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Abstract

Large Language Models have shown strong performance across reasoning, language under-
standing, and generation tasks, but their computational and memory requirements make de-
ployment on low resource devices difficult. This dissertation studies efficient performance
recovery of pruned LLMs, focusing on whether a pruned model can regain useful task perfor-

mance through parameter-efficient fine-tuning while preserving the benefits of compression.

The work uses Llama-3.2-3B-Instruct as the dense reference model and applies activation-
aware Wanda pruning at multiple sparsity levels(20%, 30% and 50%). The pruned models are
evaluated on language modeling and reasoning tasks using WikiText-2 perplexity and GSM8K
(Grade School Math 8000 problems) accuracy. Adaptation is performed using efficient param-
eter adaptation methods like QLoRA and DoRA. Additionally, the thesis evaluates the balance
between sparsity, precision, perplexity, speed, memory usage, and device compatibility.

Based on the results obtained from the experiments conducted, we can safely say that
the adapter recovery technique improves the performance of sparse models. DoRA performs
better in GSM8K recovery compared to QLoRA recovery at sparsity of 20%, 30%, and 50%.
Additionally, the WikiText-2 perplexity for QLoRA is slightly lower than DoRA at 30% and
50% sparsity. The largest recovery gain occurs at 50% sparsity, where GSM8K accuracy im-
proves from 0.1800 to 0.4508 using DoRA recovery. However, the best final recovered GSM8K
accuracy is obtained at 20% sparsity with DoRA.

Keywords: Large Language Models(LLM), Model Pruning, Wanda, LoRA QLoRA,
DoRA, Parameter-Efficient Fine-Tuning(PEFT), Model Compression, End-Device Deployment,
GSMS8K, WikiText-2.

+ iThenticate Page 13 of 85 - Integrity Submission Submission ID  trn:oid:::3618:142616581



+ iThenticate Page 14 of 85 - Integrity Submission Submission ID trn:oid:::3618:142616581

Contents

Certificate i
Dedication ii
Acknowledg ments iii
Abstract iv
Abbreviations vii
1 Introduction 1
1.1 Background . . . . . .. .. ... 1

1.2 Motivation . . . . . . . . o i e e e e e e e 2

1.3 Problem Statement . . . . . . ... ... . L L 3

1.4 Research Objectives . . . . . . . . . . . . . o i 3

1.5 Thesis Contributions . . . . . . . . . ... 4

1.6 Scope and Assumptions . . . . . . . ... e 5

1.7 Thesis Organization . . . . . . . . . . . . .. e 6

2 Preliminaries 7
2.1 Large Language Models . . . . . . .. .. ... ... .. 7
2.1.1 Autoregressive Language Modeling . . . . . ... ... ... ..... 7

2.1.2 Transformer Decoder Architecture . . . . . . ... ... ... ..... 8

2.2 Model Compression . . . . . . . . ..l e e e 8

2.3 Neural Network Pruning . . . . . . . ... ... .. ... ... ... ..., 9
2.3.1 Unstructured Pruning . . . . . . . . . . .. ... .. ... ... 9

2.3.2 Structured Pruning . . . . . .. ... 9

2.3.3 Magnitude-Based Pruning . . . . . ... ... oL 10

2.4 Activation-Aware Pruning . . . . . . ... L 10

2.5 WandaPruning . . .. ... .. ... 11

2.6 Parameter-Efficient Fine-Tuning . . . . . . .. ... .. ... ... ...... 12
2.6.1 LoRA . . . . e 12

262 QLoRA . . . . . 12

i

+ iThenticate Page 14 of 85 - Integrity Submission Submission ID  trn:oid:::3618:142616581



+ iThenticate

2.7

2.8

Page 15 of 85 - Integrity Submission

263 DoRA . .. ... L
Evaluation Metrics . . . . .. ... ... .. .....
27.1 Perplexity . . . . ... .. ... ... ...,
2772 Task Accuracy . . . ... .. ... ... ..
2.77.3 Efficiency Metrics . . . . . . . ... ... ...
End-Device Deployment Constraints . . . . . . . . ..

3 Literature Review

3.1
3.2
33
34
3.5
3.6
3.7
3.8

Efficient LLM Inference . ... .. ... ... .. ..
Pruning of Large Language Models . . . . . . . .. ..
Post-Pruning Performance Degradation. . . . . . . ..
Recovery of Compressed Models . . . . . .. ... ..
Quantization and Low-Rank Adaptation . . . . .. ..
Deployment-Oriented Evaluation . . . . . .. ... ..
ResearchGap . . . . ... ... ... ... ......
Positioning of ThisWork . . . . ... ... ... ...

4 Proposed Methodology

4.1
4.2
4.3

4.4
4.5

4.6
4.7

4.8
4.9

Overview of the Proposed Framework . . . . ... ..
Model Selection . . . . .. ... ... ...
Dataset Selection . . . . ... ... ... .......
43.1 WikiText-2 . . ... ... ... ... .....
432 GSMSK . . .. ... ..
4.3.3 Calibration Data for Pruning . . . . . ... ..
Baseline Evaluation . . . . . ... ... ........
Wanda Pruning Methodology . . . . . ... ... ...
4.5.1 Activation Collection . . . . ... ... ....
4.5.2 Importance Score Computation . . . . . . . ..
453 SparsityLevels . . .. ... ..........
Post-Pruning Evaluation . . . ... ... ... .. ..
Recovery Using PEFT . . . . . . ... ... ... ....
47.1 QLoRARecovery . ... ............
47.2 DoRARecovery . ...............
4.7.3 Adapter Merging and Inference . . . . . . . ..
End-Device-Oriented Evaluation . . . . . .. ... ..

Complete Experimental Flow . . . . . ... ... ...

5 Algorithms, Implementation, and Complexity

5.1
5.2

+ iThenticate

System Pipeline Overview . . . . .. ... ... ...

Baseline Evaluation Algorithm . . . . . ... ... ..

il
Page 15 of 85 - Integrity Submission

Submission ID trn:oid:::3618:142616581

Submission ID trn:oid:::3618:142616581



+ iThenticate

5.3
54
5.5
5.6
5.7
5.8

59

Page 16 of 85 - Integrity Submission

Wanda Pruning Algorithm
Recovery Training Algorithm
GSMSK Evaluation Procedure

Perplexity Evaluation Procedure

Hardware and Software Environment .
Complexity Analysis
5.8.1
5.8.2 Recovery Training Complexity
5.83
Reproducibility Details

Pruning Complexity

Inference Complexity

6 Experimental Results and Discussion

6.1
6.2
6.3
6.4
6.5
6.6
6.7
6.8
6.9

6.10 Ablation Studies
6.11 Qualitative Analysis of GSM8K

6.12 Discussion

Experimental Design . . . . ... ..
Baseline Results
Effect of Wanda Pruning
Recovery Results Using QLoRA
Recovery Results Using DoRA

Comparison of QLoRA and DoRA

Recovery Gain Analysis

Efficiency Analysis
End-Device Feasibility Study

7 Conclusion and Future Work

7.1 SummaryofWork . . . . .. ... ..

7.2 KeyFindings . .. ..........

7.3 Limitations . . ... ... ......

74 Future Work . . .. ... ... ....

7.5 FinalRemarks . . . . ... ... ...
Appendix

A.1 Hyperparameters and Configuration .

A.2 Model and Adapter Artifacts

+ iThenticate

111
Page 16 of 85 - Integrity Submission

Submission ID trn:oid:::3618:142616581

Submission ID trn:oid:::3618:142616581



+ iThenticate Page 17 of 85 - Integrity Submission Submission ID trn:oid:::3618:142616581

List of Figures

4.1 Overall experimental pipeline followed for pruning, recovery, and evaluation of
Llama-3.2-3B-Instruct. . . . . . . . . . . ... L 23
4.2 Wanda pruning mechanism used to compute activation-aware importance scores
and generate sparse pruned checkpoints. . . . . . ... ... oL 28
4.3 PEFT-based recovery pipeline for Wanda-pruned models using QLoRA and
DoRA adapters. . . . . . . . . . . 32

6.1 GSMBS8K accuracy comparison across dense baseline, raw Wanda-pruned mod-
els, and PEFT-recovered models. . . . . . . . . . . . . . . .. ... .. .... 51
6.2 WikiText-2 perplexity comparison across dense baseline, raw Wanda-pruned
models, and PEFT-recovered models. Lower perplexity indicates better lan-
guage modeling quality. . . . . . . . .. .. 52
6.3 Best GSM8K recovery gain over raw Wanda-pruned models at each sparsity
level. The gain is computed as recovered accuracy minus raw pruned accuracy. 53
6.4 GSMBSK accuracy trend across sparsity levels for raw Wanda-pruned, QLoRA-
recovered, and DoRA-recoveredmodels. . . . . . . . . .. ... ... ... .. 53
6.5 Throughput comparison across dense baseline, raw Wanda-pruned models, and
PEFT-recovered models during GSMS8K evaluation. . . . . . ... ... .... 55
6.6 WikiText-2 perplexity trend across sparsity levels for raw Wanda-pruned, QLoRA-
recovered, and DoRA-recovered models. Lower perplexity indicates better lan-

guage modeling quality. . . . . . . . . . ... 57

v
+ iThenticate Page 17 of 85 - Integrity Submission Submission ID  trn:oid:::3618:142616581



+ iThenticate Page 18 of 85 - Integrity Submission Submission ID trn:oid:::3618:142616581

List of Tables

2.1 Comparison of pruning strategies . . . . . . . . . . . . . ... 11
2.2 Deployment constraints considered in this dissertation . . . . . . .. ... ... 14
3.1 Deployment-oriented evaluation indicators . . . . . . . . ... ... ... ... 20
4.1 Base model configuration . . . . . . ... ... L L Lo 24
4.2 Baseline evaluationtemplate . . . . . . .. ... ... .. ... ... 27
4.3 Pruning configurations . . . . . . . . .. .. 30
5.1 Major components of the implementation . . . ... ... ........... 39
5.2 Final hardware and software environment used for recovery and evaluation . . . 45
6.1 Baseline performance of the dense Llama-3.2-3B-Instruct model . . . . . . .. 49
6.2 Performance of raw Wanda-pruned models before recovery . . . . . . .. ... 49
6.3 Recoveryresultsusing QLoRA . . . . . . . ... oo 50
6.4 Recoveryresultsusing DoRA . . . . . . .. ... ... ... ... ..., 50
6.5 Comparison of raw pruned, QLoRA-recovered, and DoRA-recovered models . 51
6.6 GSMBSK recovery gain over raw Wanda-pruned models . . . . .. .. ... .. 52
6.7 GSMBSK accuracy and throughput comparison across dense, pruned, and recov-
eredmodels . . . . ... L 54
6.8 End-device-oriented interpretation of recovered model configurations . . . . . . 56
6.9 Ablation over sparsity level and recovery method . . . . . ... ..o L 56
6.10 Common qualitative behaviours observed in GSM8K predictions . . . . . . . . 57
A.1 Final pruning, recovery, and evaluation configuration . . . . ... ... .. .. 64

A.2 Hugging Face Hub repositories containing the Wanda-pruned checkpoints, re-

covery adapters, and backup artifacts used in this dissertation. . . . . . . . . . . 65

+ iThenticate Page 18 of 85 - Integrity Submission Submission ID  trn:oid:::3618:142616581



+ iThenticate Page 19 of 85 - Integrity Submission Submission ID trn:oid:::3618:142616581

List of Algorithms

1 Efficient Recovery Pipeline for Pruned LLMs . . . . . . ... ... ... ... 36

2 Baseline Evaluation . . . . . . . ... .. ... 40

3 Wanda Pruning . . . . . . . ... 41

4 PEFT-Based Recovery . . . . . . .. .. ... . .. .. .. .. .. ... 42
vi

+ iThenticate Page 19 of 85 - Integrity Submission Submission ID  trn:oid:::3618:142616581



+ iThenticate

+ iThenticate

Page 20 of 85 - Integrity Submission

Abbreviations

Submission ID trn:oid:::3618:142616581

Abbreviation Full Form

LLM
PEFT
QLoRA
DoRA
LoRA
Wanda
PPL
VRAM
GSMSK
HF
GPU
CPU
FLOPs
SFT

Large Language Model
Parameter-Efficient Fine-Tuning
Quantized Low-Rank Adaptation
Weight-Decomposed Low-Rank Adaptation
Low-Rank Adaptation

Pruning by Weights and Activations
Perplexity

Video Random Access Memory
Grade School Math 8K Dataset
Hugging Face

Graphics Processing Unit

Central Processing Unit

Floating Point Operations

Supervised Fine-Tuning

Page 20 of 85 - Integrity Submission

vii

Submission ID trn:oid:::3618:142616581



+ iThenticate Page 21 of 85 - Integrity Submission Submission ID trn:oid:::3618:142616581

Chapter 1

Introduction

1.1 Background

Large Language Models have been crucial to recent advances in natural language processing.
They are capable of generating meaningful text, following instructions, summarizing lengthy
documents, dealing with reasoning challenges, and adapting to a wide variety of downstream
tasks. Nevertheless, this comes with a downside. Large Language Models even with a relatively
small number of billions of parameters require a lot of memory, computation power, and time

inference when put into practice anywhere except large servers.

