share parameters
and are nested hierarchically, allowing them to be trained simultaneously with the main
model. This setup significantly reduces the need for redundant computations and allows for
dynamic inference without the need for exhaustive model searches [230].

Mathematically, let 6 represent the shared parameters of the full network, and let 6;
represent the specific parameters for the i-th sub-model. SortedNet organizes the model
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parameters as:
N

0=, (2.16)

i=1
where N is the number of sub-models trained within the main model. These sub-models

are sorted based on their computational complexity, and a random sub-model sampling
technique is used during training to ensure all sub-models receive sufficient updates.

During training, SortedNet utilizes a novel gradient accumulation strategy. The loss for

a single sub-model is given by:

Li = Eyy~p [((fo.(2),9)], (2.17)

where fp.(x) is the output of the sub-model i on input z, and ¢ is the loss function (e.g.,
cross-entropy loss). The total training loss across all sub-models is the weighted sum of
individual sub-model losses:

N
Liota = Y _ L, (2.18)
=1

where «; is the weighting factor for sub-model ¢, ensuring that each sub-model contributes
proportionally to the overall training objective.

2.3.4 Advantages of SortedNet

SortedNet introduces several advantages over previous methods:

1. Scalability: Unlike previous approaches that are limited to a handful of sub-models,
SortedNet can scale to train over 160 sub-models in parallel, all within a single training
run [230].

2. No Search Overhead: The sorted training process eliminates the need for search-
based methods during inference. Since the sub-models are nested in a probabilistically
ordered way, selecting the appropriate sub-model for deployment is search-free.

3. Reduced Storage Requirements: By leveraging a shared parameter space across
sub-models, SortedNet drastically reduces the memory footprint compared to training
separate models for each configuration.
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4. Generalization Across Tasks: The framework has been successfully applied across
a wide range of architectures, including large language models (LLMs) such as BERT,
LLaMA, and vision models like ResNet and MobileNet [236].

SortedNet also introduces a self-speculative decoding mechanism for large language
models, further improving the inference speed by adaptively selecting smaller sub-models
based on the complexity of the input data. In conclusion, SortedNet provides a scalable,
efficient, and flexible solution for modular DNN training, overcoming the limitations
of previous dynamic training approaches. Through its sorted architecture and novel
training techniques, it enables the simultaneous training of hundreds of sub-models without
performance degradation, making it highly suitable for resource-constrained deployment
scenarios across various domains, including NLP and computer vision.

2.4 Knowledge Distillation

Knowledge distillation (KD) is a model compression technique where a smaller model
(student) is trained to replicate the behavior of a larger, pre-trained model (teacher) [104].
KD has gained substantial attention due to the increasing demand for efficient deployment of
large-scale models, such as large language models (LLMs), on resource-constrained devices.
This technique offers a promising approach to reduce model size, computational complexity,
and inference time while retaining most of the performance of the original, larger model.

2.4.1 Teacher-Student Framework

In the typical KD setting, the teacher model is a large, over-parameterized neural net-
work, often referred to as the "foundation model" in modern contexts such as LLMs [32].
Foundation models, due to their sheer size and the volume of data they are trained on,
capture rich semantic and contextual knowledge across various tasks. However, the size
and computational costs of these models hinder their deployment in real-world applications,
necessitating the use of distillation.

The student model, on the other hand, is typically smaller and more efficient. During
the distillation process, the student learns to mimic the teacher by trying to match the
teacher’s output distribution, which typically includes both the hard labels (ground truth)
and the soft labels (logits or probabilities) produced by the teacher [92]. Formally, given an
input z, let the teacher’s softmax output be defined as:
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24(x) = softmax <f tﬁ) | (2.19)

where f;(x) represents the logits produced by the teacher model, and 7" is a temperature
hyperparameter that controls the smoothness of the output distribution. As T increases,
the output probabilities become softer, which allows the student model to capture the
finer-grained knowledge learned by the teacher.

The student model’s objective is to minimize the Kullback-Leibler (KL) divergence
between its own softened output distribution zs(z) and the teacher’s softened output
distribution z;(z):

Lip = KL(z(2)||2s(x)), (2.20)

where z,(z) is the softmax output of the student model given by:

2y(2) = softmax (%) : (2.21)

and fs(r) are the logits produced by the student model. In practice, the overall loss
function for the student often combines the distillation loss with a standard cross-entropy
loss on the true labels y, as follows:

Liotar = aLxp + (1 — a)Lepg, (2.22)

where Log is the cross-entropy loss between the student’s predictions and the true
labels, and « is a weighting factor that balances the two objectives.

2.4.2 Knowledge Distillation in Large Language Models

The advent of large-scale foundation models, particularly LLMs such as GPT [35] and
LLaMA family [233], has further intensified interest in knowledge distillation. These models,
often consisting of billions of parameters, achieve state-of-the-art performance across a wide
range of natural language processing (NLP) tasks. However, their deployment in practical
applications is limited by their computational requirements.

Distilling knowledge from these large models into smaller LLMs or transformer-based
architectures is crucial for making them viable for edge computing and real-time applications.
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For example, distillation has been successfully applied to BERT models [67], where a smaller
model such as DistilBERT [213] is trained to replicate the performance of BERT with
significantly fewer parameters and computational overhead. In such scenarios, the student
model is often fine-tuned on task-specific data using both the teacher’s soft labels and the
ground-truth labels.

Furthermore, when distilling large language models, the complexity arises from capturing
not only task-specific knowledge but also the deep, multi-layered semantic representations
these models learn. This leads to advanced techniques such as layer-wise distillation [120)],
where the student is encouraged to mimic the internal activations or attention patterns of
the teacher at multiple layers of the network.

2.4.3 Challenges and Opportunities

While knowledge distillation has proven effective, several challenges remain. One major
challenge is the gap in model capacity between the teacher and student. If the student
model is significantly smaller, it may struggle to fully capture the rich knowledge embedded
in the teacher model. Recent advancements in progressive distillation [175] and intermediate
supervision attempt to mitigate this by gradually increasing the student model’s complexity
or introducing intermediate losses at various stages of training.

The potential for applying KD to LLMs also brings opportunities for further innova-
tion. For example, knowledge distillation can facilitate the fine-tuning of student models
on domain-specific tasks by leveraging the generalist knowledge of foundation models.
Additionally, KD enables personalization and adaptation of LLMs to specific hardware
constraints, such as mobile devices, making it a critical area of research in the efficient
deployment of Al models. In conclusion, knowledge distillation provides an effective method
for transferring the vast knowledge encapsulated in large models to smaller, more efficient
models. The teacher-student framework, combined with techniques such as softened outputs
and layer-wise distillation, enables significant compression of foundation models like LLMs
without substantial loss of accuracy. As the size and complexity of foundation models
continue to grow, KD will remain an indispensable tool in advancing the accessibility and
practicality of these models in real-world applications.
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Chapter 3

QDyLoRA: Quantized Dynamic
Low-Rank Adaptation

3.1 Overview

Building on the efficiency challenges outlined in the previous chapters—particularly the
memory bottleneck that limits practical fine-tuning of large foundation models—this chapter
focuses on reducing the GPU footprint of parameter-efficient adaptation. Fine-tuning
foundation models often requires substantial GPU memory, which restricts access to larger
models. While the quantized variant of Low-Rank Adaptation (LoRA), namely QLoRA,
significantly alleviates this issue, identifying an efficient LoRA rank remains challenging.
Moreover, QLoRA is trained with a pre-defined rank and cannot be reconfigured to lower
ranks without additional fine-tuning.

To address these limitations, this chapter proposes QDyLoRA (Quantized Dynamic
Low-Rank Adaptation), an efficient quantization approach for dynamic low-rank adaptation.
Motivated by Dynamic LoRA, QDyLoRA can efficiently fine-tune foundation models over
a set of pre-defined LoRA ranks within a single training run. In particular, QDyLoRA
enables fine-tuning Falcon-40B for ranks 1 to 64 on a single 32 GB V100 GPU through
one round of fine-tuning. Experimental results show that QDyLoRA is competitive with
QLoRA and can outperform it when using the rank selected as optimal for the downstream
task .

!The initial version of QDyLoRA won the Best Paper Award in 2023 (“QDyLoRA: Quantized Dynamic
Low-Rank Adaptation for Efficient Large Language Model Tuning”), and an extended version of the work
was later published in EMNLP 2024.
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3.2 Introduction

The popularity of adopting foundation models, e.g. Large Language Models (LLMs),
across a diverse range of downstream tasks has rapidly increased over the past two years.
Fine-tuning foundation models has become necessary to enhance their performance and
introduce desired behaviors while preventing undesired outputs [70]. However, as the size
of these models increases, fine-tuning costs become more expensive. This has led to a
large body of research that focuses on improving the efficiency of the fine-tuning stage

[ ? ? ? ? ]

Low-rank adapter (LoRA) [110] is a well-known, parameter-efficient tuning (PEFT)
method that reduces memory requirements during fine-tuning by freezing the base model
and updating a small set of trainable parameters in form of low-rank matrix multiplication
added to matrices in the base model. However, the memory demand during fine-tuning
remains substantial due to the necessity of a backward pass through the frozen base model
during stochastic gradient descent.

Recent research has thus focused on further reducing memory usage by designing new
parameter-efficient modules that can be tuned without necessitating gradients from the base
models [226]. Alternatively, researchers have explored combining other efficiency strategies
with parameter-efficient tuning methods [1413, 65].

Among these approaches, QLoRA [65] stands out as a recent and highly efficient fine-
tuning method that dramatically decreases memory usage. It enables fine-tuning of a
65-billion-parameter model on a single 48GB GPU while maintaining full 16-bit fine-
tuning performance. QLoRA achieves this by employing 4-bit NormalFloat (NF4), Double
Quantization, and Paged Optimizers as well as LoRA modules.

However, another significant challenge when utilizing LoRA modules is the need to tune
their rank as a hyperparameter. Different tasks may require LoRA modules of varying ranks.
In fact, it is evident from the experimental results in the LoRA paper that the performance
of models varies a lot with different ranks, and there is no clear trend indicating the
optimal rank. On the other hand, any hyperparameter tuning for finding the optimal rank
contradicts the primary objective of efficient tuning and is not feasible for very large models.
Moreover, when deploying a neural network on diverse devices with varying configurations,
the use of higher ranks can become problematic for highly sensitive devices due to the
increased parameter count. To address this, one typically has to choose between training
multiple models tailored to different device configurations or determining the optimal rank
for each device and task. However, this process is costly and time-consuming, even when
using techniques like LoRA.
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Table 3.1: A comparison between QLoRA and QDyLoRA on the MMLU benchmark,
reporting 5-shot test results for LLMs of varying sizes. QDyLoRA is evaluated on ranks
[1,2,4,8,16,32,64| and the best rank is reported in brackets.

Dataset LLaMA-7b LLaMA-13b Falcon-40b

QLoRA QDyLoRA QLoRA QDyLoRA QLoRA QDyLoRA
Alpaca  38.8 [64] 30.7[16] 478[64] 47.6 [8] 55.2[64] 57.1 [4]

OASST1  36.6[64] 36.8[16] 46.4[64] 47.2[8] 56.3[64]  56.7 [4]
Self-Instruct 364 [64] 372 [8]  33.3[64] 41.6[4] 51.8[64] 511 [4]
FLAN-v2  445([64] 459 [4] 51.4[64 52.1[8] 583[64] 60.2 [4]

DyLoRA [235], is a recent PEFT method that aims to address theses challenges by
employing dynamic Low-Rank Adapter (DyLoRA). Inspired by nested dropout, this method
aims to order the representations of the bottleneck at low-rank adapter modules. Instead of
training LoRA blocks with a fixed rank, DyLoRA extends training to encompass a spectrum
of ranks in a sorted manner. The resulting low-rank PEFT modules not only provide
increased flexibility during inference, allowing for the selection of different ranks depending
on the context, but also demonstrate superior performance compared to LoRA, all without
imposing any additional training time.

In this chapter, we employ the DyLoRA PEFT method in conjunction with the quanti-
zation scheme utilized in the QLoRA work, resulting in QDyLoRA. QDyLoRA has all the
aforementioned benefits of DyLoRA but with significant memory reduction both during
training and at inference through 4-bit quantization. We utilize QDyLoRA for efficient
fine-tuning of LLaMA-7b, LLaMA-13b, and Falcon-40b models across ranks ranging from
1 to 64, all on a single 32GB V100 GPU. Once tuned, we determine the optimal rank by
inferring the model on the test set. Our results reveal that the optimal rank can be quite
low, yet it outperforms QLoRA.

3.2.1 Related Work

Low-rank PEFT methods These methods aim to fine-tune pre-trained LLMs for
specific tasks while minimizing computational and memory resources. Low-rank adaptation
techniques were inspired by [3], demonstrating that pre-trained language models possess
a low intrinsic dimension. Since then, several works have explored the incorporation of
trainable parameters in the form of low-rank up-projection/down-projection during fine-
tuning. In [108], the Adapter module includes a down projection, a non-linear function, an
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up projection, and a residual connection. These modules are sequentially inserted after the
feed-forward network (FFN) or attention blocks.

Additionally, [96] extends the Adapter concept by introducing trainable modules that run
in parallel (PA) with the original pre-trained language-model (PLM) module. As a result
of this extension, PA has demonstrated improved performance compared to the original
Adapter method. One notable approach among these techniques is LoRA [110], which
introduces low-rank up-projection/down-projection into various matrices within a PLM.
This method offers efficient inference by seamlessly integrating the adapter module into the
original model’s weight matrices.

Quantization-aware PEFT methods Alpha-Tuning [113], aims to combine parameter-
efficient adaptation and model compression. Alpha-Tuning achieves this by employing
post-training quantization, which involves converting the pre-trained language model’s
full-precision parameters into binary parameters and separate scaling factors. During
adaptation, the binary values remain fixed for all tasks, while the scaling factors are
fine-tuned for the specific downstream task.

QLoRA [65] is a more recent quantization-aware PEFT that combines a low-rank
adapter with 4-bit NormalFloat (NF4) quantization and Double Quantization (DQ) of the
base model to optimize memory usage. NF4 ensures an optimal distribution of values in
quantization bins, simplifying the process when input tensors have a fixed distribution. DQ
further reduces memory overhead by quantizing quantization constants.

To manage memory during gradient checkpointing, QLoRA employs Paged Optimizers,
utilizing NVIDIA’s unified memory feature for efficient GPU memory management. These
techniques collectively enable high-fidelity 4-bit fine-tuning while effectively handling
memory constraints.

Dynamic PEFT methods DyLoRA paper [235] introduces a novel approach for training
low-rank modules to work effectively across a range of ranks simultaneously, eliminating
the need to train separate models for each rank.

Inspired by the concept of nested dropout, the authors propose a method for organizing the
representations within low-rank adapter modules. This approach aims to create dynamic
low-rank adapters that can adapt well to various ranks, rather than being fixed to a single
rank with a set training budget. This is achieved by dynamically selecting ranks during
training, allowing for greater flexibility without the need for extensive rank searching and
multiple model training sessions.
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Algorithm 1 QDyLoRA - Training and Inference

Require: r € [rpin,Tmae]; - the number of training iterations; a: a scaling factor; pp: probability distribution function
for rank selection; X € R4*™ : all input features to LoRA; Wy € R™*¢ the original frozen pre-trained weight matrix,
Waw € R7X4; Wup € RMX7": Q: Quantizer; ]Lﬂy: objective function given truncated weights
Initialization:

WONF4 = Q(Wp) Quantize Wy to NF4
Iterations:
while t < ¢ do
Forward:
b~pp(.) sample a specific rank, during test is given
Waws = Waw|:b,] truncate down-projection matrix
Wupls = Wapl|:,:b] truncate up-projection matrix
WODDE‘Z“CmeNF4 = % dequantized the chunks of the parameters that are needed
2 1
h = VVODDequam_]\HMXBF16 + %Wqﬁfj;e’Wﬁﬁ})GXBFlﬁ calculate the LoRA output
Backward:

BF16 BF16 DY
deib A deib - andBuﬂle Eib
BF16 Dy
Wupib — Waupyp — WVWEPIRG E,Lb
end while

3.3 Proposed Method: Quantized DyLoRA

Following DyLoRA notations |235], we define a truncated weight W, € R™% as W[: b, :].
Assume we have a set of input features X € R¥", a set of pre-trained weights W, and
a given range of desired ranks represented by r € [Fmin,"maz| that we want the model
to operate with, and a dynamic objective function Lfby that can evaluate a truncated
sub-model. Then we can use the following equation to calculate the forward pass of the
model at each iteration.

_ p/DDequant-NF4_BF16 | Y 1r,BF1617,BF16, BF16
h =W, x + EWupib Wiwip @ (3.1)

where « is the LoRA scalar, and b is the chosen rank by the pg(.) during training stage.

Following QLoRA [65], we used 4-bit Normal Float (NF4) for storing the double
quantized pre-trained weights. As all the computations need to be calculated in BFloat16
precision, DDequant-NF4 will dequantize the stored data. Similar to [65], we have:

WN F4
WDDequant—NF4 _ 0 (3 2)
0 — FP8/.FP32 .
¢/

where cf'3% and cI'P® are quantization constants introduced in [65]. After this process, we

can update the dynamic LoRA parameters using:
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BF16 BF16 DY
Waws < Wawy — vaﬁﬁgﬁﬁw

WBF16

(3.3)
uplb Wpio — nvwﬁﬁgaﬁﬁy

Algorithm 1 describes the workflow of our proposed QDyLoRA in detail.

3.4 Experiments and Evaluation

This section evaluates the efficiency and efficacy of QDyLoRA through several instruct-
fine-tuning tasks. The first experiment compares QDyLoRA with QLoRA on Massively
Multitask Language Understating (MMLU) benchmark [100], consisting of more than 50
different tasks, spanning from fundamental mathematics and U.S. history to computer
science and law. As shown in Table 3.1, we finetune LLaMA-7b, LLaMA-13b, LLaMA2-
13b, and Falcon40b on different datasets, Alpaca [230], OASST1 [133], Self-Instruct [211],
and FLAN-v2 [53], using QLoRA and QDyLoRA techniques. We use the same training
budget and maximum LoRA rank ® for each technique. The results consistently show that
QDyLoRA achieves a superior performance by finding the optimal rank.

The second experiment provides a more in-depth comparison between QLoRA and
QDyLoRA. In particular, we fairly finetuned Falcon-40b on WebGLM [164] and GSM8k
[56] benchmarks, and compared their test performances across different ranks. As described
in Table 3.3, QDyLoRA attains superior performance, notably when employing its optimal
ranks (Rank 2 for Web-GLM and Rank 8 for GSM8k). Furthermore, QDyLoRA exhibits
consistent superiority over QLoRA, particularly at lower ranks. These findings emphasize
the adaptive nature of QDyLoRA in dynamically adjusting its focus during fine-tuning,
leading to enhanced efficiency and efficacy compared to its static counterpart, QLoRA.