An apparent trade-off arises. More significant models usually have better language un-
derstanding and reasoning capabilities. Yet, their size makes their use on end-users’ devices or
moderate hardware a challenge. From the perspective of real applications, however, accuracy
alone is insufficient. Models must function within memory bounds, provide timely responses,
and produce tokens efficiently under these conditions. This factor becomes especially critical

when inference is to be carried out near the end-users instead of in the cloud exclusively.

One way of dealing with this problem could be through model compression. Several
techniques exist to this end. Pruning stands out in that it removes or deactivates unnecessary
weights. In theory, pruning is supposed to result in model sparsity and thus reduce memory
footprint and lower the computational burden. Reality, though, might differ. Weights removal
from the pretrained large language model would distort its representations that were learned
during the pre-training and instruction tuning process. As a result, quality of language modeling

goes down or reasoning suffers, or both.

The present work focuses on what can be retrieved by pruning. Sparsity is considered
here merely as means to an end and not an end in itself. Besides that, an attempt is made to
investigate how much of the lost performance can be recovered through lightweight adaptation.
The base model being used is Llama-3.2-3B-Instruct. Wanda pruning is applied at several
sparsity levels. The checkpoints produced this way are then rescued by parameter-efficient

fine-tuning methods (QLoRA and DoRA). Performance evaluation was done using WikiText-2
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perplexity, GSM8K accuracy, as well as memory and throughput figures.

1.2 Motivation

The rationale behind the current research is inspired by observations made throughout our ini-
tial efforts to implement compression of language models. It does not make sense to compress
the model if the resulting variant lacks the necessary capabilities to perform the intended task.
sparser model loses its usefulness fast when pruning interferes with reasoning. On the other
hand, if the process of recovery after pruning or the final model architecture itself becomes too
bulky, the entire effort becomes impractical because of the need for excessive memory space.
Therefore, the core question is not about the ability to prune a model, but rather whether the

model can be pruned and recovered successfully with a preserved advantage in efficiency.

It becomes even more crucial to consider this problem in the context of end-device use
cases. Cloud environments with large GPUs and enough memory space hide various inefficien-
cies. When working with smaller GPUs or real resource-constrained devices, such inefficien-
cies are readily apparent. Memory capacity defines whether or not a model can fit into memory,
latency defines usability, and throughput influences efficiency of token generation. Privacy and
offline usage become an issue closer to the user. Hence, deploying language models should be

approached both as a modeling problem and as a systems problem, similarly to model training.

Pruning can become particularly appealing due to the idea of removing unnecessary
parameters. At the same time, mere pruning may prove to be insufficient. A model that was
pruned with low or medium sparsity will retain general language characteristics but will have
poor performance in specific tasks. Such effects would be critical in case of reasoning, where
even slight shifts of internal representation could result in incorrect answer. Another problem
is that the effect of pruning on a language model varies depending on the task, which can cause
a shift in perplexity score in one direction and decrease accuracy in mathematical reasoning in

another direction.

Therefore, some way to recover the model after pruning needs to be considered. Full-
fledged fine-tuning becomes prohibitively costly in terms of computation and time required.
Instead, parameter-efficient fine-tuning can provide a more reasonable solution as a means to
update only a part of model parameters. As a part of the current dissertation, the process of

model recovery with QLoRA and DoRA adapters after applying Wanda pruning was tested.

The other reason for this choice is methodological. The reliance on one measure alone
produces a partial account of both pruning and retraining. The GSMS8K accuracy measure
can be useful for measuring reasoning ability but does not capture the complete quality of
language model. Similarly, WikiText-2 perplexity can be helpful for measuring next-token
prediction skills but is unable to measure multi-step reasoning ability. Additionally, none of

these measures can be used in isolation from measures of memory and throughput efficiency.
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1.3 Problem Statement

This problem involves the optimal performance recovery of pruned Large Language Models
(LLMs) in constrained computational setups. Pruning is used to decrease parameter efficiency
in pretrained models, followed by adaptation in order to recover the lost performance due to the
pruning process. The main idea is to increase the effectiveness of the task-specific recovered

model and keep the benefits that come along with compression.

Formally, consider M to be the pre-trained model initially and consider s to be the

desired sparsity. Pruning algorithm P results in the pruned model M as
Ms; = P(M,s),

where M, contains sparse parameters as per the described pruning policy. Since pruning has an
adverse effect on the ability of the model to perform natural language processing and reasoning

tasks, the recovering function R is then performed using the training data set Dy i,:
Mgec = R(Msa Dtrain)-

The objective is to achieve a model M *° that performs increasingly similarly to the original
model M while retaining advantages in memory usage, inferability, or compression. Ideally,

the relationship can be stated as follows:
Performance (M) ~ Performance(M ),

subject to reduced deployment cost compared with the uncompressed model.

Reaching such an approximation poses certain difficulties. First, different sparsity de-
grees have different impacts on the model, some are enough to maintain its structure for recov-
ering, while others take away too much capacity. Second, different recovery approaches may
behave in diverse ways depending on pruning severity and specific evaluations. Thus, both
pruning and recovery approaches are considered together and not separately. The study follows
a consistent chain including initial evaluation, pruning, subsequent evaluation, recovery, and

final evaluation.

1.4 Research Objectives

In particular, the first objective is to set up a thorough experimental pipeline for the effective
pruning and recovery of a Llama-scale model. The starting point in the pipeline is the base
Llama-3.2-3B-Instruct model, which must be benchmarked under the same protocol before

compressing it in any way. It is crucial since all the other experiments will be conducted in
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comparison with that baseline.

The second objective is related to experimenting with different degrees of sparsity for
Wanda pruning. In our experiment, we treat various sparsity levels as separate compression
protocols rather than as multiple iterations of one and the same experiment. That choice enables

us to observe the response of our model to moderate, severe, and aggressive pruning.

The third objective is about comparing the effect of recovery performed via QLoRA
and DoRA. In addition to being generally less costly to implement than fine-tuning, the two
techniques offer quite different approaches to the introduction of trainable parameters. Thus,
studying both of them allows for finding out whether or not the specific approach affects how

well the adaptation procedure succeeds.

Additionally, we compare the models in terms of their performance in both language
modeling and reasoning tasks. For the purpose, WikiText-2 perplexity measures the general
capability of a language model, while GSM8K accuracy shows its skills in mathematical rea-
soning. As they are not equivalent, using both of them helps us have a more consistent picture
of the model’s pruning impact and recovery performance.

The next objective of the work is to conduct the tests of the models under identical
conditions. This is significant as even minor differences in prompt construction, sample size,
generation length, and answer extraction may influence the result in case of GSM8K. With a

protocol fixed, the comparisons become more valid.

Finally, we measure and compare some practical metrics of efficiency of the models
such as peak VRAM consumption, throughput, latency, and the ease of deployment. Taking
into account the motivation of deployment to end devices with constrained hardware capacity,

the necessity of these measurements becomes obvious.

1.5 Thesis Contributions

The first major contribution of this work is the formulation of a unified empirical framework for
investigating LLM pruning and recovery under realistic assumptions. It should be noted that
pruning is never treated as an isolated step, but the full experiment cycle — starting with a dense
baseline experiment and going all the way through Wanda pruning, raw pruning evaluation,
parameter-efficient fine-tuning recovery, and finally comparing with a dense baseline — is used.
It allows seeing what kind of degradation results from pruning and what kind of improvements

one may reasonably expect after recovery.

The second significant contribution is represented by the comparison of different levels
of pruning severity performed by means of Wanda pruning for Llama-3.2-3B-Instruct. The
benefit of Wanda pruning lies in its use of both weight magnitude and activation statistics,
without requiring full retraining before pruning. The usage of Wanda pruning in different

settings with varying degrees of pruning severity makes it possible to analyze the effects that

4
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pruning has on language modeling and reasoning abilities.

A further point is the direct comparison of two recovery methods, namely QLoRA and
DoRA, that are performed on Wanda-pruned checkpoints with equal sparsity. Although both of
these techniques belong to the PEFT category, their implementation in the process of adaptation
is different from one another. QLoRA is based on low-rank adaptation using the base model,
loaded in a memory-saving way as a 4-bit representation of the model. On the contrary, DoORA
modifies the approach to low-rank adaptation via breaking down weight representation into
magnitude and direction. This dissertation investigates the reaction of both approaches to the

effect of pruning on language modeling and mathematical reasoning tasks.

The third significant contribution is represented by the usage of both WikiText-2 and
GSMBS8K datasets for evaluating language modeling and reasoning ability respectively. Using
this combination of datasets allows disentangling language model degeneration and reasoning
degeneration since they do not always coincide.

The fourth contribution is made by performing deployment-oriented analysis, where
memory consumption, throughput, and latency are measured alongside the other metrics. This
is an important part of the research because the end goal here is not just reaching a more

compact model but creating a model that performs better under restricted inference.

Overall, this work makes a major contribution in the form of a structured study of the
problem of compressing large language models in terms of the trade-off between compression
and performance. One should not think that this paper introduces a new method of pruning; the

value of this work lies elsewhere.

1.6 Scope and Assumptions

Pruning and recovery is only performed empirically under restrictive hardware settings in this
paper. The base language model considered here is Llama-3.2-3B-Instruct, and the pruning
scheme adopted in this research is the Wanda pruning. The methods used to perform recovery
include QLoRA and DoRA parameter-efficient fine-tuning. The measures of evaluation used
include perplexity on WikiText-2 dataset, accuracy on GSMS8K dataset, as well as throughput,

latency, and memory consumption.

The chosen benchmarks are believed to provide insights into certain aspects of qual-
ity language modeling and mathematics. WikiText-2 acts as a benchmark that measures the
ability of language modeling. GSM8K is considered since arithmetic and multi-step reasoning
tasks are often vulnerable to pruning operations. Nonetheless, the two datasets above can-
not represent all of the abilities of LLMs. Evaluation that involves commonsense reasoning,
programming instructions, coding, and question answering is outside the focus of the current

work.

“End-device” in this case refers to a practical yet restrictive notion that refers to the
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constrained GPU, CPU, or edge-like environment in which the amount of available resources
is relatively less than that available in cloud computing servers. In other words, end-devices in
this work refer to the environment used for experimental purposes and not production deploy-
ments in mobile devices or embedded devices where unstructured sparsity does not guarantee

performance speedup unless exploited efficiently by the inference engine and hardware.

It is also assumed that adapter-based model recovery is a feasible and realistic approach
to fine-tuning under resource-constrained settings. The recovery process would become too
costly when full fine-tuning of all the parameters is applied in this experimental setting. Thus,
in order to make the experiment more practical and relevant in the real world, recovery is carried

out through lightweight fine-tuning.

1.7 Thesis Organization

Chapter 2 provides an overview of the necessary technical background. This section describes
Large Language Models, autoregressive language modeling, transformers, transformer decoder
structure, model compression, pruning, Wanda pruning, parameter-efficient fine-tuning, and
evaluation metrics. Additionally, it restates the deployment requirements driving the current

research.

Chapter 3 provides an overview of related work on efficient LLM inference, pruning
techniques, post-pruning deterioration of model performance, recovering a compressed model,
quantization techniques, low-rank model adaptation, and evaluation tailored towards deploy-
ment. Chapter 3 is intended to set out the context of the work carried out herein, with specific
emphasis on the necessity for a baseline—pruning—recovery experiment under a unified frame-

work.

Chapter 4 describes the methodology behind the work. It discusses model selection,
dataset selection, baseline evaluation, Wanda pruning, post-pruning evaluation, QLoRA and
DoRA recovery, handling adapters, and analysis on the end device level. Chapter 4 describes

the approach taken in carrying out this research.

Chapter 5 contains a description of the algorithms, implementation specifics, and com-
putational complexity of the project. Mainly, it deals with the description of the experimental
procedure, evaluation algorithms used, and environments used to reproduce the experiments.

Chapter 6 contains the experimental results and the discussion thereof. It examines the
performance of the dense baseline model, the raw pruned model, and recovered models against
the metrics selected for comparison. Other factors considered include recovery ratio, efficiency
trade-off, suitability for deployment, and behavioral differences in GSM8K predictions.

Chapter 7 summarizes the key findings from the research carried out in chapters 4 to 6,

highlights the limitations, and discusses future plans.
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Chapter 2

Preliminaries

2.1 Large Language Models

Large Language Models are neural models capable of predicting and generating text. In this
dissertation, in addition to their language capabilities, the emphasis is placed on their compu-
tational complexity. Parameters, activations, memory footprint, and inference speed matter for
any pruning and recovery task. Therefore, it is important to assess such models not only in

terms of accuracy/perplexity, but also in terms of performance and memory footprint.

The vast majority of modern LLMs for text generation purposes are based on the ar-
chitecture of a Transformer decoder. They generate text tokens in an autoregressive fashion,
which means that predictions made at each step are conditioned on previously generated to-
kens. Although a model may be quite modest-sized in terms of number of parameters, like
Llama-3.2-3B-Instruct, performing inference requires going through several model layers in

multiple passes. It makes it quite challenging to deploy on resource-constrained hardware.

Llama-3.2-3B-Instruct will be taken as the dense reference model for further experi-
ments. In other words, the purpose here is not to develop a new LLM, but to explore the

process of pruning and recovery of a pretrained instruction model using efficient algorithms.

2.1.1 Autoregressive Language Modeling

The autoregressive language modeling formulation factorizes the probability distribution of a

sequence of tokens into a chain of conditional distributions as follows:

T
P(.’L’l,xg,...,l'T) = HP(.Tt ‘ l’<t),

t=1
where z.; denotes all tokens before position .

At test time, when presented with a prompt, the model predicts one token at a time. The

sequential property of generating tokens plays a key role in the deployment of these models
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since predicting each token necessitates passing it through the model. This property becomes
critical during training on reasoning datasets like GSM8K, where an incorrect prediction in any
step can lead to an inaccurate numerical result. As such, pruning should be considered very

cautiously, as the pruned model might generate fluent text but cannot reason completely.

2.1.2 Transformer Decoder Architecture

A Transformer decoder architecture is constructed using multiple identical layers composed
of self-attention, feedforward network, residual connections, and normalization layers. In the
causal decoder setting, the use of the attention mask restricts the token attention so that it sees
only past tokens but never future ones. Therefore, decoder architectures alone are suited for

autoregressive decoding.

Self-attention and feedforward projections represent a significant part of the model
weights. Linear projection layers are equally important candidates for sparsification, since
sparse projection layers would reduce the amount of active weights in the model. Nevertheless,
weight-level pruning is not an easy task. While a particular weight might look like it carries
little value in its magnitude, it should be considered significant when used often enough during

the processing of the input.

2.2 Model Compression

The model compression is any algorithm reducing the memory consumption or computational
resources for the neural network. It is a problem for LLMs since even 3B-size language model

becomes hard to run repeatedly under GPU-memory limitations.

There are many methods of compression, such as pruning, quantization, distillation,
and low-rank adaptation. The pruning zeroes some of the weights of a model. Quantization
decreases numeric representation precision, like reducing floats to 8-bits or 4-bits. The dis-
tillation learns one model called student from another — teacher model. Low-rank adaptation

lowers the number of trainable parameters of a model.

In this thesis, the research mostly relies on the approach combining pruning and adapter-
based recovery. Pruning is used for obtaining sparse checkpoints, and then QLoRA and DoRA
are used to recover some of the model capabilities that were lost in pruning. This workflow is
critical since without further fine-tuning the pruned models could become worse at reasoning.
Hence, in this research, compression is treated as a whole pruning—recovery workflow rather

than an individual operation.

It is also worth mentioning that having sparse weights does not automatically lead to fast
execution. In case the inference backend uses dense matrix multiplication operations, having

some zero weights does not make the computations much faster. As a consequence, actual
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throughput and memory consumption results are presented in experiments.

2.3 Neural Network Pruning

The process of neural network pruning involves either removing or deactivating certain com-
ponents of the model. Such components include weight matrices, neurons, channels, attention
heads, and other elements. The general idea behind pruning is that some of the parameters are
less significant for generating a prediction compared to others. Thus, if such parameters can be
removed from the network without damaging its functional behavior, this will make the model

more compact.

It should be noted that pruning for larger neural networks is different from pruning for
smaller networks. Since the representations inside the model are distributed among different
layers, attention modules, and feed-forward blocks, pruning will have a detrimental effect on
the language modeling, reasoning, or instruction-following capabilities of the model. There-
fore, in order to understand if pruning damages the model’s capabilities, it is crucial to test the

pruned model itself.

In this dissertation, the pruning is done on a pretrained neural network. It is post-training

pruning since the model is pretrained with the available Llama-3.2-3B-Instruct checkpoint.

2.3.1 Unstructured Pruning

In unstructured pruning, the values of individual weights are set to zero, while the matrix struc-
ture itself stays the same. In other words, when denoting weight matrices by W, pruning zeroes
out certain elements of that matrix. Dimensions of the matrix will stay the same, but the total

number of non-zero weights will decrease.

This method’s benefit is its flexibility: it allows for reaching different levels of sparsity
without pruning entire neurons, heads, or layers. In this case, Wanda pruning is applied to
model weights using this unstructured approach. The pruned models have 20%, 30%, and 50%
sparsity.

However, its drawback lies in hardware constraints. A matrix can be considered sparse;
however, that does not mean it will be executed faster in the case of hardware limitations. In this
dissertation, no assumptions about speed-up are made regarding unstructured pruning; instead,

throughput is measured experimentally.

2.3.2 Structured Pruning

Structural pruning prunes entire structures like attention heads, entire channels, neurons, or

even complete blocks. As this form of pruning is modifying the architecture of the computation,
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it is more likely to be beneficial for hardware acceleration than pruning. For instance, pruning

an entire channel reduces the density of the matrix multiplications.

Nevertheless, structural pruning is more radical since pruning an entire head or a block
will result in the loss of functionality that is hard to recover. Structural pruning is not utilized in
this dissertation, but it is mentioned here to distinguish it from Wanda pruning, which is more

hardware-friendly.

2.3.3 Magnitude-Based Pruning

The magnitude based approach represents one of the most straightforward ways of pruning.
In this case, it is assumed that weights with smaller magnitudes have less significance. The

measure for such a weight W;; is calculated as follows:

Lij = [Wi).

Weights having the least magnitude are eliminated until the desired level of sparsity is

achieved.

Although simple and efficient in terms of speed, this technique does not take activations
into account. As a result, a small weight assigned to the feature that is actively used by the
neural network may still be significant, whereas a big weight associated with an inactive feature

will probably be less useful.

2.4 Activation-Aware Pruning

The idea of activation aware pruning is that, along with the weight value, the activation of
the corresponding input channel should also be considered. In the linear layer, the output is
dependent on both of them. Thus, the pruning score must depend on them as well.

Wanda considers the above fact. After going through a few examples (calibration data)
and gathering activation statistics of the target linear layers, the pruning scores can be estimated.
This data is never used for supervised learning but only serves to determine the activation of

input channels at the time of normal operation of the model.

For the weight W;;, the importance score equals

Sij = IWij| - | X2,

Where WW;; is the weight value, and X; indicates the collected activations associated
with input channel j. Those weights that have lesser score values are considered less important

and thus are pruned based on the specified sparsity ratio.

10
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The importance of the above score lies in its ease of calculation despite limited com-
puting power compared to simple magnitude pruning methods. However, the accuracy of the
process of pruning will be affected by the calibration data since the collected activations must

reflect the actual inputs.

2.5 Wanda Pruning

The most widely used pruning method in this study is Wanda pruning. This approach has been
chosen since it takes into account both the magnitudes of the weights as well as their activations
when deciding what weights to prune, making it better suited for pruning LLLMs compared to

just pruning based on magnitudes alone.

The importance of a particular weight W;; is computed using

Sij = Wizl - [1Xj |2,

Here W;; denotes the weight value and X; denotes the activation statistics gathered for
the specific input channel. The weights which score low in magnitude are considered less
significant and hence are removed until the required sparsity ratio is achieved.

An interesting characteristic about Wanda is that it does not necessitate the need for
complete retraining prior to pruning. A limited set of data is allowed to pass through the
model, which helps gather activation statistics. These are combined with weight values to
generate pruning scores. In this case study, the Wanda approach was utilized to prune the

Llama-3.2-3B-Instruct model at three different sparsity ratios: 20%, 30%, and 50%.

The table below details out some pruning methods considered while designing this case

study.
Table 2.1: Comparison of pruning strategies

Method Importance Signal Main Advantage Limitation

Magnitude pruning Weight magnitude Simple and fast Ignores activations

Wanda Weight and activation No heavy retraining | Requires calibration
before pruning data

Structured pruning Blocks, heads, or layers | More hardware- | May reduce model ca-
friendly pacity sharply

For this particular problem, Wanda thus serves as an appropriate middle way because it
is better informed than magnitude-based pruning while remaining efficient enough for compu-
tation in resource-constrained environments. Yet, it needs calibration information that appro-

priately reflects the inputs to the model.

11
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2.6 Parameter-Efficient Fine-Tuning

Fully finetuning involves updating the entire set of model parameters, which is inefficient for
big language models since gradients, optimizer states, and activations must be kept while train-
ing. It would not be efficient on the hardware setup that was used in this dissertation. One
possible solution to this problem is PEFT, where all the model parameters except a few are

frozen.

For this dissertation, PEFT is performed after the Wanda pruning procedure. In other
words, unlike other cases, the adapter here is finetuned on the pruned model and not the dense
model initially used. In such a case, the adaptation process requires adaptation to the pruned

model.

2.6.1 LoRA

In LoRA, the weight matrix IV is frozen and a low-rank modification is learned. The updated

weight matrix can thus be expressed as follows:

W' =W + AW =W + BA,

where both A and B are low-rank trainable matrices. Since only A and B are being
trained, there are many fewer parameters involved compared to full fine-tuning. This approach

constitutes the foundation of the adapter-based recovery techniques discussed in this thesis.

2.6.2 QLoRA

The QLoRA approach includes low-rank adaptation alongside memory-efficient quantized mod-
els loading. Here, the pretrained model is loaded at 4 bits, whereas the LoRA adapter param-
eters are trained. This approach decreases the memory footprint during the recovering process

and makes training of adapters for various pruned checkpoints possible.

In the current workflow, the Wanda pruned model is considered as the static base,
whereas QLoRA serves as the trainable adapter that is applied for the model recovery. Finally,

the obtained model is assessed in relation to the baseline and pruned model.

2.6.3 DoRA

The proposed DoRA algorithm takes a different path in updating the low-rank decomposition
than the conventional LoRA algorithm since DoRA decouples the learning of weight magnitude
and weight direction updates. This will be an important technique to learn after considering

Wanda since the application of Wanda will alter the structure of the weight matrices by turning
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specific weights to zero.
It is essential to include the DoRA algorithm in this research because it will allow one
to determine whether using a magnitude and direction-based recovery scheme will outperform

other approaches.

2.7 Evaluation Metrics

For evaluating the proposed models, a combination of performance metrics and efficiency met-
rics will be employed. The reason for doing so is that sometimes a model may perform well
with respect to one metric but poorly with regard to others. Thus, we may see a recovered

model that does better in perplexity but fails in mathematical reasoning, or vice versa.