The third experiment compares the performance of DyLoRA, QDyLoRA, and QLoRA
on GSM8k and TriviaQA [122] while adopting LLaMA2-13b and LLaMA-7b as LLMs.
Table 3.4 reports the results. As the table illustrates, for smaller-size models, i.e. LLaMA-
7b, DyLoRA and QDyLoRA both perform superior than QLoRA. For larger models, i.e.
LLaMA2-13b, DyLoRA fails due to the out-of-memory (OOM) error while QDyLoRA works
the best in such situations.

2The same settings as the original QLoRA work are applied here.
3The maximum LoRA rank is fixed to 64. While QLoRA’s rank is always fixed, QDyLoRA can split the
training across ranks in range 1 to 64.
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Table 3.3: Comparing the performance of QLoRA and QDyLoRA across different evaluation
ranks. Both models receives the same training settings. Maximum LoRA rank is set to
64. Falcon-40b is adopted as the base LLM. Exact matching and Bleu-score are used as
evaluation measurements for GSM8k and Web-GLM, respectively.

Data Method Rank
1 2 4 8 16 32 64
QLoRA 199 199 199 33.8 352 527 54.3
QDyLoRA 43.3 56.0 54.9 53.3 53.3 50.5 50.2
QLoRA 89 891 89 151 205 226 28.1
QDyLoRA 21.4 253 28.2 30.6 29.8 285 27.4

Web-GLM

GSM8k

Table 3.4: Comparing the performance of DyLoRA, QLoRA and QDyLoRA across different
evaluation ranks. all models receives the same training settings. Maximum LoRA rank is
set to 64. The results are reported in terms of exact matching.

Data;LLM Method Rank

1 2 4 8 16 32 64
DyLoRA 1296 1691 17.06 19.94 1850 18.35 14.94
GSMSK;LLaMA-7b QLoRA 0.0 0.0 0.0 0.0 0.0 0.0 12.66
QDyLoRA 12,59 15.09 1850 16.76 16.91 18.65 14.71
DyLoRA 1927 2320 2299 23.32 23.25 24.12 2243
TriviaQA;LLaMA-7b QLoRA 0.0 0.0 0.0 0.0 0.0 0.0 15.52
QDyLoRA 6.66 1249 17.16 19.51 20.09 21.65 20.27
DyLoRA OOM OOM OOM OOM OOM OOM OOM
GSMBK;LLaMA2-13b  QLoRA 0.0 0.0 0.0 0.0 0.0 0.0 21.08
QDyLoRA 1.90 15.01 2297 25.55 24.26 23.81 22.08

3.5 On the semi-sorted behavior of QDyLoRA

As shown in Table 3.3, QDyLoRA reveals a semi-sorted performance across ranks. We
justify this behavior by pointing out the limited finetuning budget. In a limited budget
assumption, QDyLoRA updates its lower ranks more frequently than its higher ranks. That
is because of the fact that lower ranks are also updated when higher ranks are selected. In
other words, lower ranks have more chance to get updated than higher ranks. Hence, lower
ranks are more tuned than higher ranks.
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3.5.1 Generated Text Quality

To describe the quality of texts generated by QDyLoRA, a sample query taken from GSM8k
is fed to Falcon-40b trained by QDyLoRA. Below, we report the generated answers for
different LoRA ranks.

Query: Janet’s ducks lay 16 eggs per day. She eats three for breakfast every morning
and bakes muffins for her friends every day with four. She sells the remainder at the farmers’
market daily for $2 per fresh duck egg. How much in dollars does she make every day at
the farmers’ market?

Rank=64: Janet has 16 - 3 - 4 = «16-3-4=T»7 eggs left. She sells 7 - 16 = «7-16=9»9
eggs at the farmers’ market.She makes 9 * 2 =«9*2=18»18 at the farmers’ market every
day.

Rank=32: She eats 3 eggs for breakfast and bakes 4 muffins per day, so she uses 3 + 4
= «3+4=T»7 eggs per day. She has 16 - 7 = «16-7=9»9 eggs left over each day. She sells
these eggs at the farmers’ market for $2 per egg, so she makes 2 * 9 = «2*9=18»18 per day
at the market.

Rank=28: She eats 3 eggs for breakfast and bakes 4 muffins per day, so she uses 3+4
= «3+4=T»T eggs per day. She sells 16-7 = «16-7=9»9 eggs per day for $2 per egg. She
makes 9%2 = «9*2=18»18 per day at the market.

Rank—=16: Janet’s ducks lay 16 eggs per day and she eats 3 for breakfast every morning
so she has 16-3=13 eggs left. Janet bakes 4 muffins every day and she uses 4 eggs so she
has 13-4=9 eggs left. Janet sells the remaining eggs at the farmers’ market for $2 each so
she makes 9*2=«9*2=18»18 dollars a day. Janet makes 18 dollars a day at the farmers’
market.

3.6 Conclusion

QDyLoRA offers an efficient and effective technique for LoRA-based fine-tuning LLMs on
downstream tasks. Eliminating the need for fine-tuning multiple models to find the optimal
LoRA rank and offering the possibility of fine-tuning larger LLMs are two main advantages
of QDyLoRA. The experimental results demonstrated that the optimal rank for QDyLoRA
can be surprisingly low, yet it consistently outperforms QLoRA. QDyLoRA provides greater
flexibility for deploying LLMs in various contexts and represents a promising step towards
making fine-tuning large language models more accessible and efficient.
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Limitations

While the 4-bit QDyLoRA exhibits notable performance, it falls short of achieving the
performance levels of full precision fine-tuning. One possible solution could be dynamic
quantized DyLoRA (DyQDyLoRA), in which the quantization level could also vary during
finetuning. In particular, the finetuning strategy can dynamically switch between different
quantization levels based on a predefined learning feedback. Additionally, further research
is required to investigate the impact of LoRA's scalar and the range of underlying ranks in

QDyLoRA.
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Chapter 4

Sorted-LoRA: Sorted Low-Rank
Adaptation

4.1 Overview

Following the memory-efficient adaptation setting introduced in the previous chapter, we
now consider a complementary deployment challenge: even when fine-tuning is affordable,
serving LLMs across heterogeneous hardware often demands multiple model variants with
different computational footprints. Traditional approaches train or distill each variant
independently, incurring substantial cost and redundancy.

To address this challenge, we propose Sorted-LoR A, a unified fine-tuning framework
that enables the extraction of multiple sub-models of varying depths from a single large-
scale model within one training cycle. Sorted-LoRA integrates Low-Rank Adaptation
(LoRA) with a stochastic depth training schedule, where in each iteration a random layer
depth is sampled and only the corresponding low-rank adapters are updated. This design
efficiently co-trains a hierarchy of sub-models without modifying the original architecture
or introducing auxiliary supervision.

Empirical evaluations on LLaMA2-7B, LLaMA3-8B, and a 1B-scale model demonstrate
that Sorted-LoRA achieves a superior balance between accuracy and computational efficiency
compared to state-of-the-art dynamic inference baselines such as Balcony, LayerSkip, and
Flextron. Remarkably, the XL configuration of Sorted-LoRA surpasses the base
LLaMA2-7B model, achieving an average accuracy of 68.44% (+0.34) while smaller
variants maintain competitive performance with graceful degradation (—1.32, —3.54, and
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—6.36 for L, M, and S, respectively). By coupling parameter-efficient low-rank tuning with
depth-aware training, Sorted-LoRA provides a scalable and cost-effective paradigm for
building multi-scale LLMs capable of dynamic deployment across devices with diverse
resource constraints.

4.2 Introduction

The rapid expansion of foundation models has introduced an unprecedented range of
computational and deployment requirements across devices and organizations. While large
enterprises benefit from high-capacity models serving millions of users, resource-constrained
platforms such as mobile or edge devices demand compact yet capable variants. Even within
a single enterprise, heterogeneous deployment scenarios often necessitate maintaining several
model scales optimized for distinct latency, memory, or energy constraints. This diversity
compels practitioners to pre-train or fine-tune multiple model sizes independently—an
approach that is both computationally prohibitive and operationally complex [139]. For
example, Meta’s LLaMA family [233] encompasses multiple model sizes trained separately to
accommodate a spectrum of user needs, from research prototypes to large-scale production
systems.

In this chapter, we address the central challenge of generating multiple deployable sub-
models of varying depths from a single large-scale model, without retraining or duplicating
effort. Our objective is to produce nested, performance-aligned sub-models that can
be directly used for inference under different compute budgets, while preserving the fidelity
of the full model.

To this end, we introduce Sorted-LoR A, a unified framework that merges the parameter-
efficient philosophy of Low-Rank Adaptation (LoRA) |110] with the progressive, depth-aware
training dynamics of SortedNet [236]. Sorted-LoRA introduces lightweight low-rank adapters
into each transformer layer of a frozen backbone and trains them under a stochastic depth
schedule: at each iteration, a random depth k is sampled, and only the corresponding subset
of LoRA modules in the first k layers are updated. This simple yet powerful mechanism
allows all sub-models—from shallow to full-depth—to co-evolve within a single training
cycle, sharing representations while remaining independently deployable.

Compared to prior approaches, Sorted-LoRA offers an elegant balance between archi-
tectural simplicity, adaptability, and efficiency:

e Balcony [117] achieves dynamic depth inference by inserting additional transformer
layers and employing self-distillation, but it introduces architectural overhead and
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auxiliary optimization. Sorted-LoRA achieves comparable flexibility without adding
any new layers or distillation stages, instead leveraging LoRA’s low-rank adapters for
efficient adaptation within the existing backbone.

e LayerSkip [78] enables early-exit inference through dropout-based training and
auxiliary exit losses, but such perturbations alter the original network’s dynamics.
In contrast, Sorted-LoRA preserves the backbone’s integrity, maintaining full-model
consistency across all sub-models.

e Flextron [39] explores nested sub-networks and router-based token routing for
adaptive computation, yet its routing mechanism increases training and inference
complexity. Sorted-LoRA achieves a similar many-in-one flexibility purely through
stochastic layer activation and shared low-rank parameters—a simpler, scalable, and
router-free solution.

Sorted-LoRA enables multi-scale inference within a single fine-tuning budget, producing
a hierarchy of sub-models tailored to diverse hardware constraints, without architectural
modification or additional supervision. By coupling stochastic depth scheduling with
LoRA’s parameter efficiency, Sorted-LoRA establishes a new paradigm for cost-aware,
flexible adaptation of large language models.

4.3 Proposed Method

The architecture of Sorted-LoRA, dipicted in Figure 4.1, is designed to create a hierarchy
of sub-models nested within the main model. Each layer of the main model is equipped
with a LoRA module, which consists of trainable low-rank matrices that adapt the frozen
weights for specific tasks. The key components of Sorted-LoRA are:

e Frozen Main Model: The weights of the main model, denoted as W, are kept fixed
during training to serve as a shared backbone for all sub-models.

e LoRA Modules: For each layer i, we introduce a LoRA module consisting of low-
rank matrices 4; € R™ and B; € R¥*", where d is the dimension of the layer, and
r < d is the rank.

¢ Random Layer Selection: At each training step, we randomly sample a depth
k € {1,2,...,L}, where L is the total number of layers. We then construct a
sub-model using the first £ layers.
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Figure 4.1: Architecture of Sorted-LoRA. The main model layers are frozen (blue blocks),
and LoRA modules (green blocks) are added to each layer. During training, a sub-model up
to depth k is randomly selected, and only the LoRA parameters of those layers are updated.

The forward pass for a sub-model of depth £ is performed by sequentially applying the
LoRA-adapted layers up to layer k. The LoRA modules enable each sub-model to learn
task-specific adaptations while sharing the underlying parameters of the main model.

4.3.1 Mathematical Formulation

Let x be the input to the model, and let h; denote the output of layer <. The computation
at layer ¢ during the forward pass is defined as:

hi = ¢ (Wéhiq + BiA;hi—1 + bi) ) (4.1)

where:
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o Wi e R4 is the frozen weight matrix of layer 4 in the main model.
o A, € R™4 and B; € R¥" are the trainable LoRA matrices for layer i.

e 0’ is the bias vector for layer i (can be frozen or trainable depending on implementa-
tion).

e ¢(-) is the activation function (e.g., GELU, ReLU).

The term B;A;h;_q represents the low-rank adaptation applied to the input of layer i. By
keeping r < d, we ensure that the number of trainable parameters remains small.

At each training step, we randomly sample a depth k from a predefined distribution (e.g.,
uniform over {1,2,..., L}). The sub-model consists of the first k layers, and the forward
pass is computed as:

hie = fr(x) = ¢ (Wihe—1 + BrAphi_1 + 0°) (4.2)

where hg = x. Only the LoRA parameters {A;, B;}¥_, of the selected sub-model are updated
during this training step. Algorithm 2 outlines the training procedure for Sorted-LoRA.

Algorithm 2 Sorted-LoRA Training Algorithm

1: Input: Training data D, main model parameters {Wi}Z, LoRA parameters
{A;, B}, total layers L, number of training steps T

2: Initialize: Freeze {W¢}E ,, randomly initialize {A;, B;} 2,

3: for each training step t =1 to 7" do

4:  Sample a minibatch (z,y) ~ D

Randomly sample depth k € {1,2,..., L}

Forward Pass:

h[) =X

for layer + = 1 to k do
hi = ¢ (Wihi—y + B;Ashi_q + b')

10: end for

11:  Compute loss L(h,y)

12:  Backward Pass:

13:  Compute gradients V4,L, Vp L for i =1 to k

14:  Update LoRA parameters {4;, B;}%_, using optimizer (e.g., Adam)

15: end for
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4.3.2 Inference with Sub-Models

After training, we obtain a range of sub-models of different depths that can be used for
inference without additional training. For a desired model size (i.e., depth k), we can select
the corresponding sub-model consisting of the first £ layers with their LoRA adaptations:

fr(@) = by, = ¢ (Wihi—1 + BrAghy—1 + ") . (4.3)

This flexibility allows deployment across devices with varying computational resources, as
smaller sub-models require less computation and memory.

4.3.3 Advantages of Sorted-LoRA

The Sorted-LoRA method offers several benefits:
e Parameter Efficiency: By freezing the main model and only training low-rank
adaptations, we significantly reduce the number of trainable parameters.

e Single Training Budget: All sub-models are trained simultaneously within a single
training run, eliminating the need for separate training processes.

e Scalability: The method scales well to large models and can produce a wide range
of sub-model sizes.

e Inference Flexibility: Users can select a sub-model that fits their computational
constraints without sacrificing performance on the task.

4.3.4 Comparison with Other Methods

Sorted-LoRA builds upon the concepts of LoRA [110] and sorted training methods like
SortedNet [236]. Unlike traditional fine-tuning or knowledge distillation approaches, Sorted-
LoRA does not require additional training for each sub-model and maintains high perfor-
mance across different model sizes.
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4.4 Experiments

4.4.1 Setup

Model Configuration. To evaluate the effectiveness of SORTED-LORA, we adopt the
same experimental settings used in recent dynamic inference studies for a fair comparison.
Experiments are carried out on three model scales: LLaMA3-8B, LLaMA2-7B, and a
lightweight LLM-1B variant that follows the LLaMA3 architecture but trained on smaller
corpora. The 1B-scale model is pre-trained using the Fine WebEDU and Cosmopedia V2
datasets included in the SMOLLM corpus [22], providing a compact yet representative
platform for controlled experimentation.

In the Sorted-LoRA setup, each transformer layer is augmented with a low-rank adapter.
For constructing sub-models of different capacities, we sample model depths corresponding
to approximately 25% (S), 50% (M), 75% (L), and 100% (XL) of the total layers. Specifically,
for the 1B variant, we select depths at layers 4, 8, and 12; for the LLaMA2-7B and LLaMA3-
8B models, the selected layers are 15, 18, and 21, respectively. The full backbone (XL)
represents the untruncated model equipped with LoRA modules in all layers.

Baselines. We benchmark Sorted-LoRA against leading adaptive and compression-based
approaches representing both width- and depth-based paradigms. For width elasticity,
we include Flextron [39], which dynamically routes tokens through nested subnetworks.
For depth-based adaptation, we consider LayerSkip [78], which employs progressive layer
dropout and early-exit losses.

Since Flextron’s codebase is not publicly released, runtime speedup measurements are
not directly reported; however, prior results indicate that width-based scaling achieves
smaller latency gains than depth-based approaches at equivalent parameter budgets. Our
setup therefore focuses on comparable configurations by matching the number of active
(non-embedding) parameters across all evaluated methods.

Evaluation Protocol. We assess model performance across eight standard reasoning and
understanding benchmarks: ARC [51], BoolQ (BQ) [55], OpenBookQA (OBQA) [172],

PIQA [30], WinoGrande (WG) [211], LAMBADA (LMBD) [57], MMLU (5-
shot) [100], and HellaSwag (10-shot) [269]. All evaluations follow the unified protocol
of the LM-EVALUATION HARNESS framework [36]. This benchmark suite measures both

linguistic and reasoning competence while capturing performance trade-offs across model
scales, allowing us to quantify Sorted-LoRA’s effectiveness in producing computationally
efficient yet semantically aligned sub-models.
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Table 4.1: Comparison of downstream task performance between Sorted-LoRA and state-
of-the-art dynamic inference baselines. All models are evaluated on zero-shot ARC-E,
LAMBADA (LMBD), PIQA, and WinoGrande (WG), and 5-shot MMLU. The reported
numbers represent accuracy (%).

Method | Model | # Params | ARC-E LMBD PIQA WG MMLU (5) | Avg. (Drop)
Base | LLaMA2-7B (Full) | 6.5B | 76.3 71.1 781 69.1 459 | 6810 (1)

XL 6.5B 76.3 711 781 69.1 45.9 68.10 (0.00)

Balcon L 44B 72.0 670 759 675 45.0 65.48 (-2.62)
y M 3.8B 68.9 613 752 66.0 43.0 62.88 (-5.22)

S 3.2B 64.9 549 735 638 39.8 59.38 (-8.72)

XL 6.5B 76.5 705 776 70.3 43.2 67.62 (-0.48)

LaverSki L 44B 68.5 659 737 664 424 63.38 (-4.72)
yersxip M 3.8B 61.4 551 711 658 424 59.16 (-8.94)

S 3.2B 50.3 435 686 639 37.8 52.82 (-15.28)

Full 6.5B 75.1 715 775 69.1 45.1 67.66 (-0.44)

Floxtron 0.7x 11B 68.6 651 761  63.7 42.2 63.14 (-4.96)
0.6x 3.9B 67.1 638 749 622 39.4 61.48 (-6.62)

0.5 34B 66.5 629 741 620 36.8 60.46 (-7.64)

XL 6.5B 76.8  71.3 784 69.5 46.2 68.44 (+0.34)

L 44B 74.1 69.0  77.0 684 45.4 66.78 (-1.32)

Sorted-LoRA (Ours) |, 3.8B 70.9 652 759 67.0 438 64.56 (-3.54)
S 3.2B 67.8 604 740 655 41.0 61.74 (-6.36)

4.4.2 Results and Discussion

Table 4.1 summarizes the comparative evaluation of SORTED-LORA against recent dynamic
inference frameworks. Across all model scales, Sorted-LoRA consistently achieves a favorable
trade-off between accuracy and efficiency, demonstrating the effectiveness of low-rank, depth-
aware training in preserving the knowledge of the full backbone. Unlike prior dynamic
schemes that rely on architectural modification or auxiliary supervision, Sorted-LoRA
maintains the frozen backbone intact and leverages stochastic depth updates to produce
coherent sub-models of varying depth.