The key evaluation metrics chosen for this dissertation include WikiText-2 perplexity,
GSMBS8K accuracy, throughput, latency, and peak VRAM consumption. WikiText-2 is used to
gauge language modeling capability, whereas GSM8K is used to evaluate mathematical rea-

soning capacity.

2.7.1 Perplexity

Perplexity is used to quantify the quality of the predictions made by the model for a certain

sequence of tokens. Perplexity can be defined as

N
1
PPL = exp <_N Z logp(xi)> ,
i=1

where p(z;) denotes the predicted probability of the token ;.

Perplexity will be calculated using the WikiText-2 dataset. Perplexity can tell us whether
pruning has harmed the next-token prediction capability of the model or not, and whether PEFT

has helped in that regard.

2.7.2 Task Accuracy

Accuracy refers to the ratio of correct outputs against a set benchmark. In the case of this
dissertation, accuracy of GSM8K is applied in measuring mathematical reasoning ability. The
model produces an answer for each question presented, and this answer is compared to the gold

standard answer.

Accuracy is calculated as

Number of Correct Answers

A = '
Ceuracy = rotal Number of Questions
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However, this method has strict standards since only the final answer that is extracted
from the numbers is used. If the explanation is perfect but the final answer is wrong, the
question is marked as incorrect. This is why GSM8K is suitable for spotting degraded reasoning

due to pruning.

2.7.3 Efficiency Metrics

The efficiency metrics have been included in this paper due to the nature of work, where the
topic of recovery has been discussed in the context of limited computing resources. Accuracy
and perplexity alone cannot demonstrate if the recovery is efficient enough to use the recovered

model practically.

The peak VRAM indicates the highest amount of GPU memory used while evaluating
or recovering the model. Throughput indicates the rate of token generation per second. Latency

represents the time taken by the system to generate responses.

2.8 End-Device Deployment Constraints

For the purposes of this dissertation, deployment of an end-device denotes the execution or
testing of the models subject to restricted amounts of memory and processing power without
the requirement that such devices be either a mobile phone or embedded computer.

The key limitations of memory, latency, throughput, storage, and accuracy will be con-
sidered since compression is valuable only if the resulting model still functions practically.
Notably, unstructured pruning does not ensure runtime improvements unless the inference en-

gine/hardware supports sparse computations.

Table 2.2: Deployment constraints considered in this dissertation

Constraint Meaning in this work

Memory Peak VRAM or RAM needed during inference or fine-tuning
Latency Time required to generate output tokens

Throughput Tokens generated per second

Storage Disk size of model checkpoints and adapters

Accuracy Retained task performance after compression and recovery

A sensible compression scheme would need to achieve an appropriate balance between
these aspects, and not simply aim to maximize any of them in isolation. Extreme levels of
sparsity become meaningless if there is a significant loss in accuracy, while the benefit of

recovery ceases to exist if the gain in efficiency is negated.
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Chapter 3

Literature Review

3.1 Efficient LLM Inference

Efficient inference is a core issue of LLM deployment beyond the realm of servers where
billions of parameters are stored. Indeed, besides memory for the weights, a lot of memory is
required to accommodate activations, key-value cache, as well as many repeats of inference to
generate tokens one-by-one. The cost of inference thus becomes essential even when the model

fit memory-wise.

A number of lines have been tried to achieve efficient inference for LLMs. One approach
is quantization that decreases numerical precision, e.g., reducing the weights from FP16 or
BF16 to 8-bit and 4-bit numbers. This technique allows for more efficient model storage and
faster loading onto smaller GPUs. QLoRA operates on the same idea and keeps the pretrained

model quantized while training low-rank adapters.

Pruning is also a well-known way to reduce model size, making it smaller or sparse by
removing particular weights or other structures from the model architecture. Yet pruning is
trickier when applied to LLMs, since their representations are distributed throughout layers to
a great extent. Thus, removing arbitrary weights without taking into account their importance

for calculations may lead to loss of language modeling and reasoning behavior.

Parameter-efficient adaptation techniques can be used to achieve efficient LLMs as well.
LoRA technique freezes the base model, allowing to train only low-rank parameter adapters,
while DoRA expands the idea by decoupling weight representation into magnitude and direc-
tion. Both of them do not compress the base model per se but make adaptation to new tasks

cheaper.

This dissertation aims to address efficient inference through the combination of several
aspects. Model size, sparsity level, adapters costs, memory footprint, throughput, and task-
specific qualities should all be addressed simultaneously. No point in having a small-sized or
sparse model which cannot perform reasoning or lose a lot of reasoning ability. Also, a sparse

model alone does not mean efficient inference backend.
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3.2 Pruning of Large Language Models

Pruning has been employed for compressing neural networks for quite some time now. How-
ever, the application of pruning in LLMs requires careful consideration since it involves decid-
ing on the components of a model with millions/billions of parameters whose removal will not
affect the output too much. The approach to pruning involves identifying weights/components

that do not significantly contribute to the output.

The easiest form of pruning is magnitude pruning. As suggested by its name, magnitude
pruning entails getting rid of components that have lower magnitudes compared to the rest.
While this approach seems straightforward, it does not take into account the contribution of
small components to the output when they are connected to input channels that are active often.
For instance, in Transformer models, activation patterns differ from layer to layer, token to

token and input data point to data point.

Unlike magnitude pruning, SparseGPT addresses the problem of pruning from the per-
spective of reconstructing the layer output using the available component. Second order in-
formation is utilized to determine whether removing a component will make the reconstructed
output similar to the original one. Thus, pruning with second-order information provides a
deeper understanding of pruning than simple magnitude pruning, albeit at an increased cost.

SparseGPT proved that GPT-style models can be pruned in one shot[3].

Wanda adopts a more straightforward activation-aware approach. In contrast to SparseGPT,
Wanda does not need any Hessian inversion, weight reconstruction, or re-training after the

model pruning process. The importance of each weight is evaluated through the formula below

Sij = Wizl - 11X |2,

where WW;; refers to an individual weight, while X; denotes the activation statistics of

the respective input feature.

This importance calculation procedure is particularly pertinent to the current dissertation
since Wanda is used at the pruning stage of our workflow. This pruning technique evaluates the
importance of a weight according to its magnitude and activation statistics but without adding
too much computational overhead for generating pruned models at different levels of sparsity,
e.g., 20%, 30%, and 50%][6].

In structured pruning, the pruned unit will typically be bigger, like an entire attention
head or neuron or even an entire block. While this approach might be more favorable for
hardware implementation due to changing the dimensions of the dense matrix, it might also
tend to discard useful capacity. The LLM-Pruner paper takes a cue from this concept, where
it discovers dependent structural units and then prunes them followed by LoRA recovery [5].

However, in our case in this dissertation, Wanda-based unstructured pruning is chosen.
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3.3 Post-Pruning Performance Degradation

The pruning process affects the computation of a model that has been pre-trained. If pruning
eliminated only the redundant weights of the pre-trained model, the result will not differ sig-
nificantly. However, useful weights might get eliminated too in the case of high sparsity. As a

result, pruned LLMs might demonstrate degradation of their performance.

There are various types of model performance degradation resulting from pruning. First,
the model may have problems with language modeling; this will be shown by an increased level
of perplexity. Secondly, it might lose its ability to perform mathematical operations correctly.
For example, it might not solve problems related to addition and subtraction in the case of
GSMSK. Thirdly, it might not consider one of the conditions given in the prompt, and fourthly,
it might give an answer that does not correspond to its reasoning.

Therefore, pruning should be measured before attempting any type of recovery from its
adverse effects. Otherwise, it would not be known which part of the model behaviour remained
after pruning and what has changed during the subsequent recovery process. Thus, in this
dissertation, a three-step comparison is used: the dense baseline, the pruned model, and then

the recovered pruned model.

The level of performance degradation also depends on the level of sparsity. Pruning that
is too mild will leave the model intact, while aggressive pruning will eliminate useful model

capacity. This is the reason why multiple sparsity levels were chosen for this experiment.

Finally, recent studies show that pruning quality should not be estimated based on the
pruning mask alone. It might have a great impact on the recovery process [7], which makes

further investigation necessary.

3.4 Recovery of Compressed Models

Recovery is necessary since unpruned fine-tuning may degrade both the language modeling
performance and the reasoning capacity. The straightforward solution for recovery is full fine-
tuning, but full fine-tuning is very costly in terms of memory when it comes to LLMs, as all
the model weights, gradients, optimization states, and activations need to be stored. Such a

solution is impractical for our case, where the target architecture of hardware is limited.

Parameter-efficient tuning provides a more efficient way for performance recovery. The
idea behind parameter-efficient tuning is that, instead of fine-tuning the whole model, we tune
only several parameters called adapters and keep the rest of the model almost frozen. In the
context of the post-pruning fine-tuning, adapters are fine-tuned specifically for the pruned ver-
sion of the model. Thus, they should make up not only for the task-specific adaptation, but also
partially compensate for the loss introduced by pruning. Recent research in the restoration of

pruned LLMs [2] confirms our assumptions about the usefulness of such recovery approaches.
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LoRA is one of the widely used methods for parameter-efficient tuning. It approximates

the change in the weight matrix using low-rank matrices:

W' =W+ AW =W + BA,

where A and B are learnable low-rank matrices. As only these matrices can be updated,
the number of trainable parameters is far less than full fine-tuning, making LoRA-style recovery

well-suited for large language models where memory is restricted.

The QLoRA technique goes one step further by utilizing 4-bit precision for loading the
base model while training LoRA adapters, saving memory while recovering the model and
allowing more iterations in training the adapter. While DoRA changes the way that LoRA
works by decoupling magnitude from direction, DoRA might act differently because the base

model weights would already be adjusted through pruning.

It cannot be taken for granted that recovery is always successful. For example, a re-
covery method may perform well on sparse models but poorly on highly-sparse models. Thus,
this thesis will assess QLoRA and DoRA on various Wanda-pruned checkpoints and compare
their recovered models using WikiText-2 perplexity and GSMS8K accuracy. Furthermore, the
recovered model must outperform the raw pruned model, retain meaning compared with the

dense baseline, and even make sense in terms of efficiency.

3.5 Quantization and Low-Rank Adaptation

Both quantization and low-rank adaptation are useful for enabling recovery in light of con-
straints on GPU memory. The former enables reductions in the numerical precision of storing
weights, while the latter enables reductions in the number of parameters that are trainable via
fine-tuning. Both concepts are directly relevant to our work since recovery is based on fine-

tuning Wanda-pruned Llama-3.2-3B-Instruct checkpoints, not on fine-tuning itself.

The importance of QLoRA lies in the fact that it leaves the base model in 4-bit quantized
state, training only LoRA adapter weights. Various methods for reducing memory consumption
are employed in fine-tuning processes; these include NF4 quantization, double quantization,
and paged optimizers [1]. As a result, QLoRA makes recovery of multiple pruned checkpoints

possible in experimental setups constrained by limited GPU memory.

A block-wise quantization approach can be defined as

127 Y
absmax(Xpp32) P32 J

Xintg = round (

The dequantization process, on the other hand, approximates the floating-point repre-

sentation for calculations:

18

+ iThenticate Page 38 of 85 - Integrity Submission Submission ID  trn:oid:::3618:142616581



+ iThenticate Page 39 of 85 - Integrity Submission Submission ID trn:oid:::3618:142616581

X
dequant(c, Xiys) = Int8
c

Quantization is an effective approach that helps save memory, but it may also create
some approximations due to the use of integers for storing real values. This is especially true
when we consider the language model application because outliers in the weights distribution
could influence the scaling value. That is why QLoRA is not only useful in fine-tuning but also

in memory savings.

LoRA works on a completely different principle as well. Instead of adjusting the entire

pre-trained weight matrix, it adjusts it using low-rank matrices:

W'= Wy + AW = W, + BA,

where B is of dimension d X r and A is of dimension r x k. The original set of weights

is kept frozen, thus reducing optimizer memory space and gradient storage.

However, DoRA deviates from this idea and represents the pretrained weights as a com-

bination of its magnitude and direction. This representation can be shown as

V w

W =mo— = [[Wlerrr,
Ve Wl

Here, m is the magnitude component, and V' is the directional component. In DoRA,
an LoRA-like update is used for the direction, whereas the magnitude component can also be

updated. The updated weight can be expressed as

_ ., VAV W+ BA
IV + AV, |Wo + BA||.

W/

This expression becomes meaningful after trimming because Wanda modifies the weight
distribution by fixing some of them to zero. An additive rank-k approximation can restore some
lost behavior, but magnitude-direction approximation will generate another pattern of restora-
tion. As aresult, this dissertation experimentally compares QLoRA and DoRA methods instead
of presuming that one approach is better than the other beforehand. DoRA is an extension of

LoRA where the pretrained weights are decomposed into magnitude and direction [4].

3.6 Deployment-Oriented Evaluation

While most LLLM evaluations center around their accuracy or perplexity, there are other factors
to consider when deploying an LLM. The LLM must be loadable, testable, and operational
under constraints on memory and time. In this dissertation, this is particularly important since

the aim is not only to restore accuracy but also to establish whether the restored model has any
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meaning under the constraint of available hardware.

Task accuracy is measured using GSM8K for mathematical reasoning, while WikiText-
2 perplexity tests language modeling quality. In addition, peak VRAM, throughput, latency,
and the overall model/adapter size are taken into account as well. By considering these criteria,

we ensure that we do not reach a conclusion by solely looking at accuracy or perplexity alone.

The set of relevant performance measurements is outlined in the table below.

Table 3.1: Deployment-oriented evaluation indicators

Indicator Purpose in this dissertation Preferred
Direction
Peak VRAM Measures maximum GPU memory required during evaluation or recov- | Lower
ery.
Throughput Measures generated tokens per second during inference. Higher
Latency Measures time required for generation under a fixed setting. Lower
Perplexity Measures language modeling quality on WikiText-2. Lower
GSMB8K Accuracy Measures final-answer correctness on mathematical reasoning problems. | Higher
Model/Adapter Size | Measures storage burden of checkpoints and recovery adapters. Lower

The reason is that unstructured sparsity does not guarantee any improvement in wall-
clock performance due to the possibility of a large number of zeros residing in dense matrices
when performing inference with such sparsity. Structured/hardware-aware sparsity, however,

might yield better performance results if hardware-supported.

Therefore, we should take into account more than just accuracy improvement. Recovery
should allow for better performance than the base pruned model, yet keep the overhead reason-
able enough to make deploying the model feasible in practice. The sweet spot is somewhere

between recovering performance and paying for the deployment cost.

3.7 Research Gap

In terms of existing compression approaches, great progress has been achieved in such topics
as pruning, quantization, and PEFT. However, they are mostly studied in isolation from each
other while the actual usage case can involve all three aspects simultaneously. A model could
be pruned well but still require recovery, and an approach which succeeds on a dense model

might work quite differently on a pruned checkpoint.

Firstly, a unified post-pruning recovery pipeline needs to be provided in this dissertation.
It is common to study pruning quality or adapter-based tuning in isolation; the dissertation, in
turn, takes a predetermined sequence of actions — evaluation on the dense baseline, Wanda prun-

ing at different levels of sparsity, evaluation on a raw pruned model, QLoRA/DoRA recovery,
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and final evaluation.

Secondly, behavior of evaluation metrics needs to be considered separately. Improve-
ment in WikiText-2 perplexity does not automatically translate into better results on GSM8K
and vice versa. Therefore, both WikiText-2 and GSM8K should be used to avoid conflating
language modeling quality with mathematical reasoning ability.

Thirdly, deployment performance needs to be assessed properly rather than reporting
just the degree of sparsity and/or parameter reduction. For example, it will take special care for

unstructured sparsity to provide speedups which directly reflect the sparsity ratio.

Finally, different approaches for adapter recovery after pruning need to be compared to
each other. In particular, QLoRA is interesting for reducing memory consumption during the
recovery process while DoRA provides decomposition by magnitudes and directions which can

help with recovery from pruning.

This dissertation considers activation-aware LLM pruning [6], memory-efficient adapter
recovery [1], and weight-decomposed low-rank adaptation [4] under a consistent evaluation

framework.

3.8 Positioning of This Work

This research is situated at the crossroads of LLM pruning, parameter efficient recovery, and
constraint deployment approaches. The proposed solution does not suggest a novel approach
to either pruning or designing an adapter architecture. Instead, the paper explores the behavior
of known techniques when being integrated into one experimental pipeline.
LLama-3.2-3B-Instruct is chosen as the underlying model. Wanda pruning has been
selected due to the fact that it allows applying activation-aware post-training pruning without
pre-pruning full retraining. QLoRA and DoRA have been chosen as recovery techniques due

to their parameter-efficiency yet different forms of adaptation.

The proposed experimental pipeline can be expressed as

Ms - PWanda(M7 3)7

where M is the original LLM, s is the sparsity rate, and Pyanqa 1S the Wanda pruning
process. The recovery process is carried out according to

M;"ec = RPEFT(M57 Dtrain)v

where Dy,.i, is the dataset used for recovery training.

This will help analyze three possible states of models — the dense one, the pruned Wanda

model, and the recovered PEFT model.
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Chapter 4

Proposed Methodology

4.1 Overview of the Proposed Framework

The methodology used for this work involves a pruning-recovery pipeline instead of the com-
pression method. This method starts by taking a highly parameterized LLM that undergoes
evaluation through an immutable framework. Then, Wanda pruning is implemented for par-
ticular levels of sparsity, followed by evaluation of the pruned checkpoint before recovering
parameters to establish the degree of useful performance possible. The procedure adopted is of
significant importance because recovery performance becomes relevant only if the performance

of the original baseline and the pruned LLM have been quantified.

There are three main steps in the pipeline. Suppose M represents the original pretrained
LLM and s represents the sparsity level desired. Wanda pruning results in a sparse model
denoted as
M, = Pyanda(M, 5),

where Pyanga 1S the activation-aware pruning operation. The pruned model M is evaluated
immediately to record the damage caused by pruning. Recovery then follows using a parameter-
efficient method:

M = Rpgrr(Ms, Dirain),

where Rpgpr 1s either QLoRA or DoRA recovery and Dy,,;, is the recovery training dataset.
Finally the original model M, the raw pruned model )/, and the recovered model M are

compared under the same evaluation settings.

Figure 4.1 summarizes the complete experimental pipeline used in this dissertation. The
baseline dense model Llama-3.2-3B-Instruct is tested initially, followed by pruning at three
different sparsities: 20%, 30%, and 50% with Wanda. Then the pruned but uncorrected check-
points are tested before any recovery operation, and finally, the QLoRA and DoRA adapters
are fine-tuned and combined with the respective pruned base models.
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Figure 4.1: Overall experimental pipeline followed for pruning, recovery, and evaluation of
Llama-3.2-3B-Instruct.

The unaltered, pruned model takes a significant place in this scheme. Without Ms mea-
surement, it would be impossible to distinguish between deterioration caused by pruning and
any potential improvement through subsequent recovery. If a restored model demonstrates high
quality of performance, the interpretation of this result should take into account how much the
initial deterioration was. The poor quality of the restoration process does not automatically im-
ply the ineffectiveness of adaptation; on the other hand, it might be because the sparsity chosen

is simply too large for the model.

Another aspect that shapes the design is related to implementation. Precision alone is
not enough — if a pruned model is meant for limited hardware, it must be tested on parameters
such as memory usage, speed, and runtime behaviour. Hence, the proposed approach combines
an evaluation of the performance of the model with the analysis of its efficiency. The critical
question to be asked is whether it is possible to bring the usefulness of the LLM back without

undermining the reasons for pruning.
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4.2 Model Selection

The experiments used the Llama-3.2-3B-Instruct base model. 3B-scale models were chosen
as a good tradeoff between having enough size to learn interesting things about pruning and
recovery while being feasible to fit into GPU memory and evaluate in a reasonable amount
of time. Bigger models would make it impractical to perform repeated rounds of pruning and
recovery at different sparsity ratios and using two different methods. Meanwhile, much sparser

models will fail to demonstrate the deployment problems typical for LLMs.

At the same time, a model of this size fits well into the scope of the research focused on
end-devices. While larger models may be a more likely candidate for deployment on a device
with limitations, models of this size already require proper memory management without being
overly large. They are too big to be run effortlessly, but they can fit a small GPU. Thus, Llama-
3.2-3B-Instruct is a good middle ground for this study.

In this study, the model is viewed as a pretrained base model. The goal is not to train an
LLM from scratch. The focus is on achieving certain results when you have a pretrained check-
point available. This makes it useful for exploring real research cases where it is impossible to

train an LLM from scratch, but pruning and adaptation are still viable.

To start, the dense model was evaluated before any pruning took place. This is done in
order to create a basis for comparison. Once pruning was completed, the model was assessed

both in relation to the raw pruned checkpoint and to the dense version of the model.

Table 4.1: Base model configuration

Component Description

Dense reference model Llama-3.2-3B-Instruct

Model family Decoder-only transformer language model

Approximate scale 3 billion parameters

Model usage in this work Dense reference model for Wanda pruning, PEFT recovery, and deployment-oriented evaluation
Pruning method applied Wanda activation-aware pruning

Recovery methods applied QLoRA and DoRA

Primary evaluation datasets WikiText-2 and GSM8K

Main deployment indicators Peak VRAM, throughput, latency, and model/adapter storage

4.3 Dataset Selection

The selection of the two datasets is motivated by their ability to characterize two different
properties of the model. WikiText-2 is selected as the evaluation dataset for evaluating the
performance of the model on language modeling using perplexity. GSMS8K is used as the
dataset for evaluating the mathematical reasoning capability of the model using final-answer

accuracy. The reason behind choosing the two datasets is that one is useful for characterizing

24

+ iThenticate Page 44 of 85 - Integrity Submission Submission ID  trn:oid:::3618:142616581



+ iThenticate Page 45 of 85 - Integrity Submission Submission ID trn:oid:::3618:142616581

the model’s capability of language prediction, whereas the other is useful for the reasoning

capability of the model.

This is necessary due to the fact that pruning does not necessarily affect every property
of the model equally. A model can continue predicting text fluently while having a degraded
reasoning capability. It may show relatively small changes in perplexity but much larger drops
in the accuracy of reasoning. Having both datasets gives a balanced view regarding how much

damage has been caused by pruning and whether recovery can be achieved.

Besides evaluation datasets, Wanda also needs some calibration datasets. This is because
the Wanda pruning algorithm uses the activation values at the inputs to calculate the importance
of each weight. The activation values are calculated by using text sequences. However, this

data is not used for supervised learning in pruning.

4.3.1 WikiText-2

WikiText-2 is used for testing the performance of language models. The model operates on
text sequences, and the accuracy of its predictions can be measured via perplexity, the lower
the value of which, the more probable it is that the model predicts the right tokens from the test
text.

For our experimental setup, WikiText-2 will primarily be used for estimating the in-
fluence of pruning on the overall prediction capability of the model. The model loses some
weights, which could make its inner representation unstable and, hence, result in increased
perplexity. After recovery, a decrease in perplexity would show that the model recovers its

language modeling abilities to a certain extent.

Perplexity is calculated using the formula below.

N
1
PPL = exp N Z 1ng(Ii) )
i=1

where N is the number of evaluated tokens and p(x;) is the probability assigned to the correct
token x;. In the experiments the same evaluation script and token processing setup are kept

fixed across dense, pruned, and recovered models so that the comparison remains fair.

4.3.2 GSMSK

GSMSK acts as a benchmark to test the mathematical reasoning ability of the model. This
benchmark dataset consists of math word problems that require understanding of the problem,
some intermediate reasoning process, and providing an end numerical answer. In the current
research paper, GSM8K is especially useful since reasoning problems are known to be sensitive

to pruning. Thus, although a solution generated by the model may be coherent, any arithmetic
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mistake or confusion about a quantity will result in an inaccurate final solution.

The model’s accuracy is measured by the correctness of its final solution. The model
provides a solution for a specific problem, and the final answer is evaluated against the true

value. Accuracy is calculated as:

Number of Correct Answers

Accuracy = Total Number of Questions

A fixed sample size, seed, prompt structure, generation length, and extraction mecha-
nism of the answers is used whenever possible. This is crucial due to the potential influence
of small variations in the implementation process on the evaluation of GSM8K. For example,
slight changes in the prompt format and maximum generation length could lead to different
numbers of correct answers. Since the current study involves comparing three models, the

priority should be given to consistency rather than personalization of the prompts.