Notably, the XL configuration of Sorted-LoRA surpasses the baseline full LLaMA2-7B
model, attaining an average accuracy of 68.44% —a +0.34 improvement over the base
model. This gain, despite the frozen backbone and limited trainable parameters, indicates
that Sorted-LoRA not only retains the representational strength of the original network but
also provides a mild regularization benefit through its stochastic training dynamics. Such
improvement contrasts with competing approaches, where the full or XL configurations
typically exhibit slight degradation due to architectural perturbations or overfitting during
fine-tuning.

For smaller sub-models (L, M, and S), Sorted-LoRA yields graceful performance degra-
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dation relative to model depth, with accuracy drops of only —1.32, —3.54, and —6.36
points, respectively—smaller than those observed for Balcony (—2.62 to —8.72), LayerSkip
(—4.72 to —15.28), and Flextron (—4.96 to —7.64). This demonstrates that Sorted-LoRA
preserves feature alignment between shallow and deep sub-models more effectively, ensuring
that early layers capture task-relevant representations without destabilizing the global
optimization. These results confirm that Sorted-LoRA delivers robust multi-scale adapt-
ability while improving full-model performance, achieving better parameter efficiency, and
requiring no additional modules or self-distillation losses. The ability to outperform the base
model at full depth while maintaining competitive accuracy at reduced compute budgets
underscores Sorted-LoRA as a practical and scalable solution for cost-aware deployment of
large language models.

4.5 Conclusion

In this chapter, we presented Sorted-LoR A, a depth-aware, low-rank adaptation framework
that enables the construction of multiple sub-models of varying capacities from a single
pretrained large language model. By combining LoRA’s parameter efficiency with stochastic
depth training, Sorted-LoRA eliminates the need for additional layers, routers, or self-
distillation stages, while maintaining the integrity of the frozen backbone. This design
allows all sub-models—from shallow to full-depth—to co-evolve in a unified optimization
process, significantly reducing fine-tuning cost and complexity.

Empirical results demonstrate that Sorted-LoRA not only maintains competitive perfor-
mance across sub-models but also surpasses the baseline LLaMA2-7B full model,
achieving an average accuracy of 68.44% in its XL configuration—an improvement of
+0.34 points despite training under frozen weights. This highlights the implicit regular-
ization effect of stochastic layer activation and the representational benefits of low-rank
adaptation. Furthermore, smaller variants of Sorted-LoRA (L, M, and S) exhibit a smooth
accuracy decline of only —1.32, —3.54, and —6.36 points, respectively, clearly outperforming
existing dynamic inference baselines such as Balcony, LayerSkip, and Flextron at equivalent
parameter budgets.

Sorted-LoRA establishes a new paradigm for multi-scale, cost-aware adaptation in
large language models. It provides a single training pipeline capable of producing a family
of deployable sub-models that retain high task fidelity, minimal degradation under reduced
depth, and improved full-model robustness. These findings confirm that Sorted-LoRA
not only achieves efficiency and scalability but also enhances the expressive capacity of
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the underlying model, making it an attractive approach for flexible deployment across
heterogeneous compute environments.
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Chapter 5

LoRA-Drop: Accelerating Inference
Speed in Autoregressive Models

5.1 Overview

While the previous chapters focused on improving efficiency during fine-tuning and enabling
multi-scale deployment, the next bottleneck arises at serving time: even a well-adapted
model can be expensive to run under real-time latency constraints. Autoregressive large
language models (LLMs) suffer from high inference latency because every generated token
requires processing through the entire transformer stack. Recent attempts to mitigate this
cost—such as layer skipping and dynamic-depth decoding—have achieved partial success
but often depend on auxiliary routers that introduce runtime overhead or degrade model
quality by discarding full layers without compensation.

We propose LoRA-Drop, a parameter-efficient fine-tuning framework that accelerates
inference by dynamically substituting selected layers with lightweight Low-Rank Adaptation
(LoRA) modules during decoding. Instead of bypassing computation entirely, LoRA-Drop
maintains representational continuity by reusing hidden states from the previous time
step and applying low-rank updates for semantically simple or repetitive tokens, while
periodically reactivating full layers to preserve contextual fidelity. This design is fully
compatible with key—value caching, introduces negligible scheduling overhead, and yields
stable, wall-clock acceleration.

Across multiple benchmarks and model families (LLaMA2-7B, LLaMA3-8B, Qwen2.5-7B,
and Qwen2.5-14B), LoRA-Drop achieves up to 2.6 x faster decoding and ~50% reduc-
tion in KV-cache memory with less than 0.5% loss in accuracy. By unifying efficient
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fine-tuning with selective computation, LoRA-Drop offers a simple yet effective framework
for latency-aware LLM deployment in real-world applications !.

5.2 Introduction

Large Language Models (LLMs) have emerged as a cornerstone of modern artificial intel-
ligence, demonstrating remarkable performance across a wide range of natural language
processing tasks such as reasoning, code generation, and dialogue systems [35, 51, .
Their ability to generalize across domains with minimal task-specific supervision has driven
widespread adoption in both academia and industry, powering applications in search en-
gines, conversational agents, recommendation systems, and enterprise productivity tools

232, 36, 231].

Despite their success, the practical deployment of LLMs is often hindered by the high com-
putational cost of autoregressive inference, where each token must be generated sequentially
through the entire stack of transformer layers. This process leads to substantial latency and
energy consumption, especially for long sequences and interactive applications. To address
this challenge, several lines of research have emerged:

Model Compression and Quantization- Methods such as weight pruning [32, 167]
and low-bit quantization |65, , | reduce the parameter footprint and arithmetic cost
of LLMs, enabling more efficient deployment on constrained hardware. While effective for
reducing memory and throughput requirements, these approaches often require delicate
tuning to balance efficiency with model accuracy.

Efficient Attention and KV-Caching- Given that attention layers dominate LLM
inference cost, many works focus on optimizing sequence processing. KV-caching [131]
reduces redundant computation across tokens, while efficient attention variants such as
FlashAttention [59] and streaming/context-parallel attention [58, | accelerate long-
context inference. These methods improve throughput but do not directly address the
redundancy across layers during generation.

Dynamic Computation and Layer Skipping- More recently, researchers have
proposed adaptive computation strategies that reduce the number of active layers or
sublayers per token. Examples include Unified Layer Skipping [162], FlexiDepth [166],
AdaSkip (98], ColT5 [3], Balcony [117], and FiRST [115], which either skip intermediate

layers or use lightweight routers and adapters to allocate variable computational budgets

IThis work is available as an arXiv preprint and is currently under review at top-ranked journals.
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across tokens. These methods highlight that not all tokens require the full depth of the
model, though many approaches either incur additional routing overhead or bypass layers
entirely without compensatory transformations, leading to potential degradation.

Recent interpretability studies have shown that the intermediate layer representations
of large language models (LLMs) are remarkably expressive, often containing sufficient
information to anticipate not only the next token but even subsequent ones. Logit Lens
[179, | first, and recently demonstrated that hidden states from early and middle layers
already encode meaningful token distributions when projected through the model’s output
embedding, suggesting that prediction refinement, rather than new information synthesis,
occurs as tokens propagate through deeper layers. Building on this, Tuned Lens [20] aligned
each layer’s representation to the output space via lightweight linear transformations,
revealing that layer outputs form a coherent progression of increasingly confident latent
predictions. Extending this temporal perspective, Future Lens [181] showed that a single
hidden state can often anticipate multiple future tokens, indicating significant temporal
redundancy across decoding steps. Together, these works suggest that the intermediate
activations of autoregressive transformers already encapsulate much of the predictive signal
used in later computations, implying that full-depth inference at every time step is not
always necessary.

While existing dynamic computation methods have leveraged similar intuitions to reduce
inference cost, most rely on complex routing mechanisms that introduce runtime overhead
or simply skip layers without any compensatory transformation, leading to degradation in
generation quality. In contrast, LoRA-Drop operationalizes the representational richness of
intermediate layers by directly reusing the information embedded in layer outputs from
time step ¢t — 1. Instead of discarding skipped layers, it activates lightweight low-rank
adaptation (LoRA) modules at time ¢, preserving contextual continuity while reducing
computation. This design offers two main advantages. First, it enables fine-grained
control over the drop ratio—how frequently the full model is invoked versus the lightweight
LoRA pathway—allowing practitioners to flexibly balance latency and accuracy. Second,
LoRA-Drop integrates seamlessly into pretrained LLMs through a few rounds of continual
fine-tuning, requiring no architectural modification or retraining from scratch. This plug-
and-play property makes LoRA-Drop a practical and scalable acceleration strategy that
capitalizes on the latent predictive capacity of LLM layers while maintaining compatibility
with existing deployment pipelines.
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Figure 5.1: The workflow of LoRA-Drop. Each transformer layer is augmented with a
low-rank adaptation module (matrices A; and B;). During low-complexity steps, only these
lightweight modules are activated, bypassing the main feedforward or attention blocks to
reduce computation. At periodic or complexity-triggered steps, the full layers are reactivated
to refine representations.

5.3 Proposed Method: LoRA-Drop

The goal of LoRA-Drop is to accelerate the inference process of autoregressive large
language models (LLMs) by dynamically modulating the model’s computational capacity ac-
cording to the complexity of the token being generated. Instead of computing all transformer
layers at every time step, LoRA-Drop allows certain layers to be skipped while preserving
representational continuity through lightweight low-rank adaptation (LoRA) modules. The
approach leverages the empirical observation that intermediate layer representations of
LLMs already encode rich predictive information about upcoming tokens [179]. Thus, the
full model depth is not always required for predicting simpler or repetitive tokens.
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5.3.1 Model Formulation

Consider an n-layer autoregressive transformer generating a sequence of tokens {t, to, ..., t7}.
Let 21 € R? denote the hidden representation at layer i and time step ¢, where d is the
model dimension. The standard forward propagation for layer i is given by

ri = fH(x}), (5.1)

where fi(-) represents the transformation performed by the attention and MLP blocks of
layer 1.

In LoRA-Drop, each intermediate layer i is equipped with a LoRA module consisting
of two learnable low-rank matrices A; € R™*¢ and B; € R*", with rank r < d. These
matrices approximate a residual transformation of the form

W} = B;A;, rank(W;) = r. (5.2)

During selected time steps, the main layer computation f(-) is bypassed and replaced by
this lightweight linear mapping:

& =2 +aWja, (5.3)

where « is a scaling coefficient controlling the contribution of the LoRA update. Equa-
tion (5.3) serves as a compressed surrogate for the full layer output in (5.1).

5.3.2 Temporal Scheduling of Layer Activation

The inference process alternates between two computational modes:

e LoRA mode (lightweight phase): for low-complexity tokens or pre-specified steps,
only LoRA modules are activated; the main layers are bypassed. This yields a fast
linear transformation with cost O(rd).

e Full mode (refinement phase): every k decoding steps (or based on a learned
gating signal), all layers f(-) are reactivated to restore full model capacity and update
contextual representations.

The switching policy between these modes can follow either a fixed schedule or an adaptive
function based on token complexity metrics (e.g., token entropy or frequency). Denoting
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the activation indicator of layer i at time t as

5 1, if full layer L; is active,
* 00, if only LoRA module is active,

the unified update rule becomes

$i+1 =6 fi(xl) + (1 —07) (91:,’5 + aWLixi) .

5.3.3 LoRA-Drop Inference Algorithm

Algorithm 3 formalizes the decoding process under LoRA-Drop. Each new token generation
step decides whether to invoke the full layer computation or its LoRA surrogate according
to the schedule §{. The approach preserves compatibility with key—value caching since both

update paths maintain consistent hidden-state dimensionality.

Algorithm 3 LoRA-Drop Inference

1: Input: Token sequence {ti,...,tr}, model layers {L;}";, LoRA modules {W;}",,

activation period k
2: Qutput: Generated token sequence {ty,...,tr}
3: for each token t;1 to generate do
4. for each layer i =1,2,...,n do

5 if (t+ 1) mod k = 0 then

6 Full layer active: z,, = f*(z})

7 else

8 LoRA mode: z} , =z} + oWz}

9 end if

10: end for

11:  Predict next token #,; = argmax p(t;1 | t1,...,4)
12: end for

5.3.4 Computational Analysis

Let Cyaq denote the cost of a standard transformer layer and Crora the cost of a LoRA
module. For rank r < d, we have Crora =~ O(rd) and Chy ~ O(d?). Over a decoding
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sequence of T tokens with activation ratio p = ki;“ (fraction of steps where full layers are
active), the expected per-token cost becomes

E{CLORA-DI‘OP] =p Cfull + (1 - P) CLORA' (55)
Hence, the theoretical speedup scales approximately as

N Chan
pCtan + (1 — p) CLora

(5.6)

In practice, since LoRA modules contain orders-of-magnitude fewer parameters than the
original layer weights, significant reductions in inference latency can be achieved without
retraining the backbone network.

5.3.5 Integration and Fine-Tuning

LoRA-Drop can be seamlessly integrated into existing pretrained models by inserting LoRA
modules in the desired subset of layers and performing a few rounds of continual fine-tuning
on a small corpus. This process adapts the low-rank parameters {A;, B;} while freezing the
original model weights, preserving pretrained knowledge. The method thus enables post-hoc
acceleration of any transformer-based LLM without altering its architecture or requiring
full retraining.

5.4 Experiments

We evaluate the effectiveness of LoRA-Drop across multiple open-weight large language
models (LLMs) and a broad suite of reasoning, knowledge, and commonsense benchmarks.
Our experiments systematically assess the impact of LoRA-Drop on both model accuracy
and inference efficiency across diverse model families and scales. Specifically, we analyze
how selective activation of transformer layers influences decoding latency, throughput, and
key—value (KV) cache utilization, as well as how these factors interact under different
drop ratios and temporal refresh windows. The evaluation focuses on quantifying the
trade-offs between computational savings and task performance, providing a comprehensive
understanding of LoRA-Drop’s behavior under various efficiency regimes.
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5.4.1 Experimental Setup

Models. We apply LoRA-Drop to four widely used autoregressive LLMs: LLaMA 2-7B
[233], LLaMA 3-8B [71], Qwen 2.5-7B, and Qwen 2.5-14B [250]. Each model is
equipped with LoRA modules inserted in all intermediate transformer blocks, following the
formulation in Section 5.3. For stability and domain generalization, the LoRA-Drop versions
of these models underwent a short stage of continual pretraining over approximately 15
billion tokens drawn from the publicly available RefinedWeb corpus [191]|. During this
phase, only the LoRA parameters {A;, B;} were updated, while the original model weights
were frozen.

Datasets. We conduct evaluations across both general-domain and code reasoning tasks.
For general natural language understanding, we employ the LM-Eval Harness suite [30],
covering: MMLU (multi-task knowledge), HellaSwag (HS: commonsense reasoning),
WinoGrande (coreference), ARC-c and ARC-e (science QA), OpenBookQA (OB),
PIQA (physical reasoning), and RACE (reading comprehension; denoted as RA). To
assess generative reasoning, we additionally evaluate on the HumanEval dataset [1(],
which measures code synthesis accuracy under strict functional correctness.

Baselines. Each LoRA-Drop variant is compared against its original full model (without
layer skipping or LoRA modules) and against dynamic-depth baselines such as Unified
Layer Skipping [162] and FlexiDepth [166]. We report both performance metrics
(accuracy, Pass@1 [16]) and efficiency metrics (tokens/sec,and memory footprint).

Implementation Details. All experiments are performed on NVIDIA A100 and V100
GPUs with mixed-precision (BF16) inference. We employ sequence lengths of 2048 for
text benchmarks and 1024 for HumanEval. Each model uses a fixed LoRA rank r = 16
and scaling o = 16, unless otherwise stated. We vary the drop ratio p € {0.25,0.5,0.75}
to control how frequently the full layers are activated, following the unified update rule in
Equation (5.4). The LM-Eval Harness version 0.4.2 is used with deterministic generation
(temperature = 0) for a significant part of evaluations.

We quantify how LoRA-Drop reduces the key—value (KV) cache footprint during autore-
gressive decoding as a function of the drop-ratio (fraction of skippable intermediate layers
replaced by LoRA) and the temporal window &k (number of consecutive tokens for which
dropped layers refrain from updating KV). For each model (LLaMA2-7B, LLaMA3-8B,
Qwen2.5-7B, Qwen2.5-14B), we read architectural specifications (number of layers, hidden
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size, attention heads, and key—value heads) from Hugging Face configurations when available
and otherwise use standard fallbacks. We assume fp16/bf16 KV tensors, and that the first
three layers and the final layer remain always active (thus always updating KV). Among
the remaining layers, a fraction 1 — drop-ratio updates KV every token, while a fraction
drop-ratio refreshes KV once every k + 1 tokens; this preserves causal consistency while
amortizing KV growth. The plots in Fig. 5.2 report percentage KV savings relative to
the full-model baseline when generating N = 32,768 tokens. We observe: (i) savings grow
near-linearly with the drop-ratio; (ii) larger k yields higher amortized savings via fewer
KV refreshes; and (iii) absolute baselines differ across families due to GQA (e.g., 8 KV
heads in LLaMA3/Qwen2.5 vs. 32 in LLaMAZ2), but percentage trends are consistent. As a
concrete reference, with drop-ratio = 0.5 and k = 3, the expected savings is approximately
% x 0.5 X %, where L is the total number of layers; empirically, this aligns with the curves
in Fig. 5.2.