4.3.3 Calibration Data for Pruning

Wanda pruning requires calibration data to estimate activation statistics. During calibration a
small number of input sequences are passed through the model, and the input activations of

linear layers are collected. These activations are then used in the Wanda importance score
Sij = [Wisl - 1X;1l2,

where W;; is a weight and X; represents the activation values corresponding to the input chan-

nel 7. Weights with lower scores are pruned according to the target sparsity level.

This information is significant since Wanda does not judge the importance of a weight
based on its size alone, but also considers how active its corresponding input is. This relation-
ship makes the process of pruning become more consistent with how the model computes. At
the same time, calibration is based on the presumption that the selected examples are represen-
tative of the kind of text the model deals with. If this information turns out to be too specific,

then the statistics about activations will prove to be misleading.

4.4 Baseline Evaluation

Baselining formed the first step in the experiment procedure. The densely connected Llama-
3.2-3B-Instruct model was evaluated against the benchmark datasets without applying any form
of pruning and recovery. This formed the basis of comparison throughout the experiment. With-
out baselining, it would not have been easy to ascertain whether pruning significantly degraded
the model’s performance or whether recovery improved its performance back to significant

levels.
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Baseline performance testing involved the use of different performance measures. WikiText-
2 perplexity was used to measure language modeling capabilities, while GSM8K accuracy was
used to evaluate reasoning capabilities. Practical performance measures such as generated to-

kens, throughputs, latencies, and peak VRAM were also collected when possible.

Table 4.2: Baseline evaluation template

Metric Purpose

WikiText-2 Perplexity Measures general language modeling quality.

GSMBS8K Accuracy Measures mathematical reasoning through final-answer correctness.

Correct Answers Counts the number of correctly solved GSM8K problems.

Total Generated Tokens | Records the total number of generated output tokens during evaluation.

Throughput Measures generated tokens per second.
Peak VRAM Measures maximum GPU memory usage during evaluation.
Latency Measures response generation time under a fixed setting.

In another one, the same evaluation procedure was used throughout the entire work.
Namely, the same scripts were applied to evaluate dense, pruned, and recovered models under
the same conditions, whenever possible. Such a choice helps address a common problem in
experiments, which is that differences in the result obtained at various stages can be attributed
not to real improvement or worsening of model performance but merely to changes in the
experiment setting.

Concerning GSMS8K, the baseline experiment was conducted with a set amount of ex-
amples and the same random seed. The algorithm of answers’ extraction was consistent among
all models. Similarly, for WikiText-2, the process of text splitting and tokenization was the
same. While these considerations may seem trivial at first glance, they matter within the con-
text of a comparative study since the difference in a few answers in the GSM8K data set can

affect the conclusions, especially considering the limited size of the subset.

Finally, the baseline stage also gave an idea of the original deployment cost of the model
before the experiment. Specifically, the memory footprint and the speed of generation were
determined, and then these metrics could be used as a basis to understand whether the process
of pruning and recovering has positively affected the compatibility of the model with low-end

hardware.

4.5 Wanda Pruning Methodology

After baseline evaluation, Wanda pruning was applied to the dense model. I selected Wanda
because it is a post-training pruning method that uses both weight magnitude and activation

information. This fit the project setting, where full retraining before pruning was not practical
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under the available compute budget. Wanda instead allowed pruning through a calibration set

and a relatively lightweight activation collection process.

The pruning was applied mainly to the linear layers of the Transformer model. These
layers contain a large portion of the model parameters, so they were natural targets for sparsi-
fication. The first embedding layer and final output-related components were treated carefully,
since aggressive pruning in such parts may directly disturb token representation or output pre-
diction. The pruning flow was layer-wise: collect activations, compute importance scores,

select low-scoring weights, and set those weights to zero according to the target sparsity.

In this study, pruning was not treated as the final solution. It was the compression stage
that created sparse models for later recovery. This distinction is important. A raw pruned
model may lose language modeling quality or reasoning ability. Because of that, every pruned
checkpoint was evaluated before recovery, so the damage caused by pruning remained visible

and measurable.
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Wanda Pruning Mechanism
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Figure 4.2: Wanda pruning mechanism used to compute activation-aware importance scores
and generate sparse pruned checkpoints.

Figure 4.2 illustrates the Wanda pruning mechanism used in this work. The algorithm
first uses a limited dataset for propagation within the network to obtain the activation statistics.
Wanda then computes the importance of each connection based on the product of its weight

magnitude and activation norm. Connection weights that are less important are pruned depend-
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ing on the desired sparsity, while more important connections are preserved.

4.5.1 Activation Collection

The reason why activation statistics are necessary for Wanda is that, apart from weights them-
selves, the pruning algorithm needs information about how frequently the respective input chan-
nels are activated. When collecting activations, the model was fed several text sequences and

the activations on input for the target linear layers were collected.

In this particular implementation, it is important to note that the size of the activation
dataset was small enough so that activation collection was feasible under memory limitations of
the GPU. For reproducibility purposes, the number of sequences and their length were defined

in advance, and they remained constant for all variations of Wanda pruning.

It is important to note that these sequences were not used as supervised fine-tuning data.
The learning process involving label information was not yet implemented. These examples

were collected only to estimate the active hidden input space during regular inference passes.

4.5.2 Importance Score Computation

For the target linear layers, Wanda assigns an importance value to each weight considering both

weight magnitude and input activation norms. The formula for the importance is given by
Sij = [Wisl - 1 X512,

where W;; is the weight connecting input channel j to output channel ¢, and X; represents the
collected activation values for the corresponding input channel. The term ||.X || captures how

strongly that input feature is used across the calibration samples.

The importance calculated in this manner holds great significance since only the weight
magnitude may not correctly evaluate the importance. For instance, a weight which is smaller
in magnitude but has very high input activation values and frequent activity might play a sig-
nificant role, whereas a bigger weight having less activity might have lesser importance during

actual inference.

4.5.3 Sparsity Levels

The investigation uses several sparsity levels instead of using only one. It is justified due to the
fact that the degree of pruning greatly affects performance loss and the complexity of recovery.
At low levels of sparsity, pruning allows retaining more behavior of the model, while at high
levels of sparsity, pruning results in more compactness. However, the extent of the damage

caused to the model is harder to address.
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The pruning configurations used in this project are summarized in Table 4.3.

Table 4.3: Pruning configurations

Configuration Sparsity | Pruning Method Recovery Applied
wanda_s20 20% Wanda QLoRA / DoRA
wanda_s30 30% Wanda QLoRA /DoRA
wanda_s50 50% | Wanda QLoRA / DoRA

Three scenarios provide opportunities for comparison between moderate, moderate-to-
aggressive, and aggressive pruning. In case of 20%, pruning should allow keeping more capa-
bilities of the original model. Scenario of 30% serves as the median one to understand better
whether pruning damage and its recovery have been possible. Finally, scenario of 50% can
be characterized as the most radical scenario that will help to investigate the possibilities of

recovery.

4.6 Post-Pruning Evaluation

After each pruning of a Wanda-trained model, a pre-recovery evaluation took place before any
sort of recovery attempt. This preliminary process ensures isolation of the effect caused by
the pruning. Ignoring this step could lead to an inability to interpret the results, as it might be
difficult to know whether the adapter managed to recover enough performance or had simply

optimized the model to approach the baseline.

For the evaluation after pruning, identical datasets and process were used to those in
the baseline phase. For measuring the effect of pruning on language modeling, the perplexity
score was calculated on the WikiText-2 dataset. The accuracy on the GSM8K dataset was
measured to determine the effect on math reasoning. Throughput and maximum VRAM usage

are reported whenever possible.

The central comparison at this point is
M — M,

where M is the dense model and M is the pruned model at sparsity level s. The difference be-
tween their results shows the performance degradation caused by pruning. Later, after recovery,
the comparison becomes

M — Mg — M.

The following three-stage approach outlines the primary experimentation process used
in this paper: first, identify how well the dense model performs; second, quantify the level of

impairment caused by pruning; and lastly, determine the extent to which that impairment can
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be recovered using PEFT methods.

However, this pruning-induced damage may vary significantly among different eval-
uation criteria. For instance, while perplexity would reduce slowly, GSM8K accuracy may
fluctuate more irregularly. Reasoning-oriented tasks depend on multistage generation of out-
puts and consistent final answers. The pruned model might still generate coherent text but be
incapable of performing arithmetic, neglecting some conditions, or calculating the wrong an-
swer. Therefore, post-pruning evaluation does not serve as an ordinary benchmark; instead, it

demonstrates what abilities have been impaired by the compression process.

4.7 Recovery Using PEFT

Upon the assessment of the unrefined pruned models, recovery is carried out through parameter-
efficient fine-tuning. It is worth noting that full fine-tuning is not used because it requires
updates for all the parameters of the model, and it is simply too costly, especially within the
confines of the current hardware resources. More importantly, this approach goes against the

practical aim of the study, in which efficiency in terms of recovery is prioritized over re-training.

In this case, parameter-efficient fine-tuning approaches prove to be more applicable
since they involve minimal changes to the base model by keeping it mostly frozen while train-
ing just a few new parameters. In particular, the recovery methods used here are QLoRA and
DoRA. Both approaches belong to the adapter-type techniques; however, they differ in how
they represent their update process. The comparison of these two will reveal whether the re-

covery outcome depends on the choice of adapter type, aside from pruning, that is.

For each pruned model M, recovery is performed as
M;“ec = RPEFT(MS7 DT)7

where D, denotes the recovery training data and Rpgrpr denotes the selected recovery method.
The recovered model is then evaluated using the same protocol as the baseline and raw pruned

models.

4.7.1 QLoRA Recovery

QLoRA recovery involves low-rank adaptation where the base model remains frozen and mem-
ory usage is optimized. QLoRA recovery comes in handy in this research because it allows one
to conduct the recovery experiment without having to pay for the associated memory expenses
that come with fine-tuning. The pruned model acts as the fixed backbone while the adaptable

weights get modified.
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The LoRA-style update can be written as
W'=W + AW =W + BA,

where W is the frozen base weight, and A and B are low-rank trainable matrices. Since only
these adapter matrices are trained, the number of trainable parameters is much smaller than the

full model size.
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Figure 4.3: PEFT-based recovery pipeline for Wanda-pruned models using QLoRA and DoRA
adapters.

Figure 4.3 shows the recovery process applied after Wanda pruning. PEFT adapters
are added to the attention and projection layers in each pruned model. Memory-efficient re-
covery using low-rank adapters and quantization is done using QLoRA while DoRA performs
magnitude—direction decomposition of the model parameters for recovery. After training on
the GSMSK training subset, the trained adapters are added to the base pruned model before
performing the evaluation step.

In the context of model recovery, QLoRA serves two purposes: first, as an adapter that
helps adapt the model to a new task, and second, as a tool to correct degradation caused by
Wanda pruning. The idea is that the adapter will be able to learn to correct the errors of the

pruned model so as to perform better on the given dataset.
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The setup for QLoRA model recovery includes parameters such as the adapter rank, al-
pha, dropout, learning rate, batch size, gradient accumulation, number of training steps, number
of epochs, and maximum sequence length. All the mentioned values are fixed for each degree

of sparsity of the model.

4.7.2 DoRA Recovery

DoRA recovery is included because it changes the standard low-rank adaptation mechanism.
Instead of treating adaptation only as an additive low-rank update, DoRA decomposes the pre-
trained weight into magnitude and direction components. The adapted weight can be written

as
Wy + BA

=M,
|Wo + BA|.

where m represents the magnitude component and B A gives the low-rank directional update.

W/

This is what makes DoRA unique compared to traditional LoRA-based recovery. It allows the

model to control the scale and direction of the adapted weight representation.

This difference gains importance after pruning. Wanda changes the structure of the
weights by removing some of them. Recovery that can control both the scale and direction of
weight might behave differently from a simple additive adapter. But this does not necessar-
ily mean DoRA will always be superior to QLoRA. The comparison takes place under equal

pruning and testing conditions.

In this experiment, DoRA is run on the same set of pruned checkpoints where QLoRA
was used for recovery. This will allow for a comparative study between the two recovery

algorithms at levels of sparsity of 20%, 30%, and 50%.

4.7.3 Adapter Merging and Inference

After adapter recovery training, adapters could be loaded individually along with the pruned
base model or incorporated in the model itself depending on the experiment setup and compat-
ibility of the used framework. The individual loading of adapters has some advantages over the
adapter merge in the context of experimentation. Firstly, it maintains the modularity of the base
pruned checkpoint and the recovery adapter. Additionally, such approach allows comparing the

effect of the QLoRA and DoRA adapters trained using the same pruned model.

While the adapter merge can simplify the inference process through incorporation of
adapter weights in the base ones, the right choice depends on available memory space, desired
precision, and necessity of switching between several adapters. In the current study, the focus
is on consistent evaluations rather than optimization of deployments based on adapter merge

alone.

An important practical note should be made, however. PEFT recovery does not make
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the pruned base model unnecessary for the deployment. While being smaller in comparison
with the base model, the adapter continues functioning on top of it. Thus, when analyzing the
deployment, one should take into account the size of both pruned model and recovery adapter.
It explains the consideration of model and adapter sizes, VRAM consumption, and inference

throughput in the next section.

The last recovered-model evaluation stage included merging the trained adapter with the
respective pruned base model prior to evaluating the performance on GSM8K and WikiText-2
data. Such action was primarily taken to optimize the inference process. If the adapter was
retained as a separate component during inference, the token generation process would have
been slower due to the necessity to perform the computation via the adapter at each forward
pass. As a result, the inference process became simpler in this case with similar speeds of

evaluation among the recovered models.

4.8 End-Device-Oriented Evaluation

Evaluation oriented toward end-device restores the connection to the actual target of our exper-
iment. In this case, by end-device we do not mean that the produced model would actually run
on some mobile phone or a real embedded machine. Instead, we use this terminology from the
research perspective — to refer to inference environments that suffer from memory, computing
power, and speed limitations in comparison to large cloud servers. It could be, for example, a

smaller GPU, a CPU setup, or consumer machine.

The recovered pruned models are evaluated according to both task-related metrics and
efficiency criteria. Among the key metrics are the following: model size after pruning, adapter
size, VRAM used in inference, token throughput, latency per request, and task performance.
This combination is important since no model can be considered deployable simply because it
is sparse; it should also be able to work under certain hardware conditions and produce sensible

outputs.

At this step, we should understand trade-offs as well as consequences. Higher sparsity
allows lowering non-zero weight counts but might negatively affect GSM8K accuracy or raise
perplexity. Recovering task performance increases the number of adapter parameters and might
affect inference memory consumption depending on the way the adapter was trained. This
means that the best model may not be the most compact but the one that achieves a reasonable
trade-off.

The following metrics are collected during end-device-oriented evaluation:
Efficiency Profile = {Peak VRAM, Throughput, Latency, Model Size, Adapter Size}.
These values are interpreted together with

Performance Profile = {WikiText-2 PPL, GSM8K Accuracy}.
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However, there exists one aspect that should not be overlooked. Sparsity is not proportional
to the wall-clock speed-up by nature unless used along with sparse kernel computations or
hardware-aware libraries for inference. Thus, I do not make any exaggerations in regards to the
speed-ups achieved through the process of pruning. The analysis provided relies on real-time

metrics and behavior observed during the experiment.

4.9 Complete Experimental Flow

It should be noted that there was no separation between the two phases, meaning both pruning
and recovery were in one pipeline because they depended on each other sequentially. Initially,
the dense model sets the standard for comparison. Subsequently, pruning based on Wanda is
performed and sparse checkpoints of the selected sparsities are obtained. Then the evaluation

of the raw pruned checkpoints takes place without the recovery step.

Let M denote the original dense model and let s denote a target sparsity level. Wanda

pruning produces a sparse model
Ms = PWanda(Ma S)'

The pruned model M is then recovered using a PEFT method R,., where 7 is either QLoRA or
DoRA:
M;ec - Rr(Msv Dtrain)-

This is where we compare the three model states, namely the densely-connected base model
M, the sparse pruned model My, and the recovered model M} *°. There are two main hypotheses
being tested here - the degree of performance loss resulting from pruning, and the recoverability

of such losses.

The final stage base model in this work is Llama-3.2-3B-Instruct. Wanda activation-
aware pruning was done at three different levels of sparsity: 20%, 30%, and 50%. The respec-
tive checkpoints are named as wanda_s20, wanda_s30, and wanda_s50. Both QLoRA and
DoRA recovery were performed on each checkpoint separately, giving a total of six configura-

tions.

It is crucial to specify what the data used in Wanda pruning means. The activation data
that was used in Wanda is the calibration data, but not the validation data in the supervised
learning paradigm. Namely, a relatively small batch of input sequences is passed through the
model to gather activation statistics from linear layers of interest. Then this information, along
with the absolute value of the weights, is used to calculate the Wanda importance score. In the
pruning stage, the amount of activation collection data was equal to 64 calibration sequences
with the length of 512 tokens. This data did not serve for the model training, its purpose is to

provide some estimates on which weights should be pruned.
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The GSMSK test was done with fixed number of samples of 650 problems and random
seed of 42. Also, the maximum number of generated tokens was set to 512 per problem. The
same prompt schema, the same answer extraction rules, and the same evaluation script were
used in the evaluation of dense baseline model, raw pruned models, and recovered models. The
decoding configuration was kept unchanged between the models. Top-p sampling parameter or

other generation parameters were fine-tuned individually for each checkpoint.

Algorithm 1 Efficient Recovery Pipeline for Pruned LLMs

Input: Original pretrained model M, sparsity levels S = {20%, 30%, 50%}, recovery methods
R = {QLoRA, DoRA}, evaluation datasets Dey,, recovery training data Dy,
Output: Evaluation results for dense, raw pruned, and recovered models
1: Evaluate dense baseline model M on Dy
2: for each sparsity level s € S do
3: Apply Wanda pruning:
M < Pwanaa(M, s)

4: Evaluate raw pruned model M, on Deyy
5: for each recovery method » € R do
6: Perform PEFT recovery:

M;?TC — Rr(Msv Dtrain)

7: Merge the trained adapter with the corresponding pruned base model
8: Evaluate recovered model M on Deyy
9: end for

10: end for

11: Compare all configurations using perplexity, GSMS8K accuracy, throughput, and
deployment-oriented indicators
12: Select the most suitable sparsity—recovery configurations under the chosen evaluation con-

straints

For WikiText-2 perplexity metric, the test data contains 131,072 tokens. Sequence
length was set to 1,024 tokens with stride equal to 512 tokens. It ensures that all dense, pruned,

and recovered models will be evaluated on the same text.

During the recovery process, we used the GSMS8K training split for this task. A total
of 7,473 training samples were used for adapter recovery, where each recovery task underwent
one epoch of training. The adapter rank was kept constant at 16, while the LoRA alpha was
tuned to 32, and the dropout and learning rate were set to 0.05 and 2 x 107, respectively.
The target modules used in both QLoRA and DoRA recovery are the same:q_proj, k_pro7,

v_proj, o.proj, gate_proj, up-proj, and down_proj. The advantage of using static
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adapter positions allowed for more control when comparing QLoRA to DoRA, since the degree

of pruning, amount of recovery data, and adapter insertion points stayed consistent.

For the final tests, the trained adapters were incorporated into the pruned base models
before performing any evaluation on the GSM8K and WikiText-2 datasets. The main goal here
was to optimize the inference process by reducing the number of operations. Without merging
the adapters, calculations will need to be performed each time during generation, which could
cause slowdowns. Incorporating the adapters into the model makes the inference process easier
and provides a more traditional way of model loading. Therefore, the results obtained from the

experiments in the next chapter relate to the adapter-merged models.
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Chapter 5

Algorithms, Implementation, and
Complexity

5.1 System Pipeline Overview

The implementation itself followed the pipeline principle, with each step built upon the preced-
ing one. Such a structure was preserved since each subsequent step relied on the results of the
previous stage. The dense model had to be evaluated first, after which the pruned checkpoints
were to be created, and the recovery adapters were to be fine-tuned on the pruned checkpoints.
Only then could the comparison of all the model variants be done according to the same condi-

tions. Otherwise, the final experiment would be hard to validate.

Generally speaking, the process includes five main blocks: baseline evaluation, Wanda
pruning, recovery training, evaluation, and logging/artifact management. The baseline evalua-
tion scripts are to evaluate the original Llama-3.2-3B-Instruct model prior to the compression
process. The pruning script uses the Wanda approach on the required sparsity. The recovery
block involves training both QLoRA and DoRA adapters on the pruned checkpoints. Evalu-
ation scripts are used multiple times for baseline, pruned, and recovery models to allow for
comparison. Metrics, predictions, performance, and memory logs are stored with the help of
logging scripts.

It may be assumed that reproducibility relies not only on the algorithms involved but
also on the manner in which outputs are stored. Thus, for GSMS8K, output answers will also
have to be saved alongside the metrics to better understand the nature of the mistake. For
the perplexity calculation, the exact configuration for evaluation will have to be preserved to
interpret any differences in PPL as model-related and not script-dependent. This approach

makes the experiments much easier in the case of varying sparsities and multiple recoveries.
Thus, the implementation serves as an experimental control framework. Due to the

fact that multiple states of the model are compared, the evaluation process has to be carefully

repeated for each state. In particular, in the case of GSM8K, even slight discrepancies in answer
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extraction and length influence the evaluation result significantly.

Table 5.1: Major components of the implementation

Component Purpose

Baseline evaluation scripts | Evaluate the original dense model on WikiText-2 perplexity
and GSMS8K accuracy.

Pruning script Apply Wanda pruning at selected sparsity levels and save
the pruned checkpoints.

Recovery scripts Train QLoRA and DoRA adapters on the Wanda-pruned
models.
Evaluation scripts Evaluate dense, raw pruned, and recovered models under the

same protocol.

Logging utilities Save metrics, JSONL predictions, throughput, latency, and
hardware usage.

Upload utilities Save model checkpoints and adapters locally or upload them

to Hugging Face Hub when required.

5.2 Baseline Evaluation Algorithm

The baseline evaluation algorithm evaluates the dense model to establish its performance before
pruning. In this way, it establishes the metrics that will be used for comparison in future exper-
iments. As much as possible, the evaluation process follows the same principles throughout, so

the algorithm serves to define the common method of evaluation for the entire experiment.

The baseline evaluation algorithm loads the tokenizer and base model, calculates the
perplexity value on WikiText-2, provides answers to GSM8K questions, checks the results
against the correct answer and saves the metrics of interest. In addition to the accuracy metric
and perplexity, token generation and throughput, as well as the maximum VRAM consumption,
are saved. These numbers will come in handy at the point where deployment feasibility will be

considered.

It may seem that the step is easy and not important, but actually, it plays an essential
role. This step defines the evaluation standard. Loose results of baseline evaluation could have
made it hard to prove anything further. For that reason, the baseline results can be considered

the foundation of this experimental study.
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Algorithm 2 Baseline Evaluation

Input: Dense model M, WikiText-2 evaluation set Dy, GSM8K evaluation set Dy

Output: Baseline perplexity, GSM8K accuracy, generated outputs, and efficiency metrics

1:

—
N = O

R AT U R B

Load tokenizer and dense model M

Tokenize D,y using the model tokenizer

Compute next-token prediction loss on Dy,

Calculate perplexity from the average loss

for each question ¢; € Dy, do
Generate model response ¢J; using the fixed prompt template
Extract the final numerical answer from gj;
Compare the extracted answer with the gold answer

end for

Compute GSM8K accuracy

: Record generated tokens, throughput, latency, and peak VRAM

: Save metrics and prediction outputs

5.3 'Wanda Pruning Algorithm

The Wanda pruning technique is implemented after baseline analysis. In this pruning tech-

nique, the magnitude of the weight is used along with the activation norm of its input channel.

Therefore, this technique can be considered more appropriate than basic pruning because the

value of LLM weights cannot always be interpreted correctly through their magnitude.