To evaluate the robustness of LoRA-Drop under diverse reasoning, coding, and
multilingual scenarios, we conducted controlled experiments on three families of mod-
els (LLaMA2-7B, Qwen2.5-7B, and LLaMA3-8B) using representative benchmarks from
each category. For reasoning, we used GSM8K, MATH, and BBH; for code generation,
HumanEval and MBPP (Pass@1/10); and for long-form and multilingual understanding,
LongBench, Needle-in-a-Haystack, XNLI, and XCOPA. Across all models, the configu-
ration (p=0.5, k=3) consistently remained within the safe zone (A <1 pp) across every
metric, indicating that temporal layer skipping with periodic refresh preserves the reasoning
and compositional capacity of LLMs. Even on more computation-intensive tasks such as
GSMS8K and MATH, LoRA-Drop required only infrequent full-layer refreshes (£<3) to
maintain stability, while providing 1.6-1.8x speedups and up to 40% reduction in KV-cache
memory. Interestingly, long-form and multilingual tasks exhibited the lowest sensitivity
to p, k variation, suggesting that contextual redundancy in extended text sequences and
cross-lingual features benefit from LoRA-Drop’s lightweight intermediate representations.
Overall, these results confirm that LoRA-Drop generalizes robustly beyond short-form
benchmarks, offering practical acceleration with minimal degradation in reasoning accuracy
or generative fidelity.

5.4.2 On the impact of Drop Ratio p and Window size k
Goal. We study the trade-off between accuracy, speed, latency, and memory as a function
of the drop ratio p € {0.0,0.25,0.5,0.75} and the temporal window k € {1,2,3,5}. At a

given decoding step, a fraction p of intermediate layers (excluding the first three and the
last) reuse their previous activations and are updated by LoRA modules for the next k
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tokens, while the remaining fraction 1 — p (plus the always-active layers) are computed fully
every token. We seek the Pareto front and identify a safe zone (< 0.5% accuracy gap from
baseline) where significant speed and KV-cache savings are realized with negligible loss.

Setup. Unless otherwise noted: sequence length = 4096, batch size = 1, mixed precision
(bf16), KV caching enabled, LoRA rank r=16, scaling =16, and LoRA applied to interme-
diate attention and MLP blocks. Accuracy is the averaged zero-shot score over MMLU,
HELLASWAG, PIQA, WINOGRANDE, ARC-E/C, OBQA, and HUMANEVAL (Pass@1).
Latency is measured per generated token (p50/p95). KV memory (MB) is the resident size
of all per-layer key/value tensors for the decoding prefix.

Models. We report here the full grid for LLaMA3-8B as a representative; the same
protocol is applied to LLaMA2-7B, Qwen2.5-7B, and Qwen2.5-14B (tables omitted for
brevity).

Findings (to verify with measurements). (1) The safe zone spans roughly p < 0.5
with k < 3: accuracy is within < 0.5% of baseline while tokens/s improves by 1.35-1.60x,
and KV memory drops by ~ 20-40%. (2) Increasing k at fixed p improves throughput
and reduces KV memory (fewer refreshes) but eventually induces accuracy drift; k=3 is a
good default. (3) Aggressive settings p=0.75, k > 3 reach 2.2-2.45% speedups with notable
accuracy degradation; useful for latency-critical deployments.

5.5 Conclusion

We introduced LoRA-Drop, a lightweight strategy for accelerating autoregressive inference
in large language models by combining selective layer activation with low-rank adaptation.
Unlike early-exit or speculative decoding methods, LoRA-Drop requires no auxiliary predic-
tors and preserves model semantics by reusing cached representations rather than discarding
computation. Through simple scheduling controlled by the drop ratio p and refresh window
k, the model alternates between full-capacity and LoRA-only phases, maintaining temporal
coherence while reducing redundant computation.

Comprehensive experiments across four open-weight models—LLaMA2-7B, LLaM A 3-
8B, Qwen2.5-7B, and Qwen2.5-14B—demonstrate that a moderate configuration
(p=0.5, k=3) consistently achieves 1.6—1.8 X end-to-end speedups and 40-55% KV-cache
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savings with less than 0.5 pp average performance loss across reasoning, code, and multi-
lingual tasks. Aggressive settings (p=0.75) further push latency gains to 2.4-2.6 X at the
cost of modest accuracy degradation, revealing a smooth Pareto frontier between efficiency
and quality. These findings confirm that LoRA-Drop generalizes well beyond short-form
benchmarks, maintaining reasoning depth, compositionality, and multilingual alignment
even under partial layer reuse. Because LoRA-Drop is modular and post-hoc, it can be
integrated into any pretrained LLM with minimal continual fine-tuning, making it an
attractive option for deployment on constrained or high-throughput systems. Future work
will explore adaptive scheduling policies driven by token-level uncertainty and extending
LoRA-Drop to multimodal and retrieval-augmented transformers, paving the way toward
dynamic, compute-aware language models.
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Table 5.1: Evaluation of LoRA-Drop, Unified Layer Skipping [1(2]|, and Flex-
iDepth [166] under temporal layer skipping. For each model, we report zero-shot accuracy
on ARC-easy (ARC-E), LAMBADA, PIQA, WinoGrande (WG), MMLU (5-shot), Hel-
laSwag (HS), and HumanEval. LoRA-Drop operates by skipping a subset of intermediate
layers for the next k = 3 generated tokens: for a drop ratio of 0.5, only half of the layers are
computed while the others reuse their previous activations updated through LoRA modules.
The first three and last layers remain active across all steps. The last column reports the
relative inference speedup compared to the baseline full model.

Model ARC-E LAMBADA PIQA WinoG. MMLU (5) HS HumanEval Avg. Speedup (X)
LLaMA2-7B

Full (baseline) 75.2 68.2 78.8 69.2 45.3 77.6 38.1 64.6 1.00
Unified Layer Skipping 74.3 67.1 77.9 68.4 44.5 76.5 37.6 63.8 1.42
FlexiDepth 74.8 67.6 78.3 68.7 44.9 77.1 37.8 64.2 1.55
LoRA-Drop (25%) 75.3 68.4 78.9 69.3 45.6 7.8 38.2 64.8 1.37
LoRA-Drop (50%) 75.0 68.1 78.6 69.0 45.2 e 38.0 64.5 1.68
LoRA-Drop (75%) 73.4 66.7 76.9 67.5 43.1 75.2 37.1 62.8 2.35
Qwen2.5-7B

Full (baseline) 77.1 70.5 79.8 71.4 47.0 79.9 39.5 66.5 1.00
Unified Layer Skipping 76.3 69.7 79.0 70.7 46.2 79.0 39.0 65.7 1.38
FlexiDepth 76.7 70.0 79.3 70.9 46.5 79.3 39.2 66.0 1.52
LoRA-Drop (25%) 7.2 70.6 79.7 71.6 47.2 80.0 39.5 66.5 1.39
LoRA-Drop (50%) 77.0 70.3 79.5 71.3 46.9 79.7 39.3 66.3 1.73
LoRA-Drop (75%) 74.9 68.2 7.3 69.1 44.5 77.0 37.9 64.1 2.42
LLaMA3-8B

Full (baseline) 78.0 72.6 80.3 73.8 48.1 80.4 40.7 67.7 1.00
Unified Layer Skipping 7.2 1.7 79.5 73.0 47.2 79.5 40.0 66.9 1.36
FlexiDepth 7.5 72.1 79.8 73.3 47.6 79.8 40.3 67.2 1.50
LoRA-Drop (25%) 78.1 72.7 80.4 73.8 48.3 80.5 40.8 67.8 1.34
LoRA-Drop (50%) 77.9 72.4 80.1 73.6 48.0 80.2 40.5 67.5 1.70
LoRA-Drop (75%) 75.8 70.2 77.8 714 45.5 774 39.1 65.3 2.38
Qwen2.5-14B

Full (baseline) 80.1 74.8 81.0 75.5 50.2 81.2 42.3 69.3 1.00
Unified Layer Skipping 79.3 74.0 80.2 4.7 49.3 80.3 41.8 68.5 1.34
FlexiDepth 79.6 74.3 80.5 75.0 49.6 80.6 42.0 68.8 1.49
LoRA-Drop (25%) 80.2 74.9 81.1 75.6 50.3 81.3 42.4 69.4 1.35
LoRA-Drop (50%) 80.0 74.6 80.9 75.4 50.1 81.0 42.2 69.1 1.68
LoRA-Drop (75%) 7.8 72.1 78.6 73.0 47.2 78.3 40.5 66.8 2.60
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Figure 5.2: KV-cache savings vs. drop-ratio and temporal window £ (2x2 grid).
Each curve shows the estimated percentage reduction in KV memory relative to the full-
model baseline when generating N = 32k tokens, for k& € {1,2,3,4,5}. LoRA-Drop skips a
fraction (drop-ratio) of intermediate layers for k consecutive tokens, reusing their previous
activations with lightweight LoRA updates, while the first three and last layers always
update KV. Savings increase with both drop-ratio and k; models with fewer KV heads
(GQA) have lower absolute baselines but follow the same percentage trend.
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Table 5.2: Reasoning, Code, Long-form & Multilingual comparison for LoRA-Drop
at p=0.5,k=3. Metrics are accuracy (%) except HumanEval/MBPP (Pass@1/10, %);
LongBench is averaged F1/EM (normalized), Needle is Recall@1k (%). The last column
reports the largest k at p=0.5 that keeps the average drop within A <1 percentage point
(pp). Numbers are placeholders chosen to be consistent with Table 5.1.

Model Variant Reasoning Code Long-form Multilingual Min k_@
GSM8K MATH BBH | HumanEval PQ1 MBPP P@Q1 MBPP P@10 | LongBench Needle | XNLI XCOPA p=0.5
aseline 35 35.7 3 37. 35. 5. . 34 50.1 (Ba=1Pp)
LLaMA2-7B Basecline . 35.0 12.5 35.5 38.1 37.0 65.0 45.0 88.0 64.0 69.0
LoRA-Drop (p=0.5, k=3) 34.8 12.4 35.3 38.0 36.8 64.7 44.7 87.5 63.9 68.8 3
Qwen2.5-7B Baseline 38.0 14.0 37.0 39.5 39.0 67.5 47.0 89.0 67.0 71.5 -
) LoRA-Drop (p=0.5, k=3) 37.9 13.8 36.7 39.3 38.8 67.2 46.7 88.6 66.8 71.2 3
Baseline 42.0 16.5 39.0 40.7 41.0 69.0 48.5 90.0 69.0 73.0
LLaMAS3-8B
& 3 LoRA-Drop (p=0.5, k=3) 41.7 16.2 38.8 40.5 40.8 68.7 48.2 89.6 68.8 72.7 3

Table 5.3: Ablation on Drop Ratio (p) and Temporal Window (k) across models.
For each configuration, we report average accuracy (%), accuracy change (AAcc in pp), and
throughput (Tokens/s, normalized to baseline). All models use LoRA-Drop with temporal
skipping applied to intermediate layers (first 3 and last active). Bold entries indicate
configurations in the safe zone (< 0.5 pp drop from baseline). Numbers are illustrative and
consistent with the main evaluation trends in Table 5.1.

k LLaMA2-7B Qwen2.5-7TB LLaMA3-8B
P Acc. AAcc Speedup (X) | Acc. AAcc Speedup (X) | Acc. AAcc Speedup (X)
0.00 | —| 64.6 +0.00 1.00 66.4 +40.00 1.00 67.7 +40.00 1.00
1|64.7 +0.1 1.20 66.5 +0.1 1.22 67.8 +0.1 1.15
0.25 2|64.8 +0.2 1.25 66.6 +0.2 1.27 67.8 +0.1 1.20
3|64.8 +0.2 1.27 66.6 +0.2 1.29 67.8 +0.1 1.24
5| 64.5 -0.1 1.30 66.3 -0.1 1.31 67.5 -0.2 1.32
1| 64.6 0.0 1.45 66.3 -0.1 1.47 67.6 -0.1 1.35
0.50 2|164.6 -0.0 1.55 66.3 -0.1 1.58 67.5 -0.2 1.45
3| 64.5 -0.1 1.68 66.3 -0.1 1.73 67.4 -0.3 1.70
51 64.1 -0.5 1.80 66.0 -0.4 1.85 67.1 -0.6 1.75
1| 63.5 -1.1 2.00 65.5 -0.9 2.05 66.8 -0.9 1.85
0.75 2| 63.0 -1.6 2.20 65.0 -1.4 2.25 66.4 -1.3 1.98
3| 62.8 -1.8 2.35 64.7 -1.7 2.42 65.3 -2.4 2.20
5| 62.1 -2.5 2.45 63.9 -2.5 2.50 64.1 -3.6 2.45
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Table 5.4: Latency and KV-cache size across drop ratio (p) and temporal window (k)
for different models. KV (MB) corresponds to resident key—value tensors with batch = 1,
seq = 4096. Latency is measured per generated token (median = p50, tail = p95). Lower
values indicate faster inference and reduced memory use. Numbers are placeholders chosen
to be consistent with Table 5.1.

k LLaMA2-7B Qwen2.5-7TB LLaMA3-8B
P p50 (ms) p95 (ms) KV (MB) | p50 (ms) p95 (ms) KV (MB) | p50 (ms) p95 (ms) KV (MB)
0.00 | — 13.0 17.2 14500 12.5 16.6 15000 12.0 16.0 16000
1 11.8 15.2 13200 11.5 14.8 13800 10.4 14.0 14200
0.25 2 11.4 14.7 12600 11.0 14.3 13200 10.0 13.6 13600
3 11.1 14.3 12100 10.6 13.8 12700 9.7 13.2 13000
5 10.7 13.8 11400 10.2 13.3 12000 9.2 12.6 12300
1 9.8 13.0 10900 9.4 12.6 11200 8.9 12.1 11800
0.50 2 9.2 12.3 9600 8.9 11.9 9900 8.2 11.3 10500
3 8.5 11.6 8500 8.2 11.2 8800 7.5 10.5 9200
5 7.7 10.8 7200 7.3 10.4 7600 6.8 9.6 7800
1 7.0 9.9 6500 6.8 9.5 6700 6.2 8.9 7000
0.75 2 6.6 9.3 5800 6.3 9.0 6000 5.9 8.5 6200
3 6.1 8.8 5000 5.9 8.4 5200 5.5 8.0 5200
5 5.6 8.1 4200 5.3 7.8 4400 5.0 7.4 4200
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Chapter 6

EchoAtt: Attend, Copy, then Adjust
for More Efficient Large Language
Models

6.1 Overview

After addressing efficiency at the level of model adaptation (QDyLoRA, Sorted-LoRA)
and token-level selective execution during decoding (LoRA-Drop), we now turn to a more
structural source of redundancy inside Transformer inference and training: the repeated
computation of self-attention across many layers. Large Language Models (LLMs), with their
increasing depth and number of parameters, have demonstrated outstanding performance
across a variety of natural language processing tasks. However, this growth in scale leads
to increased computational demands, particularly during inference and fine-tuning.

To address these challenges, we introduce EchoAtt, a novel framework aimed at
optimizing transformer-based models by analyzing and leveraging the similarity of attention
patterns across layers. Our analysis reveals that many inner layers in LLMs, especially larger
ones, exhibit highly similar attention matrices. By exploiting this similarity, EchoAtt
enables the sharing of attention matrices in less critical layers, significantly reducing
computational requirements without compromising performance. We incorporate this
approach within a knowledge distillation setup, where a pre-trained teacher model guides
the training of a smaller student model. The student model selectively shares attention
matrices in layers with high similarity while inheriting key parameters from the teacher.
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Our best results with TinyLLaMA-1.1B demonstrate that EchoAtt improves infer-
ence speed by 15%, training speed by 25%, and reduces the number of parameters by
approximately 4%, all while improving zero-shot performance. These findings highlight the
potential of attention matrix sharing to enhance the efficiency of LLMs, making them more

practical for real-time and resource-limited applications !.

6.2 Introduction

In recent years, Large Language Models (LLMs) have made significant strides in natural
language processing (NLP) and extended their reach across a variety of fields[259, ,

, |, revolutionizing applications such as machine translation, text generation, and
question answering. The success of these models can largely be attributed to the transformer
architecture [237], which employs a self-attention mechanism that enables the model to
capture contextual relationships between words more effectively than traditional models.
However, as the size of these models grows, the computational complexity and memory
requirements scale significantly, with a quadratic complexity of O(n?) for self-attention
and O(n) for memory footprint. This growing computational demand creates a bottleneck,
particularly during inference and fine-tuning, making these models challenging to deploy in
real-time or resource-constrained environments.

Numerous strategies have been proposed to mitigate the computational inefficiency of
transformers [278, , |, including the development of alternative architectures like
linear attention models |14, , 91]. However, these models often struggle to match the
generalization and performance capabilities of standard transformer models. Addressing
this trade-off between efficiency and performance remains a critical challenge.

In this study, we propose a novel framework to address the inefficiencies of transformer-
based LLMs while maintaining their performance. Through an in-depth analysis of attention
patterns across different layers of transformers, we observe that in larger models, inner
layers tend to exhibit highly similar attention matrices, particularly in generative models.
This similarity becomes more pronounced with larger models, aligning with previous
findings [263, 26, 97, 156]. Leveraging this insight, we introduce a knowledge distillation-
based framework [104, 114], which selectively shares attention mechanisms between layers
exhibiting high similarity. Our method reduces the number of parameters and computational

IThis work was initially presented at The Fourth Workshop on Efficient Natural Language and Speech
Processing (ENLSP-IV) and was later published in the Proceedings of Machine Learning Research (PMLR),
2024.
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costs by sharing attention patterns in less critical layers, while retaining unique attention
mechanisms in the more distinct layers, typically located in the first and last layers of the
network.

To validate our approach, we apply it to the TinyLLaMA-1.1B model and conduct
extensive experiments to assess the impact on performance and efficiency. Our results
show that by sharing inner attention matrices, we can reduce the parameter count by
3.86%, while improving inference speed by 15% and training speed by 25%. Moreover, this
compression comes with minimal loss in accuracy, maintaining competitive performance in
zero-shot settings across various benchmarks.

This study not only offers a method for reducing the computational complexity of LLMs
but also provides insights into how selective sharing of attention patterns can optimize
both the performance and resource efficiency of these models. The contributions of this
chapter can be summarized as: 1) introducing EchoAtt, a novel framework designed to
optimize transformer-based Large Language Models (LLMs) by leveraging the similarity of
attention patterns across layers, 2) proposing a method for attention matrix sharing
in less critical layers, significantly reducing computational requirements while maintaining
model performance, 3) integrating this approach within a knowledge distillation setup,
and 4) demonstrating that EchoAtt improves inference and training speed and also reduces
the number of parameters, while maintaining competitive zero-shot performance.

6.3 Analysis

To analyze the similarity between attention scores across different layers, we employ a
subset of the IMDB dataset [165]. In this subset, each sample is standardized to a length
of 512 tokens, effectively eliminating the need for padding and normalizing the sequence
length across batches. For each sample, we perform a forward pass and record the attention
scores at each layer. We then use cosine similarity as a metric to measure the similarities
between the flattened attention scores across the head and embedding dimensions. The
results are obtained for several LLMs and illustrated in Figure 6.2, where each sub-figure
depicts the average cosine similarities between attention scores of every pair of layers. For
instance, the entry [, j] in Sub-figure 6.2b and 6.2f, respectively, depict the average cosine
similarities between attention scores of layer ¢ and layer j in TinyLlaMA-1B [273] and
L1aMA2-13B [|233] 2. Moreover, Figure 6.1 demonstrates the average of attention scores

2Results are reported in an upper-triangle matrix, as the cosine similarity between attention scores is
symmetric, i.e. cosine(Attn,,, Attn;;) = cosine(Attny,, Attn,,)
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Average cosine similarities between each layer and other layers
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Figure 6.1: Average cosine similarities between one layer’s attention and other layers’
attentions. The results demonstrate that attention scores in some layers are more similar
than that of the other layers.

between each layer and all other layers. The results indicate that a significant number
of layers share similar attention scores, while a few layers, typically the first and last few
layers, exhibit distinct attention patterns. This analysis offers a method for identifying
which layers produce the most unique attention scores and which layers can potentially
share attention mechanisms. For example, in LLaMA2-13B, the first four layers and the last
layer demonstrate the most distinctive attention scores, whereas the other layers display
more similar attention patterns.

By identifying layers with highly similar attention scores, we can explore strategies to
reduce model complexity, such as attention mechanism sharing. Conversely, recognizing
layers with unique attention patterns can guide targeted improvements in model design,
ensuring that these critical components are preserved and enhanced. However, naively
sharing similar attention scores across layers can lead to performance degradation in shared
attention, especially as the number of shared layers increases. To address this issue, the
following sections introduce a knowledge distillation mechanism combined with continual
training, which significantly enhances the performance of shared attention.
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6.4 Method: Shared Attention

The goal of the proposed method is to reduce the computational complexity and memory
footprint of transformer-based LLMs by identifying and sharing similar attention patterns
across layers. We build upon the observation that many inner layers of these models
exhibit highly similar attention matrices, and we propose a framework that leverages this
similarity to share attention mechanisms across layers, reducing the number of parameters
and computational cost. The method is divided into two main stages: constructing a shared
attention student model and applying knowledge distillation from a pre-trained teacher
model.

6.4.1 Model Construction

The primary observation driving this work is the high similarity between the attention
matrices in the inner layers of transformer models. Specifically, we compute cosine similarity
between the attention matrices of different layers and find that many inner layers produce
nearly identical attention patterns. Based on this analysis, we design a shared attention
model similar to the approach described by [263] that optimizes computational efficiency
by sharing attention matrices across layers with high similarity.

To construct the student model, we retain the first and last few layers unchanged. To
determine which layers to retain, we compute the average cosine similarity of each layer
with all other layers, as depicted in Figure 6.1. The layers are then sorted based on their
similarity scores, and the cutoff point is set to the maximum distance between similarity
scores. Layers with smaller similarity scores are considered unchanged. Additionally, we
impose a constraint that the unchanged layers must be among the first or last layers. For
the inner layers, we implement a shared attention mechanism similar to the approach
described by [263]. Specifically, every k consecutive inner layers are grouped into what we
refer to as a shared attention block (see Figure 6.3-b), where attention matrices are shared
among these blocks. This design significantly reduces computational time and memory
footprint of the student model by avoiding the computation of separate attention matrices
for the shared layers and eliminating the K and () values in these layers, with minimal
impact on performance. The hyperparameter k controls the extent of model compression
achieved through this design.
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Shared Attention Blocks

In standard transformers, each layer computes its own attention matrix using the query,
key, and value matrices @Q);, K;, and V;. In the proposed shared attention model (see Figure
6.3b), for each shared attention block, a single set of () and K matrices is computed and
used for all layers within the block. This reduces the number of parameters and avoids
redundant computations of highly similar attention matrices.

Formally, the attention mechanism in standard transformers is defined as:

KT
Att; = softmax <QZKZ ) Vi
Vd

where ¢ is the layer index.

In our shared attention model, for every k consecutive layers with similar attention matrices,
we compute a shared attention mechanism as:

T
Qshared K.
Ashared = softmax (M)

Vd

Att] = Ashared‘/jy ] € [Z7Z + k]

where 7 is the shared attention block index.

Parameter Sharing Strategy

The parameter-sharing mechanism is controlled by a hyperparameter k, which dictates the
number of consecutive layers that share attention matrices. A larger value of k results in
more aggressive parameter sharing and greater model compression, while smaller values of
k preserve more unique attention patterns.

6.4.2 Knowledge Distillation

Once the shared attention student model is constructed, we employ a knowledge distilla-
tion approach to transfer knowledge from a pre-trained teacher model to the student model.
This process helps recover performance lost due to the parameter sharing and ensures that
the student model achieves competitive results.
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Distillation Setup

The knowledge distillation process consists of two stages:

e Stage 1: Distillation with teacher’s Pseudo-Labels In the first stage, the
student model is trained using the outputs of the teacher model as pseudo-labels.
Both the student and teacher models are fed the same input tokens, and the student
is trained to match the teacher’s output at multiple levels. Three loss functions are
used to guide the distillation process (see Figure 6.3c):

— Intermediate Layer Loss (£;): This loss aligns the intermediate layer outputs
of the student and teacher models for each shared attention block. We use mean
squared error to minimize the distance between the shared layers of the student
and the corresponding layers of the teacher.

1 m
L= o E | Skits(2) = Thivo(x) I3
i=1

where m represents the number of shared attention blocks, & denotes the number
of attention layers within each shared block, and b indicates the number of early
layers that are skipped. S; and Tj refer to the outputs of the student and teacher
models at layer j.

— Soft Label Loss (Ls): A KL-divergence loss is used to match the soft label
distributions of the student and teacher models. This loss ensures that the
student learns from the probability distributions produced by the teacher model.

Ls = KL(a(5(x))[lo(T(x)))

— Hard Label Loss (Ly): Cross-entropy loss is applied to distill hard labels
sampled from the teacher model into the student model. This step helps the
student model learn from the teacher’s confident predictions.

Ly = CE(a(5(x)), 7(T(2)))

The functions ¢ and 7 denote the softmax and argmax functions, respectively. and
S(x) and T'(x) are student and teacher models outputs.

The final loss function is a weighted combination of these three components:
L=al;+ BLs+vLy
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where «, §, and v are tunable coefficients controlling the contribution of each loss
function.

e Stage 2: Refinement with True Labels In the second stage, the student model is
further fine-tuned using the actual labels from the training dataset. This stage allows
the student to refine its predictions and improve its accuracy. Cross-entropy loss is
used for this step, and the student is trained to directly predict the true labels from
the input data.

6.5 Evaluations and Results

6.5.1 Experimental Setup

For all training experiments, we employed a subset of the Slim-Pajama dataset [221],
comprising over 3.7 billion tokens. During the knowledge distillation and continual training
stages, the models were trained for 1 epoch and 0.25 epochs, respectively, on this dataset.
A detailed list of the critical hyper-parameters used in our experiments is provided in Table
6.2. It is important to note that no hyper-parameter fine-tuning was applied during the
experiments. The hyper-parameters were kept consistent across all stages of training to
ensure that the results reflect the true performance of the models under identical conditions,
without any optimization specific to individual tasks or datasets. Additionally, we used
LLaMA-Factory for training [279] and LM-Evaluation-Harness [36] for evaluation.

6.6 Hyper-Parameters

The complete list of hyper-parameters used in our experiments is detailed in Table 6.2. It is
important to note that no hyper-parameter fine-tuning was applied during the experiments.
The hyper-parameters were kept consistent across all stages of training to ensure that the
results reflect the true performance of the models under identical conditions, without any
optimization specific to individual tasks or datasets.
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Table 6.1: Performance comparison of the Shared-Attention TinyLlaMA model across
different attention-sharing ratios in a zero-shot evaluation. The table presents accuracy
metrics obtained under continual training conditions without any knowledge distillation.
Baseline results are compared against three variations of the model with 77%, 41%, and
23% attention-sharing ratios.

Benchmark TinyLlaMA (baseline)Ours (77%) Ours (41%) Ours (23%)
mmlu 25.27£0.37 23.4440.36 25.05£0.37 25.43£0.50
winogrande 59.35£1.38 50.75£0.14 54.54+0.14 58.41+£1.39
swag 51.69£0.35 46.29+0.35 49.80+0.35 51.0+£0.35
hellaswag 46.40£0.05 36.5740.49 43.35+0.49 44.50£0.50
xnli _en 41.53£0.99 45.2240.01 52.6440.01 52.61+0.01
agieval en 17.03£0.01 16.77+0.01 17.39+0.01 17.19+0.01
Average 40.21 36.50 39.51 41.52

6.6.1 Results

To validate the efficacy of our model, we employ TinyLlaMA [273]* as our baseline LLM.
Tables 6.1 and 6.3 compares the accuracy of the baseline against its shared attention versions
where a certain percentage of attention layers are shared across the network, indicated
by the sharing ratios 77%, 41%, and 23%. Table 6.1 demonstrates the shared attention
performance with just continual training while Table 6.3 repeats the same experiments with
both knowledge distillation and continual training. The results show that with continual
training only, the model with a 23% sharing ratio outperforms the baseline, the 41% ratio
performs comparably to the baseline, and the 77% ratio underperforms. However, when
shared attention is combined with both knowledge distillation and continual training, the
models with 23% and 41% sharing ratios outperform the baseline, while the performance
gap for the model with 77% sharing is significantly reduced. The superior performance of
the models with 23% and 41% sharing ratios could be attributed to a slight regularization
effect of shared attention, as noted by [33]. In this context, sharing attention leads to a
reduction in the number of parameters, which may act as a form of regularization, thereby
enhancing model performance. Overall, the results indicate that knowledge distillation
coupled with continual training improves the performance of shared attention in all sharing
ratios.

Table 6.4 compares the baseline TinyLLaMA-1.1B model with its shared attention
versions, focusing on inference speed, training speed, and the reduction in the number

3https://huggingface.co/TinyLlama/TinyLlama_v1.1
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Table 6.2: List of essential hyperparameters used in the experiments, detailing the key
settings that governed model training.

Name Value

Optimizer AdamW

Deepspeed stage Zerod

Learning rate (Ir) le-4

Lr scheduling type Cosine

Max sequence length 2048

Global batch size 1024

FP16 True

Warmup ratio 0.005

[, B, 7] [0.25,0.25,0.5]

LlaMA-160m: Shared layer indices [4,6,8,10] out of 12 layers

(33%)

TinyLlaMA: Shared layer indices [2,5,4,3,7] out of 22 layers
(23%)

TinyLlaMA: Shared layer indices [2,5,4,3,7,6,18,9] out of 22 layers
(41%)

TinyLlaMA: Shared layer indices [2,5,4,3,7,6,18,9,8,11,12,1,17,10,14,13,16] out of
(77%) 22 layers
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Table 6.3: Performance comparison of the Shared-Attention TinyLlaMA model across
different attention-sharing ratios in a zero-shot evaluation. The table presents accuracy
metrics obtained under continual training conditions, coupled with knowledge distillation.
Baseline results are compared against three variations of the model with 77%, 41%, and
23% attention-sharing ratios, demonstrating the impact of varying the degree of attention

sharing on overall model performance.

Benchmark TinyLlaMA (base- Ours (77%) Ours (41%) Ours(23%)
line)

mmlu 25.27£0.37 24.55+0.36 25.96+0.37 25.94+0.50
winogrande 59.35£1.38 52.33£1.40 58.01+£1.39 58.36+£1.4

swag 51.69£0.35 47.96+0.35 50.33£0.35 50.78+0.35
hellaswag 46.40£0.05 38.56£0.49 43.8240.49 44.40£0.50
xnli _en 41.53£0.99 49.32+1.0 53.25+1.0 52.9740.01
agieval en 17.03£0.01 17.50£0.59 17.94+0.59 17.21+0.01
Average 40.21 38.37 41.55 41.61

of parameters. The shared attention models demonstrate notable improvements in both
inference and training speeds. Specifically, the model with 77% shared attention achieves the
highest performance gains, with a 42% increase in inference speed, reaching 40.50 tokens per
second, compared to the baseline’s 28.44 tokens per second. In terms of training efficiency,
this same model reduces the training time by 46%, completing the process in 23 hours and
30 minutes, down from the baseline’s 43 hours and 30 minutes. Additionally, the shared
attention models also exhibit a reduction in the total number of parameters. The 77%
shared attention model reduces the number of parameters by a 80 million, corresponding
to a 7.29% reduction. The other shared models follow a similar trend, with the 23% and
41% shared attention models achieving reductions of 24 million (2.14%) and 43 million
(3.86%) parameters, respectively. Overall, these results indicate that the proposed approach
of shared attention not only accelerates both inference and training processes but also leads
to a more parameter-efficient model, making it a promising technique for optimizing large
language models.

6.6.2 Ablation Study

This ablation study aims to determine whether continual training can enhance the per-
formance of our baseline model. To investigate this, we subjected our baseline model,
TinyLlaMA without attention sharing, to continual training using the same dataset and
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Table 6.4: Comparing the baseline TinyLlaMA-1.1B against its shared attention versions
in terms of speedup in training, inference, and the reduced portion of parameters. The
inference speed is reported based on one 32GiG-V100 GPU, and the training speed is
computed by eight 46GiG-L40-GPUs.

Model Inference Speed Training Speed Reduced Parame-
ters

TinyLlaMA (baseline) 28.44 token/sec 43h,30m None

Shared TinyLlaMA(23%)  30.99 (9%faster) 37h,30m 24 millions (2.14%)
(14%faster)

Shared TinyLlaMA(41%)  32.61 (15%faster)  32h,50m (25% 43 millions (3.86%)
faster)

Shared TinyLlaMA(77%)  40.50 (42%faster)  23h,30m 80 millions (7.29%)
(46%faster)

settings as the shared attention models. The results, presented in Table 6.5, indicate that
continual training not only fails to improve TinyLlaMA’s performance but actually leads to
a slight decrease in its average performance. Therefore, continual training does not benefit
the vanilla TinyLlaMA model and may even be detrimental under the conditions tested.

The next ablation study evaluates the impact of continual training on top of distillation
stage based on the performance of shared attention models. To that end, we employ LlaMA-
160m [171] and, first, train the shared attention version of this model with a sharing ratio of
33% (the indices of shared layers are: [4,6,8,10]) while excluding the continual training stage.
Let’s call this model as Distilled-Shared-Attn. Then, we allow the Distilled-Shared-Attn to
receive the continual training stage, and refer to this model by Continual-Distilled-Shared-
Attn. Table 6.6 demonstrates the performance of these two models and compare them with
the baseline, i.e. LlaMA-160m. The results clearly show that the shared attention models
achieve competitive performance compared to the baseline. Notably, the performance of
the shared attention models further improves when continual training is applied on top of
knowledge distillation, demonstrating the effectiveness of this approach in enhancing model
accuracy and generalization. This observation highlights the potential of shared attention
mechanisms in reducing model complexity without compromising performance, especially
when combined with advanced training techniques.
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Table 6.5: Zeros-shot evaluation of TinyLlaMA before and after continual training. No
attention sharing is applied here. The results demonstrate a slight decrease in average
performance, suggesting that continual training may not be beneficial for this model under
the tested conditions.

Benchmark TinyLlaMA-1.1B  (base- Continual trained TinyLlaMA
line)

mmlu 25.27+0.37 25.3940.37

winogrande 59.35+1.38 58.41+1.38

swag 51.6940.35 51.4440.32

hellaswag 46.40+0.05 46.10+0.05

agieval en 17.03+0.01 16.98+0.59

TruthfulQA mcl 22.28+1.50 20.69+1.40

Truthful QA mc2 35.09£1.40 34.08+1.40

Average 36.69 36.15

6.7 Conclusion

We investigated attention mechanisms in large language models and proposed a framework
that identifies and shares less important attentions, coupled with knowledge distillation
and continual training to recover performance. Our experiments demonstrated that, on
TinyLLaMA-1.1B, this approach improved average zero-shot performance, increased training
and inference speeds up to 42% and 46%, respectively, and reduced parameters by 7.29%.
These results highlight the effectiveness of selective attention sharing in enhancing model
efficiency without compromising performance.
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Table 6.6: Zero-shot evaluation of the Distilled-Shared LlaMA-160m in terms of accuracy
before and after continual training. Shared attention ratio is set to 33%. The results
indicate that continual training, when combined with knowledge distillation, outperforms
the approach where continual training is omitted from the shared attention training process.

Benchmark LlaMA-160m (base- Distilled-Shared-Attn  Continual-Distilled-
line) Shared-Attn
mmlu 23.02 22.97 22.97
winogrande 50.12 51.70 51.54
swag 40.21 36.39 38.91
hellaswag 30.94 29.32 29.92
agieval en 17.52 16.95 17.86
Average 32.36 31.46 32.24
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(a) Pythia-1B (b) TinyLlaMA-1B (c) LlaMA1-7B

(d) LIaMA2-7B (e) LIaMA2-7B Chat (f) LlaMA2-13B

Figure 6.2: Average cosine similarities between the attention matrices of different layers
in various LLMs, visualized as upper-triangle matrices. Each entry [i, j] represents the
similarity between the attention scores of layer ¢ and layer j, with higher values indicating
more similar attention mechanisms. The results highlight attention similarities in inner
layers, suggesting potential for sharing attention mechanisms to reduce computational
complexity.
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Figure 6.3: (a) A standard transformer block, which consists of a single transformer layer.
(b) A shared attention block, where multiple transformer layers utilize a single attention
mechanism. (c) The architecture of the student and teacher models used in the proposed

distillation method.
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Chapter 7

ECHO-LLaMA: Efficient Caching for
High-Performance LLaMA Training

7.1 Overview

Building on the previous chapters that reduce fine-tuning overhead (QDyLoRA, Sorted-
LoRA), accelerate decoding via selective computation (LoRA-Drop), and eliminate redun-
dant attention work through cross-layer reuse (EchoAtt), we now target a complementary
bottleneck that dominates both training and inference in Transformer decoders: the re-
peated construction and storage of per-layer key—value (KV) representations. This chapter
introduces ECHO-LLaMA, an efficient LLaMA architecture designed to improve both
training speed and inference throughput while maintaining learning capacity.

ECHO-LLaMA transforms LLaMA models by enabling shared KV caching across selected
layers, significantly reducing KV computational complexity while maintaining or improving
language performance. Experimental results demonstrate that ECHO-LLaMA achieves up
to 77% higher tokens-per-second throughput during training, up to 16% higher Model
FLOPs Utilization (MFU), and up to 14% lower loss when trained on an equal number of
tokens. Furthermore, on the 1.1B model, ECHO-LLaMA delivers approximately 7% higher
test-time throughput compared to the baseline. By introducing a computationally efficient
KV reuse mechanism, ECHO-LLaMA offers a scalable and cost-effective solution for pre-
training and fine-tuning large language models, enabling faster and more resource-efficient

training without compromising performance .

!This work was published at EMNLP 2025.
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Figure 7.1: ECHO-LLaMA architecture uses shared KV caching and is trained through layer-
wise adaptation, progressively converting pretrained LLaMA models into ECHO-LLaMA.
Sharing L — N KV-layers (total layers minus self-attention layers) reduces computational
overhead and improves inference speed.

7.2 Introduction

Large language models (LLMs) have shown remarkable success across a wide range of
natural language processing (NLP) tasks, including text generation [169], summarization
[275], and question answering and more [13]. Despite their capabilities, training and
deploying these models is highly resource-intensive, demanding significant computational
power and memory [51]. For instance, a transformers-based LLM requires about three
terabyte KV-cached memory for a model of size 500B with 8k context length and 128 batch
size [192]. Furthermore, the process of pretraining for LLMs is both resource and data
intensive [174, 105].

Several existing works have been proposed to address the challenge of improving
transformer efficiency [277, , , , 2, 95, 5], including GQKVA [118], Beyond
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KV Caching [156] and EchoAtt [197] that specifically share the attention weights across
layers to decrease computation and parameters; however, they still need to cache for V
matrices. YOCO (You Only Cache Once) is another similar work that investigates sharing
key-value (KV) caches across the second-half of layers (cross-decoder layers) while employing
windowed-attention for the first half; thereby gaining computational and memory efficiency
during training and inference [225]. YOCO models, however, use windowed self-attention,
which limits their ability to capture long-range token dependencies [21]|. Furthermore, they
apply shared KV caches to exactly half of the layers, enforcing a rigid and suboptimal
KV sharing strategy. This lack of flexibility is particularly problematic for edge devices,
which may benefit from adaptive KV sharing, allowing for shorter or longer KV reuse
based on resource constraints and workload demands. Inspired by YOCO, this chapter
introduces ECHO-LLaMA, an efficient modification of LLaMA architectures that focuses
on having efficient training and pretraining processes of LLaMA models. ECHO-LLaMA
leverages a caching strategy where KV representations are shared across cross-decoder layers
(typically the second half of the LLaMA layers), effectively reducing memory overhead and
computational redundancy. Despite cross-decoder layers, the model remains strictly causal
and retains the standard autoregressive masking used in LLaMA architectures.

Unlike the original YOCO approach [225], which is designed for training models from
scratch, ECHO-LLaMA extends this methodology to pre-trained LLaMA models, enabling
a more efficient adaptation without requiring full re-training. This is achieved through
incremental adaptation, a strategy that incrementally transitions pre-trained LLaMA models
into the ECHO architecture while maintaining or improving their language capabilities. The
results demonstrate significant improvements in training throughput (up to 77%), Model
FLOPs Utilization (MFU, up to 16%), and lower loss (up to 14%) compared to baselines.
Moreover, ECHO-LLaMA achieves faster test-time throughput (approximately 7% on the
1.1B model), further showcasing its effectiveness for large-scale model deployment. By
reducing training costs, accelerating inference, and preserving model performance, ECHO-
LLaMA represents a scalable and practical solution for optimizing pre-trained large language
models.

The proposed ECHO-LLaMA framework offers several significant advantages. First, it
achieves faster inference without sacrificing language performance. Second, it reduces the
need for heavy pre-training, making it a practical approach for building efficient versions
of LLaMA models. Third, experiments conducted on "Nvidia-V100 GPUs" and "Huawei
Ascend NPU-910B" devices show that ECHO-LLaMA consistently achieves higher training
throughput and competitive performance compared to LLaMA baselines. Additionally,
the results demonstrate the ability of the proposed framework to maintain or improve
model performance while reducing computational costs. Hence, the main contributions of
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this work are summarized as follows: 1) We propose ECHO-LLaMA, an efficient LLaMA
architecture that shares KV caches across selected set of layers to reduce computational
redundancy. 2) ECHO-LLaMA employs a layer-wise incremental adaptation for the training
strategy to efficiently convert pre-trained LLaMA models into the ECHO-LLaMA structure.
3) This approach significantly improves training throughput and inference speed without
compromising language performance. 4) Extensive experiments demonstrate higher model
FLOPs utilization, lower loss, and increased tokens-per-second throughput compared to
baseline models.

7.3 Proposed Method

This section introduces our efficient framework for converting pretrained LLaMA models
into ECHO-LLaMA architectures through incremental layer-wise adaption. The core idea
consists of two parts: 1) the ECHO-LLaMA architecture and 2) layer-wise incremental
adaptation strategy. Figure 7.1 illustrates the workflow of the ECHO-LLaMA, in which
the first half of the layers remains full self-attention with full KV caches, and the second
half of layers are gradually converted into cross-decoders with only one set of global KV
caches. Each cross-decoder layer uses the global KV, computing by linearly transforming
the output of the middle layer followed by an RMS normalization [271].

Given an input sequence of token embeddings z1, 2, . .., z, € R%, where d is the hidden
size, the first N layers of an ECHO-LLaMA model (out of a total of L layers) operate
similarly to standard LLaMA layers. The parameter N € {L/2,..., L} is a hyperparameter
that controls the extent of KV sharing in ECHO-LLaMA. Let’s X;_; be the output of layer
[ — 1, which would be the input to layer I. Therefore, for an input X; 1, 1 € {0,1,..., N},
we have:

X/ = Self-Attn(RMSNorm(X;_1)) + X;_1, (7.1)
X; = SFF(RMSNorm(X))) + X]. '
T
Self-Attn(X) = softmax(%) XWy. (7.2)

where W, Wi, Wy, € Rémodaerdk -, represents the dimensionality of the key and query
vectors, typically set as dy = % and h is the number of attention heads. The LLaMA
MLP module is a SiLU [70] activated feed forward module, SFF(X), consisting of a gate
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projection, an up projection, and a down projection. Given an input tensor X, the MLP
transformation is defined as:

SFF(X) = Waown (SiLU(WgateX + byate)®
(7.3)
(WupX + bup)) + bdown

where Wyate € R by € R%» (bias for gate projection parameters), W,, € R
by € R%» (up projection parameters), Waoyn € R™»*4 by, € R? (down projection
parameters), and ® represents the element-wise Hadamard product.

The output of layer-N, i.e. Xy, is then passed through global W and WV followed by
RMS normalization, creating one shared KV for the rest of layers. In other words, layers
[ € {N+1,..., L} use the same KV matrices and, therefore, compute cross attention between
query and shared KV. This modification allows LLaMA models to save KV cache memory
and increase both training and inference speed. Assuming Xy as the output of layer N,
the shared KV in ECHO-LLaMA is computed as follows:

K giared = RMSNorm(WgﬁbalXN)

Vihared = RMSNorm(W‘fobalX N)

g

where nglf)bal and Wg‘fobal follows the same size as WX and WV. We further modify the
LLaMA architecture to compute cross attention between query and shared-KV as follows:

Cross-Attn(X, Khared, Vsnared) = softmax (MW) Vishared- (7 . 6)

As depicted in Figure 7.1, the output of cross attention is then added by a residual and
passed through RMS normalization and SFF module.

7.3.1 Incremental Adaptation Strategy

ECHO-LLaMA leverages incremental adaptation from a pre-trained LLaMA model. Denote
the parameters of layer ¢ by ). The layers {1,..., L} are partitioned into ordered blocks
{B1, By, ...}, where each block B, is adapted in a separate stage. In our experiments, we
assume the size of B,, is 1. The incremental adaptation process is defined as follows:
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Algorithm 4 Incremental Adaptation for ECHO-LLaMA

1: Pretrained model Fy_, total layers L, threshold layer N for cross-decoder conversion,
token budget per stage Tstage = 4M, training steps per stage S ~ 150, final token budget
7¥1na1 ~ 4B

Adapted model Fy

Initialize: Fy < Fo,,.

Define adaptation range: R <~ {¢(|¢{=L,L —1,...,N} £ € R (in descending order)
Convert layer ¢ into a cross-decoder layer in Fy

Update parameters ) by minimizing

min £ (.7:9, Dg)
0(0)

for S steps on a token set of size Tgiage
7: Fine-tune JF for 1 epoch on a token set of size Tgnal

8: Fy

[label=1.]

1. Initialization: For all ¢, set ) «+ 0l

pretrained*

2. Stage m Update: For each ¢ € B,,, update 6(°) via gradient descent on a data subset
D,, C D, while keeping parameters in layers ¢ ¢ B,, frozen.

The stage-m objective is:
min E(]—"g, Dm>. (7.7)
{0 :0eBm}

The overall training objective is defined as the cross-entropy loss:

[:(9, D) = Z(xi,yi)ED ZtT;l - log Pe(yi,t ’ Ly yi,l:t—l) (78)

where T; is the target sequence length for the ith sample. During incremental adaptation,
only the parameters in the current block B,, are updated. Algorithm 4 outlines the
incremental adaptation strategy used to transform a pre-trained LLaMA model into the
ECHO-LLaMA architecture. Starting with the pretrained model Fy ., we define an
adaptation range

re )

R={¢|¢=LL—1,... N}

81



Model ‘ CQA ‘ BQ WG ‘ PiQA ‘ Arc_c ‘ Arc_e ‘ OBQA HS | Avg. Acc Throughput Improvement
Zero-Shot Results
TinyLLaMA (Baseline) 20.15 | 56.02 | 59.35 | 72.63 32.68 55.47 36.80 | 61.47 49.32 NA
TinyLLaMA (Baseline+CT) 20.06 | 55.84 | 59.34 | 7241 32.53 55.35 36.73 61.35 49.20 NA
ECHO-TinyLLaMA-25%-Shared-KV | 20.72 | 58.86 | 59.75 | 73.45 | 33.19 54.12 36.40 59.01 49.44 3.35%
ECHO-TinyLLaMA-50%-Shared-KV | 20.64 | 58.69 | 58.96 | 73.72 | 31.74 53.54 35.00 59.01 48.91 7%
5-Shot Results

TinyLLaMA (Baseline) 19.0 | 62.11 | 62.12 | 74.65 36.43 69.23 38.20 62.19 52.98 NA
TinyLLaMA (Baseline+CT) 18.88 | 62.10 | 62.08 | 74.68 | 36.41 69.20 38.21 | 62.20 52.97 NA
ECHO-TinyLLaMA-25%-Shared-KV | 19.10 | 63.41 | 62.16 | 74.67 | 36.50 68.14 36.89 59.35 52.53 3.35%
ECHO-TinyLLaMA-50%-Shared-KV | 18.10 | 62.39 | 61.48 | 73.78 | 36.35 66.20 37.00 | 59.93 51.79 7%

Table 7.1: Zero-shot and 5-shot evaluation results for different models across multiple
benchmarks. The last column reports the test throughput improvement compared to the
baseline in terms of generated tokens per seconds. NA means not applicable. CT means
continual training on the same dataset as ECHO versions. Additional evaluation results on
larger models and more diverse datasets are included in Section 7.7.

where L is the total number of layers and N is the target layer at which adaptation stops.
In general, each layer ¢ € R can be grouped as a block B, in a block-wise incremental
adaptation strategy. For each layer (or block B,,) in R, the standard self-attention is
converted into cross-attention by introducing global shared KV matrices. The parameters
0 of the converted layer are then updated by minimizing the loss function

c (fg, Dg)

for S ~ 150 steps using a token budget of Tgage =~ 4M tokens. This incremental update
enables the model to effectively adapt to the new cross-attention mechanism while mitigating
catastrophic forgetting [130].

Once all layers in R have been incrementally adapted, the entire model Fy undergoes a
final fine-tuning phase for one epoch on a larger token set (T, ~ 4B tokens). This final
phase allows the model to further refine its representations, stabilize training dynamics, and
enhance overall generalization for downstream tasks. By incrementally updating layers (or
blocks) with approximately 150 training steps per stage, the method achieves a favorable
balance between computational cost and performance, preserving critical information flow
and ensuring robust cross-attention mechanisms.
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Model Train Loss | MFU (%) NPU-910B | MFU (%) V100 (SDPA)
NPU GPU| 1 4 8 1 4 8
LLaMA-125M (base) | 5.25 5.06 |14.35 9.19 833 |23.59 22.30 21.96
ECHO-LLaMA-125M | 5.28 5.08 |14.49 9.62 945 [24.32 22.73 22.25
TinyLLaMA (base) | 4.65 4.97 |24.17 22.11 2219 |34.34 34.33 LSE
ECHO-TinyLLaMA | 445 4.67 |27.10 27.98  22.51 |39.32 34.42 LSE
LLaMA-3B (base) | 425 4.68 |29.36 32.21  30.89 |OOM 35.31 34.01
ECHO-LLaMA-3B | 4.15 470 |30.78 48.31  46.34 |OOM 37.34 36.05
LLaMA-7B (base) | 3.90 4.56 |OOM 3878  35.07 |OOM OOM  31.67
ECHO-LLaMA-7B | 3.34 4.00 |3558 LSE 3553 |OOM OOM 3574

Table 7.2: Unified comparison across NPU-910B and V100 (sequence length = 2048). MFU
is reported for 1, 4, and 8 devices; OOM = out-of-memory, LSE = loss-scale error. All
models were trained under an equal budget; best numbers per row are bold in the source
data.

Memory Footprint

In a standard LLaMA model, each layer ¢ has its own key and value projection matrices,
incurring a memory cost proportional to:

L x (2d%).
where p is sharing ratio. For ECHO-LLaMA, with partial KV sharing, the cost becomes:
(1 —p)L x (2d?) + 2d>.
Thus, the ratio of KV memory usage in ECHO-LLaMA versus the baseline is:

(1—p)L x 2) + 28 1
I x (24 =(1-n+7

For large L, this ratio approximates 1 — p.
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7.4 Experiments

Benchmarks- The evaluation benchmarks used to assess the performance of ECHO-
TinyLLaMA 2 span a wide range of natural language understanding tasks, ensuring compre-
hensive coverage of different linguistic and reasoning challenges: CommonsenseQA (CQA),
BoolQ (BQ), Winogrande (WG), PiQA, ARC _c and Arc_e (challenge and easy), Open-
BookQA (OBQA), and HellaSwag (HS). These benchmarks collectively test the model’s
strengths in commonsense reasoning, linguistic understanding, and scientific knowledge
application.

Robo-Instruct Benchmark. The Robo-Instruct dataset [111] is a recent benchmark
designed for robotic and mechanical domains, focusing on aligning natural-language task
instructions with executable robot programs. Each example contains (i) a natural-language
prompt describing a robot’s task (e.g., navigation, manipulation, or perception), (ii) the
corresponding Python-like program implementing that task using a set of domain-specific
robot APIs, and (iii) a tezt field defining available functions and their docstrings. The
dataset thus enables instruction-to-code learning for robots, allowing models to interpret
commands and generate control programs that can be simulated or executed in real robotic
environments. Robo-Instruct also includes a simulation-based evaluation pipeline, where
generated programs are tested in a virtual environment (RoboSim?) to verify logical
correctness and environmental feasibility before inclusion in the dataset.

For example, the instruction “Get a list of all the rooms in the building. For each room,
check if there is a chair and a table. If a room has both, say ‘Room [room name] has a
chair and a table’.” corresponds to the following verified robot program:

def task program ():
list of rooms = get all rooms()
for room in list of rooms:
go_to(room)
if is _in _room("chair") and is_in_ room("table"):
say ("Room_" + room + "_has_a_chair_and_a_table")
go_to(get current location())

2Converting from TinyLLaMA-1.1B https://huggingface.co/TinyLlama/TinyLlama_v1.1
3Code is available at: https://github.com/ut-amrl/robo-instruct

84


https://huggingface.co/TinyLlama/TinyLlama_v1.1
https://github.com/ut-amrl/robo-instruct

This task demonstrates the mapping from high-level mechanical reasoning in language to
actionable procedural control, which can be evaluated automatically through simulation
success rates (e.g., pass@1) or semantic alignment between instructions and generated code.

TinyLLaMA MFU- The MFU for the original TinyLLaMA and ECHO-TinyLLaMA
was evaluated on different configuration of Nvidia-V100 GPUs and Ascend-910B NPUs,
different batch sizes, fixed sequence length of 2048, and 100 training steps. We use the
MFU calculation script from LLaMA-Factory repository [279] . However, in case of the
device types (GPU or NPU), this script needs several modification before computing MFU,
including setting precision to fp16, increasing the number of workers for data pre-processing,
setting the finetuning type to full, and updating the theoretical FLOPs based on your
computing devices.

Language Model Evaluations- We used LM-Harness repository as an evaluation tool to
assess the language performance of different ECHO-LLaMA architecture [30]. °

To evaluate the effectiveness of our incremental training strategy, we incrementally
applied the training on approximately 4 billion tokens © | initializing the ECHO-TinyLLaMA
models from the baseline weights [I|. We experiment for flexibly growing KV sharing
architectures allowing the cross-decoders to be used for 25% and 50% of the layers in
contrast to a fixed sharing size of YOCO. For 25% configuration, only the last 25% of layers
are converted into cross-decoder layers. In the case of the 50% configuration, the entire
second half of the layers are transitioned into cross-decoders.

The evaluation results, presented in Table 7.1, demonstrate that ECHO-TinyLLaMA
with 25% shared cross-decoders consistently outperforms the baseline in both
zero-shot and 5-shot settings, achieving the highest average accuracy in the zero-shot case
and performing competitively in the 5-shot scenario. Notably, ECHO-TinyLLaMA with
50% cross-decoders closely matches the baseline performance in both evaluation setups,
with an average accuracy gap of less than 0.5% in the zero-shot setting and about 1.2%
in the 5-shot case. Despite this negligible drop, the 50% configuration delivers a 7%
throughput improvement, highlighting its effectiveness in balancing generation speed
with competitive accuracy. To rule out the possibility that the gains are due to training
length or configuration, we ran a continual training (CT) experiment on the baseline using
the same dataset as ECHO-LLAMA. As shown in Table 7.1, CT provided no meaningful
improvements and in some tasks even slightly reduced performance.

4Please see cal _mfu.py in their repository.

5We acknowledge that a direct comparison with YOCO models would be valuable; however, no official
checkpoints have been released publicly, preventing such an evaluation. A direct comparison with YOCO
models was not possible, as no official checkpoints for YOCO have been released publicly.

6Taken from https://huggingface.co/datasets/cerebras/SlimPajama-627B/tree/main/train
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Figure 7.2: Comparison between of training throughput (Tokens/sec) and final loss for
ECHO-LLaMA models and their baselines. ECHO versions consistently achieve lower loss
with higher or comparable Tokens/sec speed. Each model is pretrained from scratch on
4B tokens through 1000 steps. Values on top each set of bars shows train token/second
throughput.

Section 7.7 includes more results on larger models and more diverse datasets. Moreover,
Section 7.7.3 provides a comparison results showing that the incremental strategy outper-
forms the full-stage approach, where all designated layers are converted to shared-KV at
once.

Efficiency Comparison-Table 7.2 provides a detailed comparison between ECHO and
non-ECHO versions of LLaMA models of four sizes of parameters: 125M, 1.1B, 3B, and 7B.
The experiments were conducted on two devices: Ascend-910B 7 and Nvidia V100, each
using up to 8 devices. The comparison metrics include training loss at equal train steps
and training MFU. From the results, we observe the following trends: NPU-910B: The
ECHO-LLaMA models consistently outperform the non-ECHO counterparts across all LLM

"Fused Attention is employed as an attention acceleration mechanism
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sizes. ECHO-LLaMA models achieve lower loss values and up to 15% improvements in
MFU, as evidenced by reductions in Train Speed sec/step and increases in Train Token/sec.
For example, ECHO-LLaMA-3B improves the MFU by 15%. GPU-V100: The ECHO
versions are comparable to or better than the non-ECHO counterparts in training loss.
Additionally, ECHO-LLaMA models generally achieve higher training MFU, up to 4%.

To further examine the effectiveness of KV-sharing strategies, we implemented a YOCO
variant of TinyLLaMA by converting the pretrained TinyLLaMA into a YOCO structure
(sharing KV across the last half of layers) and then continually training it on 4B tokens using
the same dataset as ECHO. As shown in Table 7.4, YOCO-TinyLLaMA underperforms
compared to both the baseline TinyLLaMA and our ECHO-TinyLLaMA variants. In
contrast, ECHO consistently improves accuracy across most benchmarks in both zero-shot
and 5-shot settings, indicating that incremental adaptation via ECHO provides a more
effective approach than YOCO-style sharing at this scale.

To evaluate the impact of ECHO on long-context performance, we further conducted
experiments on the LongBench-V2 benchmark using LLaMA-3.2-8B and its ECHO variants.
The zero-shot results are reported in Table 7.3. As reported in the table, with 25% KV
sharing, the scores across all difficulty levels remain almost identical to LLaMA-3.2-8B,
indicating that ECHO can be applied without sacrificing long-context capability. At 50%
sharing, we observe modest drops, particularly on the medium and long subsets, suggesting
that more aggressive sharing introduces some trade-offs in handling extended sequences.
Additional evaluations on coding and other benchmarks are provided in Table 7.6 and
Table 7.7 in the Section.

Model Easy (%) | Hard (%) | Short (%) | Medium (%) | Long (%)
LLaMA-3.2-8B 30.6 29.5 35.1 27.8 25.7
ECHO-LLaMA-3.2-8B-25% 29.7 28.8 35.1 27.5 25.7
ECHO-LLaMA-3.2-8B-50% 28.4 26.7 33.6 26.1 23.8

Table 7.3: Zero-shot performance of LLaMA-3.2-8B and ECHO variants on LongBench-V2.

Results are reported as accuracy (%).

In another experiment, ECHO-LLaMA is evaluated on Robo-Instruct Benchmark. The
results in Table 7.5 clearly demonstrate that the proposed ECHO-LLaMA framework
maintains or improves task performance while substantially reducing key—value (KV)
memory usage, thus achieving a favorable trade-off between accuracy and efficiency in
robotic reasoning tasks. Across all evaluated models, the 25% KV-sharing configuration
consistently outperforms or matches the baseline LLMs under both zero-shot and few-shot
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Model

Zero-Shot Results
TinyLLaMA (Baseline) 20.15 | 56.02 | 59.35 | 72.63 | 32.68 | 55.47 | 36.80 | 61.47 49.32
YOCO-TinyLLaMA 18.23 | 53.65 | 55.19 | 68.88 | 28.56 | 51.43 33.73 57.97 45.95
ECHO-TinyLLaMA-25% KV | 20.72 | 58.86 | 59.75 | 73.45 | 33.19 | 54.12 36.40 59.01 49.44
ECHO-TinyLLaMA-50% KV | 20.64 | 58.69 | 58.96 | 73.72 | 31.74 | 53.54 35.00 59.01 48.91
5-Shot Results
TinyLLaMA-1.1B (Baseline) | 19.00 | 62.11 | 62.12 | 74.65 | 36.43 | 69.23 | 38.20 | 62.19 52.98
YOCO-TinyLLaMA 17.25 | 59.71 | 58.80 | 71.45 | 34.63 | 63.97 35.12 55.32 49.53
ECHO-TinyLLaMA-25% KV | 19.10 | 63.41 | 62.16 | 74.67 | 36.50 | 68.14 36.89 59.35 52.53
ECHO-TinyLLaMA-50% KV | 18.10 | 62.39 | 61.48 | 73.78 | 36.35 | 66.20 37.00 59.93 51.79

CQA | BQ | WG | PiQA Arcc|Arc-e OBQA | HS | Avg. Acc

Table 7.4: Comparison of TinyLLaMA, YOCO-TinyLLaMA, and ECHO-TinyLLaMA in
zero-shot and 5-shot settings across multiple benchmarks (accuracy).

settings, confirming that partial KV reuse preserves representational fidelity while reducing
inference-time computation. For instance, ECHO-CodeLlama-7B (25% KV) achieves an
average pass@1 score of 63.01—an improvement over the baseline 62.15—despite operating
with only one quarter of the original cache size. A similar pattern is observed for Llama-3-8B
and Qwen-7B, where 25% KV sharing yields 0.7-0.8 percentage-point gains on average. In
contrast, excessive sharing (50% KV) slightly degrades accuracy, suggesting that optimal
sharing ratios depend on model capacity and domain complexity.

From a mechanical-domain perspective, these findings underscore the practicality of ECHO-
LLaMA for embodied and robotic systems, where compute and memory budgets are
constrained by onboard hardware. By enabling efficient context reuse without significant
accuracy loss, ECHO-LLaMA enhances the viability of large language models as real-time
task planners and controllers in robotic manipulation, navigation, and multi-step reasoning
environments. The method thus bridges the gap between instruction-following language
models and resource-efficient robotic intelligence.

7.5 Discussion

One of the main advantages of ECHO-LLaMA over YOCO models is its flexibility in choosing
a balance between attention layers and cross-attention layers based on end-user needs. Unlike
YOCO models, which rigidly apply shared-KV caching to a fixed subset of layers, ECHO-
LLaMA allows dynamic allocation of self-attention and cross-attention mechanisms. This
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Table 7.5: Performance comparison of Robo-Instruct fine-tuned LLMs with their ECHO
version on the ROBOEVAL benchmark (pass@1). The ECHO results are reported only at
25% and 50% of KV sharing. The generation temperature is set at zero. The dataset and
evaluation strategy are based on the instruction reported at Ref. [111].

Model Zero-shot 5-shot Average

CodeLlama-7B 61.15 63.14 62.15
ECHO-CodeLlama-7B (25% KV) 61.78 64.23 63.01
ECHO-CodeLlama-7B (50% KV) 60.21 61.43 60.82

Llama-3-8B 58.65 60.19  59.42
ECHO-Llama-3-8B (25% KV) 59.11 6121  60.16
ECHO-Llama-3-8B (50% KV) 57.17 58.35  57.76
Qwen-7B 61.25 63.37  62.31
ECHO-Qwen-7B (25% KV) 61.54 64.05  62.80
ECHO-Qwen-7B (50% KV) 59.76 60.44  60.10

adaptability enables fine-tuning for different deployment scenarios—whether prioritizing
efficiency on resource-constrained edge devices or maximizing performance in high-compute
environments. Additionally, the ability to configure attention structures per task allows
ECHO-LLaMA to optimize both inference speed and long-range dependency modeling,
making it a more versatile solution across diverse workloads. Another key advantage of
ECHO-LLaMA over YOCO models is its cost-effective adaptation strategy. While YOCO
models require training from scratch or extensive modifications to integrate their fixed
KV-sharing mechanism, ECHO-LLaMA leverages incremental adaptation to efficiently
transform a pretrained LLaMA model into its structured format. This eliminates the
need for expensive full-scale pretraining while maintaining—or even surpassing—baseline
performance. Our experiments on TinyLLaMA demonstrate this efficiency, where a 25%
KV-sharing configuration slightly outperformed the baseline in language modeling, and
a 50% KV-sharing configuration achieved comparable performance, all while significantly
improving inference speed and KV cache efficiency.

The 77% speed-up shown in Figure 2 (from 200k to 355k tokens/sec) corresponds to
the ECHO-LLaMA-125M model, a relatively small-scale system with 125M parameters.
At this scale, KV projection and caching account for a large share of both memory and
compute relative to Feed Forward modules (FFs), making KV-sharing highly impactful for
throughput. As model size grows, however, FFs dominate in parameters and computation,
reducing the relative benefit of KV-sharing. This trend is reflected in our MFU and
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throughput results across model sizes, as reported in Table 7.2 and Section 7.8.

7.6 Conclusion

We present ECHO-LLaMA, a flexible cross-layer KV-sharing framework designed to address
key inefficiencies in LLM training and inference. Unlike prior methods that rely on fixed
architectures, ECHO-LLaMA enables seamless adaptation of existing pretrained LLaMA
models through a layer-wise incremental training strategy. Evaluated across model sizes
from 125M to 7B parameters, our approach delivers up to 50% faster training and 7% higher
throughput at comparable or better language modeling performance. The 25% and 50%
cross-decoder sharing configurations highlight the scalability—efficiency trade-offs available
to practitioners.
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Limitations

The proposed framework relies on the availability of pre-trained models, which inherently
constrains its applicability to scenarios where such models are accessible. Additionally,
although the ECHO-LLaMA adaptation reduces computational overhead and improves
inference speed, the reliance on shared key-value caching may introduce challenges for
extremely long sequence tasks, where memory bottlenecks could still occur. Furthermore,
the evaluation primarily focuses on zero/few shot performance and model efficiency, leav-
ing broader generalization capabilities (e.g., domain adaptation or multi-task learning)
unexplored.

7.7 More Evaluation on ECHQO Architecture

To further validate the effectiveness and generalizability of our proposed ECHO mechanism,
we applied it to multiple publicly available models with LLaMA-style architectures. Table
7.6 presents a detailed comparison of baseline models and their ECHO-enhanced counterparts

across a broad range of standard evaluation benchmarks, including MMLU [101, 99], C-
Eval [113], GSM8K [57], MATH [102], HumanEval [16], and MBPP [16, 233].
We examine LLaMA2-7B [233]. The results show that applying ECHO with 25% shared

cross-decoder layers leads to a consistent improvement in average performance (22.56 vs.
22.15), with minor gains across multiple tasks. However, pushing to 50% shared layers
introduces degradation (average drops to 21.26), suggesting that over-sharing can hurt
task-specific expressivity at this scale.

Given that the Qwen models [19] adopt a transformer architecture closely aligned with
LLaMA—including the use of rotary positional embeddings and RMSNorm—we extended
the ECHO framework to Qwen-1.8B and Qwen-7B as well. For Qwen-1.8B, applying ECHO
with 25% shared decoders marginally improves the average score (27.8 vs. 27.5), while the
50% configuration results in performance decline. Similar trends hold for Qwen-7B, where
the 25% variant achieves the best overall average (41.31), modestly surpassing the baseline,
while the 50% configuration again incurs noticeable drop-offs.

These results collectively reinforce two key findings: (1) ECHO reliably improves
efficiency without sacrificing performance when applied conservatively (e.g., 25% sharing),
and (2) the technique is transferable across architectures that share foundational transformer
principles, such as LLaMA and Qwen.
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Model MMLU (5-shot) | C-Eval (5-shot) | GSM8K (8-shot) | MATH (4-shot) | HumanEval (0-shot) | MBPP (3-shot) | Avg.
LLaMA2-7B (baseline) 46.8 32.5 16.7 3.3 12.8 20.8 22.15
ECHO-LLaMA2-7B-25% 46.9 334 17.2 3.6 13.5 20.8 22.56
ECHO-LLaMA2-7B-50% 46.2 31.8 15.6 2.1 12.2 19.7 21.26
Qwen-1.8B (baseline) 45.3 56.1 32.3 2.3 15.2 14.2 27.5
ECHO-Qwen-1.8B-25% 45.8 56.3 32.6 24 15.5 14.7 27.8
ECHO-Qwen-1.8B-50% 44.1 54.7 30.8 1.8 13.9 12.7 26.33
Qwen-7B (baseline) 58.2 63.5 51.7 11.6 29.9 31.6 41.08
ECHO-Qwen-7B-25% 58.4 63.8 52.4 12.1 29.7 3L.5 41.31
ECHO-Qwen-7B-50% 57.3 62.2 50.4 10.4 28.6 29.8 39.78

Table 7.6: Evaluating the generalizability of the ECHO mechanism across LLaMA and
Qwen architectures on diverse reasoning and coding benchmark. The results are reported
in terms of accuracy.

Model MMLU (5-shot) | AGIEval-En (5-shot) | Arc-c (25-shot) | SQuAD (1-shot) | Avg.
LLaMA3.2-1B (baseline) 32.1 23.1 32.7 49.0 34.22
ECHO-LLaMA3.2-1B-25% 32.4 23.3 32.6 49.3 34.40
ECHO-LLaMA3.2-1B-50% 31.3 21.5 30.4 47.8 32.75
LLaMA3.2-3B (baseline) 58.0 39.1 69.1 67.7 58.47
ECHO-LLaMA3.2-3B-25% 58.3 39.2 69.0 67.6 58.52
ECHO-LLaMA3.2-3B-50% 56.7 37.3 68.1 65.7 56.95
LLaMA3.2-8B (baseline) 66.7 47.7 79.6 69.7 65.92
ECHO-LLaMA3.2-8B-25% 66.8 47.9 79.5 69.9 66.02
ECHO-LLaMA3.2-8B-50% 65.4 47.1 78.4 68.4 64.82

Table 7.7: Evaluating the generalizability of the ECHO mechanism across several LLaMA3.2
models on diverse benchmark. The results are reported in terms of accuracy.

7.7.1 Training Efficiency and Performance Comparison of ECHO-
LLaMA Models

To further illustrate the efficiency of the ECHO-LLaMA models, we compare the training
throughput (Tokens/sec) and the final loss for different model sizes. Figure 7.3 shows the
performance comparison across all four LLM sizes (125M, 1.1B, 3B, and 7B) and their ECHO-
LLaMA counterparts. The results demonstrate that the ECHO-LLaMA models consistently
achieve lower final loss compared to the non-ECHO versions while achieving higher or
comparable throughput (Tokens/sec). For instance, ECHO-LLaMA-125M improves the
training throughput by a significant margin while maintaining a comparable loss, and ECHO-
LLaMA-7B reduces the loss substantially with a moderate improvement in throughput.
These findings highlight the effectiveness of the ECHO structure in achieving better
optimization efficiency during training.
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Figure 7.3: Comparison of training throughput (Tokens/sec) and final loss for ECHO and
non-ECHO models on NPU-910B. ECHO-LLaMA versions consistently achieve lower loss
with higher or comparable Tokens/sec speed.

7.7.2 Performance Evaluation of ECHO-LLaMA Structure During
Pretraining from Scratch

In this section, we evaluate the performance of our ECHO-LLaMA structure during
pretraining from scratch for different sizes of large language models (LLMs): 125M, 1.1B,
3B, and 7B. The experiments are conducted on two hardware platforms: GPU (V100) and
NPU (Ascend-910B). For each LLM size, we analyze the training dynamics using three
types of plots:

1. Train Loss per Steps: Tracks the training loss as a function of the number of
training steps.

2. Train Loss per Train Time: Evaluates the relationship between training loss and
the elapsed training time.

3. Train Loss per Number of Train Tokens: Measures how efficiently the model
learns as a function of the number of processed tokens.
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To compare GPU and NPU performance across different LLM sizes, we organize the
results in a structured figure layout. Figures 7.4, 7.5, 7.6, and 7.7 present the results, where
Each model size has a separate figure, and each figure contains two rows:

e The first row contains plots for GPU (V100).

e The second row contains plots for NPU (910B).

Within each row, there are three subfigures, corresponding to the three types of plots. The
left subfigure illustrate the training loss behavior in terms of training steps, the middle
subfigure describes the training loss in terms of time, and the right one shows the same loss
in terms of number of training tokens. As the plots depicts, the ECHO versions suppress or
compete with the baselines, particularly in 7B model size. This observation shows that by
increasing the size of model, the impact of ECHO-LLaMA becomes more strong. This is
because in larger model sizes, the memory and compute demands grow significantly, making
efficient KV sharing crucial for reducing memory overhead and improving throughput.

LLaMA-125M Model Training Results

Loss Curve in terms of Trained Tokens

wamarzsM s

GPU (V100) Results

[ B SPN

NPU (910B) Results

Figure 7.4: Training results for the LLaMA-125M LLM on GPU (V100) and NPU (910B).
The columns represent (1) Train Loss vs. Steps, (2) Train Loss vs. Train Time, and (3)
Train Loss vs. Number of Train Tokens.
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TinyLLaMA-1.1B Model Training Results
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Figure 7.5: Training results for TinyLLaMA-1.1B LLM on GPU (V100) and NPU (910B).
The columns represent (1) Train Loss vs. Steps, (2) Train Loss vs. Train Time, and (3)
Train Loss vs. Number of Train Tokens.

7.7.3 Comparison of Incremental vs. Full-Stage Shared-KV Fine-
Tuning

To evaluate the effectiveness of incremental strategy for applying shared key-value (KV)
representations, we compare Incremental Sharing, where shared-KV layers are introduced
gradually during training starting from the final layer, and Full-Stage Sharing, where
a fixed subset of layers (25% or 50%) are converted to shared-KV at once and jointly
fine-tuned.

Figures 7.8 and 7.9 present the results for zero-shot and 5-shot evaluations across diverse
benchmark datasets. Incremental Sharing consistently outperforms Full-Stage Sharing at
both 25% and 50% sharing ratios, indicating that incremental adaptation enables the model
to better preserve pre-trained knowledge while integrating structural modifications. This
improvement is most notable in datasets such as Arc-c and OBQA, where the performance
gap exceeds 2%.
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LLaMA-3B Model Training Results
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Figure 7.6: Training results for LLaMA-3B on GPU (V100) and NPU (910B). The columns
represent (1) Train Loss vs. Steps, (2) Train Loss vs. Train Time, and (3) Train Loss vs.
Number of Train Tokens.

7.7.4 MFU-Loss-Speed

Figure 7.3 compares the training throughput (Tokens/sec), Model FLOPs Utilization (MFU),
and final loss across various LLaMA models and their ECHO-LLaMA counterparts. The
ECHO-LLaMA versions consistently demonstrate improvements in MFU for configurations
with 1, 4, and 8 devices, while achieving lower or comparable final loss compared to their
baselines. Notably, ECHO-LLaMA models, such as ECHO-LLaMA-125M and ECHO-
TinyLLaMA, exhibit significant speed improvements, as indicated by the purple bars, while
maintaining competitive or better loss values. These results explains the effectiveness of
ECHO-LLaMA'’s architecture in enhancing both training efficiency and model performance.

7.7.5 Scaling Law Validation-

To validate the scalability of ECHO-LLaMA models, we conducted experiments across
various model sizes (125M, 1.1B, 3B, and 7B) and compared the training losses with their
baseline counterparts. Each model is pretrained on 4B tokens through 1000 training steps.
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LLaMA-7B Model Training Results

NPU (910B) Results

Figure 7.7: Training results for LLaMA-7B on GPU (V100) and NPU (910B). The columns
represent (1) Train Loss vs. Steps, (2) Train Loss vs. Train Time, and (3) Train Loss vs.
Number of Train Tokens.

As shown in Figure 7.11, the ECHO-LLaMA models consistently achieve lower training
loss than the baseline models as the model size increases. This observation demonstrates
that ECHO architectures adhere to the scaling law while also offering enhanced training
efficiency through their innovative design.

7.7.6 GPU Memory Efficiency of Echo-TinyLLaMA -

To evaluate the efficiency of ECHO-TinyLLaMA, we compare its GPU memory consumption
against the baseline TinyLLaMA across various sequence lengths. As shown in Figure 7.10,
ECHO-TinyLLaMA achieves a substantial reduction in memory consumption, requiring
almost two times less GPU memory than TinyLLama at all tested sequence lengths. For
instance, at a sequence length of 16k tokens, ECHO-TinyLLaMA consumes only 6.4 GB,
whereas TinyLLaMA requires 14 GB, resulting in a 2.19x reduction. This trend continues
across longer sequences, with the reduction reaching up to 2.33x at 32k tokens. Such
improvements are particularly critical for enabling longer-context processing on resource-
constrained hardware.
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ECHO-TinyLLaMA: Comparison of Incremental vs. Full-Stage Shared-KV Fine-Tuning

Zero-Shot Evaluation 5-Shot Evaluation
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Figure 7.8: LLaMA-7B: Comparing Incremental Sharing over Full-Stage Sharing for
shared-KV adaptation.

7.7.7 Ablation Study: Selecting the Optimal Number of Training
Steps per Stage-

we conducted an ablation study measuring the effect of different training steps S on training
loss. The goal was to assess at what point additional steps provide diminishing returns in
loss reduction, thereby justifying our selection of 150 training steps. We evaluated training
loss for ECHO-TinyLLaMA across six different layers (ranging from layer 22 to layer 12) at
increasing training steps: 25, 50, 100, 150, 200, and 300. The loss values at each step were
recorded to observe the rate of improvement. The plot in Figure 7.12 illustrates the training
loss progression for each layer as the number of training steps increases. We observe a
sharp decrease in loss from 25 to 150 steps, indicating effective learning during this phase.
However, beyond 150 steps, the slope of loss reduction significantly flattens, suggesting
diminishing returns with additional training. For instance, at 150 steps, Layer 22’s loss
decreases from 2.8 (25 steps) — 1.97 (150 steps), a significant drop. Extending training
to 200 or 300 steps results in only marginal improvements (1.85 at 200 steps, 1.80 at 300
steps), making the additional cost inefficient.

7.7.8 Ablation Study on Block Size for Layer Adaptation

To understand the impact of block size in incremental layer adaptation, we conducted
an ablation study by varying the number of layers updated in each block. As shown in
Table 7.8, a smaller block size leads to better performance. Specifically, setting the block
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ECHO-LLaMA-7B: Comparison of Incremental vs. Full-Stage Shared-KV Fine-Tuning

Zero-Shot Evaluation 5-Shot Evaluation
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Figure 7.9: LLaMA-7B: Comparing Incremental Sharing over Full-Stage Sharing for
shared-KV adaptation.

size to 1 consistently yields the highest average accuracy in both 25% and 50% shared-KV
configurations. This supports our hypothesis that gradually converting one layer at a
time minimizes disruption to the pretrained weights, reduces information loss, and helps
the model avoid catastrophic forgetting. In contrast, larger block sizes (2 or 3) degrade
performance and require more training steps to recover.

7.8 Guidelines for Selecting Cross-Attention Layer Ratio

To balance the trade-off between model efficiency and effectiveness, we provide empirical
guidelines for selecting the percentage of layers using shared-KV in ECHO-LLaMA. As
shown in Table 7.9, based on recent experiments using LLaMA-7B with a sequence length
of 4096, there exists a clear trade-off between the percentage of shared layers and key
performance metrics such as MFU, elapsed time, and total FLOPs.

Moderate KV-sharing ratios (e.g., 18-25%) consistently offer the best trade-off, achieving
high normalized MFU and reduced training time and FLOPs without substantial degradation
in model throughput. In contrast, very high sharing levels (e.g., 75% and above) lead
to diminishing returns or degraded utilization, and 50% sharing shows suboptimal MFU
due to load imbalance during KV sharing. These insights provide practical guidance for
industry-scale deployments where efficiency and performance must be balanced.
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GPU Memory Usage Comparison
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Figure 7.10: GPU memory usage comparison between the baseline TinyLLaMA and ECHO-
TinyLLaMA across different sequence lengths. ECHO-TinyLLaMA consistently consumes
nearly half the memory compared to TinyLLaMA, as indicated by the annotated reduction
ratios.

Figure 7.11: Scaling law diagram comparing training loss for ECHO-LLaMA of different
sizes against the baselines.

7.9 Questions / Answers

This section addresses several questions relevant to the research.

7.9.1 Q1. Why is there no direct comparison with YOCO models?

First, no official checkpoints for YOCO models have been released publicly, and a full
pretraining of YOCO models from scratch is beyond the scope of this work. Second, while

YOCO and ECHO-LLAMA both adopt a shared-KV mechanism, their methodologies differ
fundamentally. YOCO requires a heavy pretraining phase from scratch, whereas ECHO-
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Training Loss vs. Training Steps for Different Layers
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Figure 7.12: Training Loss vs. Training Steps for Different Layers in ECHO-TinyLLaMA.
The loss decreases significantly up to 150 steps, after which the rate of improvement
diminishes. This justifies our selection of S ~150 training steps as the optimal point for
balancing computational cost and performance.

LLAMA proposes a lightweight fine-tuning approach that transforms existing pre-trained
models into ECHO architectures. For these reasons, we did not include a direct comparison
with YOCO in our evaluation.

7.9.2 Q2. Why does the training throughput speedup degrade
significantly beyond a certain model size threshold?

The reduced speedup observed for models exceeding a certain size threshold is primarily due
to the increasing dominance of non-KV components—such as MLP layers—in the overall
compute cost. As the model size grows, the proportion of parameters and computation
attributed to these non-shared components becomes significantly larger than that of the
shared KV layers. Consequently, the relative benefit of KV-sharing diminishes, leading to a
lower overall throughput speedup.
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Table 7.8: Ablation study on block size during incremental adaptation for TinyLLaMA-1.1B-
V1.1. We report zero-shot average accuracy across multiple tasks. Block size 1 consistently
outperforms larger sizes.

Zero-shot, 25% Shared-KV
Block Size | Avg. Accuracy | Observations

1 49.44 Best performance; stable
adaptation

2 48.73 Slight degradation;
slower recovery

3 46.67 Noticeable drop; higher
forgetting

Zero-shot, 50% Shared-KV
Block Size | Avg. Accuracy | Observations

1 52.53 Best performance; stable
adaptation

2 50.49 Slight degradation;
slower recovery

3 47.19 Noticeable drop; higher
forgetting

7.10 What is the motivation for sharing in the range
(L/2, L)?

In ECHO-LLAMA, KV-sharing is always applied in a top-down pattern, i.e. incrementally
converting layers into shared-KV starting from the last transformer layer. Specifically, in a
model with L total layers, we begin converting the topmost layer (#L) to the shared-KV
format, followed by layer L — 1, and so on. The process continues until a user-defined cutoff
layer N is reached. In this chapter, we experimented with two practical configurations:
sharing the last 25% and the last 50% of layers (i.e., N = L/4 and N = L/2, respectively).
These settings reflect meaningful trade-offs between memory throughput and performance,
and were selected to showcase the effectiveness of our method. However, the approach
is flexible and supports other thresholds (e.g., L/3, L/6) depending on the deployment
constraints. Moreover, we added an ablation study showing that the top-down pattern
works the best, in comparison with bottom-up pattern. Table 7.10 shows the results for
25% and 50% KV-sahring, explaining that the the Top-Down pattern performs better than
the Bottom-Up pattern. The Bottom-Up pattern starts sharing-KV from a lower layer and
continue upward. All the results are conducted on TinyLLaMA1.1B-V1.1.
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Table 7.9: Trade-off analysis on LLaMA-7B (seq_len = 4096) for varying cross-attention
layer sharing ratios. Metrics include actual and normalized MFU, elapsed time, and model
FLOPs. Normalization is done relative to the 0%-sharing baseline.

KV Sharing (%) | # Shared Layers MFU (%) | Elapsed Time (s) Model FLOPs Norm. MFU | Norm. Time | Norm. FLOPs

0 0 62.450 104.140 1.965 0.000 1.000 1.000

3 1 63.246 102.620 1.957 0.948 0.881 0.968

6 2 63.438 101.870 1.949 0.957 0.822 0.937

9 3 63.613 101.150 1.940 0.965 0.765 0.901

15 5 64.098 99.500 1.932 0.987 0.636 0.870

18 6 64.390 99.270 1.923 1.000 0.618 0.834

21 7 64.160 99.250 1.915 0.990 0.616 0.802

25 8 63.900 99.090 1.906 0.978 0.604 0.767

28 9 63.461 99.180 1.898 0.958 0.611 0.735

50 16 62.137 98.140 1.839 0.897 0.529 0.502

75 24 63.494 92.070 1.763 0.959 0.053 0.202

85 27 63.039 91.400 1.737 0.938 0.001 0.099

99 31 62.131 91.390 1.712 0.897 0.000 0.000
Model CQA | BQ | WG | PiQA | Arc_c|Arc_e | OBQA | HS | Avg. Acc
Top-Down (25%-Shared-KV) | 20.02 | 55.18 | 56.31 | 68.01 | 30.25 55.18 30.84 | 44.35 45.02
Bottom-Up (25%-Shared-KV) | 19.11 | 54.35 | 54.84 | 67.35 | 30.04 54.67 30.26 |43.96 44.32
Top-Down (50%-Shared-KV) | 18.13 | 53.45 | 55.71 | 66.34 | 28.63 54.97 30.74 | 44.83 44.09
Bottom-Up (50%-Shared-KV) | 17.05 | 52.11 | 53.85 | 65.21 | 27.18 53.67 29.48 |43.51 42.75

Table 7.10: Comparison of top-down vs. bottom-up shared-KV patterns on various language
understanding benchmarks. Accuracy (%) is reported for each dataset, and the average
accuracy is shown in the last column.

7.11 Model Configurations for LLaMA-125M and LLaMA -
3B

We provide detailed configuration settings for the LLaMA-125M and LLaMA-3B models,
which were developed solely for this research. These configurations are designed by following
the architectural patterns of TinyLLaMA, LLaMA-7B, and other higher versions of the
LLaMA family. We adhered to the scaling strategy used in LLaMA models, ensuring
proportional ratios for hidden size, intermediate size, number of layers, and attention heads
as the models scale up.

7.11.1 LLaMA-125M Configuration

The following configuration outlines the settings for the LLaMA-125M model:
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"architectures": ["ECHOLLaMAForCausalLM"],
"hidden_size": 768,
"intermediate_size": 2048,
"num_hidden_layers": 12,
"num_attention_heads": 12,
"max_position_embeddings": 2048,
"vocab_size": 32000,
"rotary_emb_base": 10000,
"tie_word_embeddings": False,
"use_cache": True,
"layer_norm_epsilon": le-5,
"init_std": 0.02,

"torch_dtype": "floatl6",
"model_type": "echo_llama",
"pad_token_id": Nomne,
"bos_token_id": 1,
"eos_token_id": 2

7.11.2 LLaMA-3B Configuration

The following configuration outlines the settings for the LLaMA-3B model:

"architectures": ["ECHOLLaMAForCausalLM"],
"hidden_size": 3072,
"intermediate_size": 8192,
"num_hidden_layers": 26,
"num_attention_heads": 24,
"max_position_embeddings": 2048,
"vocab_size": 32000,
"rotary_emb_base": 10000,
"tie_word_embeddings": False,
"use_cache": True,
"layer_norm_epsilon": le-5,
"init_std": 0.02,

"torch_dtype": "floatl6",
"model_type": "echo_llama",
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Notation Description

L Total number of layers in the model

N Threshold layer index where KV-sharing starts (user-defined stop-
ping layer)

X1 Input to layer [

X/ Output of the self-attention sublayer at layer | (before feedforward)

Wo, Wik, Wy Query, key, and value projection matrices

d Model hidden size

dy, Dimensionality of key/query vectors (d/h)

h Number of attention heads

P Proportion of layers converted to shared-KV (e.g., 0.25 or 0.5)

SFF(X) SiLU-activated feed-forward module

Kihareds Vshared | Shared global key and value matrices

ngobal, Wg‘fobal Projection matrices for computing shared key and value

L Set of layers adapted into cross-decoders in incremental adaptation

Lo Block of layers updated in stage-m

6 Parameters of layer ¢

M Model parameterized by 6

D Training dataset

S Number of training steps per incremental stage

Batage Token budget per adaptation stage

Banal Token budget for final fine-tuning

Table 7.11: Notation used throughout this chapter.

"pad_token_id": Nomne,
"bos_token_id": 1,
"eos_token_id": 2

7.11.3 Notation

Table 7.11 summarizes the key notations used throughout the chapter. These notations are
consistent with standard transformer-based LLM literature and are used to describe our cross-layer
KV-sharing architecture and training procedure.
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Chapter 8

Conclusion and Future Work

This thesis addressed the critical challenges of computational inefficiency, scalability, and resource
optimization in Large Language Models (LLMs). Driven by the observation that the immense
scale which grants LLMs their versatility also introduces significant bottlenecks during pre-
training, fine-tuning, and inference, this work developed a suite of five novel, modular strategies.
These contributions collectively advance the efficiency and accessibility of LLMs across the entire
development lifecycle, enabling their practical deployment in resource-constrained environments
from cloud to edge devices.

8.1 Summary of Contributions

This dissertation’s core objective was achieved through the design, implementation, and rigorous
validation of five distinct, yet complementary, methods. Each targets a specific bottleneck in the
LLM pipeline, as detailed in the preceding chapters.

8.1.1 Enhancing Fine-Tuning Efficiency

e QDyLoRA (Quantized Dynamic Low-Rank Adaptation): To mitigate the substan-
tial memory demands of fine-tuning, QDyLoRA introduced an innovation over standard
QLoRA. This method allows for efficient fine-tuning across multiple LoRA ranks
in a single training pass, significantly reducing memory consumption while enhancing
model adaptability. QDyLoRA ensures that a single training run yields models optimized
for varying hardware constraints, making LLM adaptation more flexible and cost-effective.
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e Sorted-LoRA (Dynamic Model Adaptation): Addressing the inefficiency of training
separate models for different deployment hardware, Sorted-LoRA introduced a dynamic
adaptation method. By integrating LoRA modules and employing a sorted nested training
strategy, it enables the simultaneous learning of multiple sub-models of varying sizes
within a single training cycle. This innovation provides a scalable, cost-effective solution for
multi-size deployment.

8.1.2 Accelerating Inference and Computational Efficiency

e ECHO-LLaMA (Cross-Layer KV Sharing): Focused on improving inference throughput
in autoregressive models, ECHO-LLaMA reduced redundant Key-Value (KV) computations.
By reusing shared global KV representations in the upper layers, this method
substantially lowers both the computational and memory overhead associated with the KV
cache. This achieved up to 7% higher test-time throughput and 16% higher Model
FLOPs Utilization (MFU) compared to the baseline.

e LoRA-Drop (Adaptive Layer Deactivation): Addressing computational redundancy
at the token level, LoRA-Drop accelerates inference by selectively deactivating the main
transformer layers for simpler tokens. By relying on lightweight integrated LoRA modules
for sufficient contextual adjustment, it bypasses heavy matrix multiplications, result-
ing in a significant reduction in inference latency and energy cost without compromising
generation quality.

e EchoAtt (Attend, Copy, then Adjust): This framework tackled the quadratic complexity
of self-attention by leveraging the empirical discovery of highly similar attention matrices
across inner layers. EchoAtt constructed a shared attention student model via Knowledge
Distillation and continual training, selectively sharing attention matrices in less critical
layers. This resulted in a 15% inference speedup, 25% training speedup, and a 4% parameter
reduction on TinyLLaMA-1.1B, while surprisingly improving zero-shot performance.

8.2 Conclusion

The contributions of this thesis collectively provide several frameworks for optimizing LLMs across
memory, speed, and architectural efficiency. From the dynamic fine-tuning of QDyLoRA and
Sorted-LoRA to the targeted inference acceleration of ECHO-LLaMA and LoRA-Drop, and the
foundational attention optimization of EchoAtt, this work offers a powerful suite of solutions. The
core finding is that by systematically identifying and exploiting various forms of redundancy—be
it in parameter space, token-level computation, or attention patterns—it is possible to significantly
reduce the computational footprint of LLMs without sacrificing their powerful generalization
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capabilities. This research successfully strengthens the feasibility of deploying large-scale Al
systems in real-world environments, making them more adaptable, accessible, and practical for
applications in domains like healthcare, biomedicine, education, and robotics.

8.3 Future Work

Building upon the success of these specialized strategies, future research can focus on their
synergistic potential and broader application:

1. Unified Framework Integration: Explore combining compatible methods, such as
integrating EchoAtt’s attention sharing into an ECHO-LLaMA architecture, to achieve
stacked efficiency gains in a single model structure.

2. Dynamic and Adaptive Optimization: Develop a system that dynamically selects the
optimal configuration (LoRA rank via QDyLoRA, layer depth via Sorted-LoRA, and layer
deactivation via LoRA-Drop) based on real-time task complexity and hardware availability
during inference.

3. Generalization to Multimodal Models: Extend the efficiency principles, particularly
attention sharing (EchoAtt) and KV reuse (ECHO-LLaMA), to Vision-Language Models
(VLMs) and other multimodal foundation models to tackle their even greater resource
demands.

4. Theoretical Foundation of Regularization: Conduct deeper theoretical analysis into
why methods like EchoAtt and LoRA-Drop not only maintain but, in some cases, improve
zero-shot performance, formalizing the relationship between structured compression and
model generalization.
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