To compute the Wanda score, the activation for the selected target layer will be extracted

using calibration data, and the Wanda score will be calculated as

S = Wil -1 X2,

where IV, denotes the weight matrix of layer [ and X; denotes the collected input activation

statistics for that layer. The lowest-scoring weights are selected according to the required spar-

sity level and set to zero. The resulting sparse model is saved as a pruned checkpoint.

This process is carried out for all the selected sparsity rates. During pruning, there is no

recovery process as well. The pruning stage will only yield the pruned model without recovery.

Before adapting the pruned model, it will be assessed individually to separate the impact of

pruning from adaptering process.

40

+ iThenticate Page 60 of 85 - Integrity Submission Submission ID  trn:oid:::3618:142616581



+ iThenticate Page 61 of 85 - Integrity Submission Submission ID trn:oid:::3618:142616581

Algorithm 3 Wanda Pruning

Input: Dense model M, calibration data D, target sparsity level s
Output: Wanda-pruned model M

1: Load dense model M

2: for each target linear layer [ in M do

3 Pass calibration samples from D, through the model
4: Collect input activation statistics X; for layer [
5 Obtain the layer weight matrix W),
6 Compute Wanda importance score:
S = (Wil - | Xl
7: Identify the lowest-scoring weights according to sparsity level s
8: Set the selected weights to zero
9: end for

10: Save the pruned checkpoint as M
11: Return M,

5.4 Recovery Training Algorithm

Post pruning, there is always some degradation of language modeling/reasoning capabilities of
the model.

Recovery aims to mitigate this degradation through parameter-efficient fine-tuning. As
opposed to fine-tuning, all model parameters are frozen, and the training is done for adapter pa-
rameters only, which preserves the integrity of the recovery process within the limited-resource
assumption. On a conceptual level, the algorithm used during the recovery procedure is univer-
sal to both QLoRA and DoRA.

In the chosen PEFT approach, trainable adapter parameters are introduced, and the
model is fine-tuned with train batches selected from the recovery dataset, computing the lan-
guage modeling loss, and updating adapter param- eters, while keeping all other weights con-

stant.

The adapter architecture for QLoRA is the standard low-rank update approach in con-
junction with efficient memory usage and model loading, while for DoRA, weight decom-
position into magnitude and direction is used. While their inner workings are different, the

high-level pipeline stays the same for both cases.
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Algorithm 4 PEFT-Based Recovery
Input: Pruned model Mj, recovery dataset D,., PEFT method A € {QLoRA, DoRA}

rec

Output: Adapter checkpoint and recovered model M7,

1: Load pruned model M

Freeze base model parameters

Insert trainable adapter parameters according to method A

for each training step do
Sample a mini-batch from D,
Run the forward pass through the pruned model and adapter
Compute language modeling loss

Backpropagate only through adapter parameters

R S A U T

Update adapter parameters using the selected optimizer

end for

HH
- O

: Save the trained adapter checkpoint

—
[\

: Merge adapter weights with the corresponding pruned base model for final evaluation

: Return recovered model M

—_
(O8]

Recovery is an important part of our experiments as pruning by itself only answers how
much the model can be compressed without significant degradation. However, what we care
about is whether the lightweight finetuning procedure can restore enough capability of a pruned

model to make its use practical.

5.5 GSMSK Evaluation Procedure

The GSMS8K evaluation methodology is performed on the baseline, pruned, and restored mod-
els to evaluate their mathematical reasoning ability. I don’t consider GSM8K as a standard
text-generation evaluation benchmark. In the current research, it is employed to assess the abil-
ity of the model to understand the word problem, go through the required arithmetic reasoning,

and return the accurate numeric result.

The evaluation begins with the preloading of the fixed subset of examples in GSM8K
with a fixed random seed. A fixed seed is critical here since multiple model variants are eval-
uated. The variation of the question set leads to variance in results due to the sample selection
rather than model performance. Also, the prompt templates are consistent across all models to
provide reliable comparison results.

For each question, the model produces a solution. The resulting text could contain the
arithmetic reasoning process, calculations, and the final result of calculation. As the correct an-

swer should be numeric, the script extracts the last numeric value from the produced solution

42

+ iThenticate Page 62 of 85 - Integrity Submission Submission ID trn:oid:::3618:142616581



+ iThenticate Page 63 of 85 - Integrity Submission Submission ID trn:oid:::3618:142616581

and compares it to the ground truth. Accuracy is calculated as

Number of Correct Answers
Total Number of Evaluated Questions

Accuracy =

As for the settings in the experiments, the number of generated tokens in each case is
fixed to the same maximum number. This is important since too low generation length might
cut off the reasoning process before reaching the conclusion, while too large one may result in

useless reasoning continuation.

Additionally, the decoding setting remains constant so that the variations introduced by

sampling procedure will not be a part of the comparison.

It should be noted that the accuracy of GSMS8K is highly dependent on the answer
extraction. A model can output a solution, yet use a different form of writing it down. At the
same time, another one may get the correct number, but provide a weak reasoning trail. Thus,
the predictions in JSONL form will be kept for qualitative analysis, as it will help to establish

whether pruning helps to improve the reasoning process or just the form of the final solution.

Thus, the purpose of using GSMS8K in this study is double — first, it helps to measure
reasoning skills of each model numerically, and second, it helps to get examples of generation

that could shed light on the effect of pruning and recovery on reasoning process.

5.6 Perplexity Evaluation Procedure

Perplexity analysis is applied to analyze the quality of language modeling. Although the
GSMBSK data set is designed to test math reasoning, the perplexity test is performed to evaluate
the general ability of the model to predict natural language. In the current research, WikiText-2

will be utilized to perform perplexity testing.

Firstly, the evaluation text is tokenized using the tokenizer of the base model. Then, the
tokenized sequence is split into blocks within the limits of context size and memory capacity.
For each block, the next-token prediction loss is calculated. The losses are summarized for the

evaluated tokens, and the perplexity is calculated as

N
1
PPL = exp <_N E 10gp(%)> )
i=1

where N is the number of evaluated tokens and p(z;) is the probability assigned by the model
to the correct token x;. Lower perplexity indicates better language modeling quality.

In the experiment, the identical text splitting, tokenizer, maximum token or char limit,
and method of averaging loss are used for all model variants, as perplexity depends on the

evaluation text, splitting strategy, and tokenizer used. It was important in the experiments as
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we compare the performance of dense, pruned, and recovered models, and thus, the evaluation

strate- gy has to be kept constant throughout.

Perplexity is beneficial because it is a more stable metric compared to exact match ac-
curacy. The fact that a model makes a mistake while generating a GSM8K response does not
automatically mean that language modeling performance is lost, although perplexity would
help us determine this fact. On the other hand, perplexity is not an indicator of reasoning

perform- ance, meaning that even a good one might produce incorrect results.

5.7 Hardware and Software Environment

The tests are conducted within certain constraints of the GPU environment. This is not a matter
of implementation but the essence of the work since the research is based on the idea of efficient
recovery and deployability.

These constraints have an impact on all aspects of the experiment, including model
loading, pruning, recovery training, batch sizes, selections of precision, and the duration of
evaluations. The initial exploratory experiments were run on a scaled-down Tesla P6 setup;
however, the final recovery training and evaluation experiments reported in this thesis were
done on a RunPod NVIDIA A40 GPU.

In case of necessary recovery or other related processes, tests can be conducted in note-
book or Kagglelike environments. The implementation utilizes mainly the following tools:
PyTorch, Hugging Face Transformers, PEFT, Datasets, and Accelerate. Depending on the task,
the model is loaded in one of three formats: FP16, BF16, 4-bit.

The final recovery training and evaluation was performed using a paid RunPod GPU
setting. Although initial tests were carried out using small GPU settings, the final results were
obtained using an NVIDIA A40 GPU. The latter had enough memory to recover and test all six
models, which included recovery using three sparsity values with QLoRA and three sparsity
values with DoRA.

The hardware setup influences a number of design decisions. The ability to do full fine-
tuning of the parameters of the models used is out of the question in the proposed setup, hence
the choice of PEFT-based model recovery. Other recovery setup parameters such as batch size,
gradient accumulation, sequence length, and quantized loading are also set to accommodate

memory constraints so that experiments will still align with the motivation for the study.

The hardware setup is not merely a background factor in the study. It influences the
research question. With unlimited computing power, full fine-tuning and model comparisons
are possible tasks. In the face of constrained GPU memory, the pertinent question is whether

pruning and model recovery could deliver usable results.
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Table 5.2: Final hardware and software environment used for recovery and evaluation

Item

Final Configuration

Evaluation platform

RunPod paid GPU environment

GPU NVIDIA A40
GPU memory Approximately 46 GB VRAM
Base model Llama-3.2-3B-Instruct

Pruning method

Wanda activation-aware pruning

Pruning sparsity levels

20%, 30%, and 50%

+ iThenticate Page 65 of 85 - Integrity Submission

Recovery methods QLoRA and DoRA

Framework PyTorch

Libraries Transformers, PEFT, Datasets, Accelerate, BitsAndBytes
Artifact backup Hugging Face Hub

5.8 Complexity Analysis

This paper’s discussion on complexity is confined to the three primary stages of computation
of the pipeline: Wanda pruning, recovery training through PEFT method, and inference. This
analysis is not an attempt to come up with the entire cost of each step of computation for the

Transformer network; rather, it seeks to establish the major costs incurred during the process.

5.8.1 Pruning Complexity

Wanda pruning incurs its biggest overhead during activation collection and computation of
the scores. Calibration data is passed through the network to collect input activations to the
target linear layers. No backward propagation takes place in this process, and only forward

propagation takes place.

Consider a target linear layer whose weight matrix is I¥;. Let the collected activation

statistics be represented by X;. Wanda then computes the score

S = (Wil - [[Xill2-

This score is computed by multiplying the absolute value of weights and their respective
norms. The weights that have lower scores are retained based on a particular sparsity value and
become zero. Wanda is less complicated than other second-order pruning algorithms because
of the absence of the need to invert the Hessian matrix, reconstruct weights, and retrain mod-
els. Pruning is performed individually for 20%, 30%, and 50% sparsity values; therefore, the

pruning costs increase with the number of sparsity settings.
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5.8.2 Recovery Training Complexity

Training for the recovery task employs parameter-efficient fine-tuning. As such, only adapter
parameters are fine-tuned whereas the pruned base model is kept fixed. The number of trainable
parameters and memory needed for storing gradients and optimizers are therefore reduced when

compared to full fine-tuning.

In the LoRA-based approach, the weight updating is represented by

AW = BA,

where A and B are low-rank trainable matrices. The trainable parameter count for such
an adapted matrix, given the original weight matrix shape to be d x k and adapter rank to be 7,

can be expressed approximately as

r(d+ k),

which is much smaller compared to dk for < min(d, k). The memory savings due to
this factor form the primary rationale behind why PEFT is applicable in situations where prun-
ing of the model is to be done. While QLoRA saves on memory by quantizing the base-model,
DoRA alters the procedure by making use of magnitude—direction decomposition. However,
even in such situations, the computationally expensive process remains that of the forward and

backward passes.

5.8.3 Inference Complexity

Inference within autoregressive LLMs is still costly since the generation of tokens is sequential.
Every subsequent token requires a forward pass over the entire network, with the complexity
depending on the size of the model, the sequence length, the precision of computations, the

batch size, and the efficiency of the inference engine.

It is not necessarily true that the use of Wanda pruning yields proportional improvements
in inference speed, as the operation remains dependent on the type of matrix multiplication
kernels utilized. Dense matrix multiplication kernels, for instance, would require non-zero
weights to be stored and multiplied within dense tensors. As a result, a model having 50%

sparsity is unlikely to be twice as fast without sparse kernels or hardware support.

This means that the interpretation of inference performance in this dissertation relies
solely on experimentally obtained measurements of throughput and latency as opposed to the
theory alone. Adapter merging helps make the recovered model simpler, but the pruning algo-

rithm would have to load and execute the pruned base model regardless.
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5.9 Reproducibility Details

Reproducibility becomes especially important in this study because of the presence of multiple
models and evaluations. Minor changes in the random seed, prompts, lengths of generation,
and answer extraction may impact results, particularly for GSMS8K. In order to achieve this, the
design of the experiment takes into account all the important parameters associated with each

of the outputs produced by the study.

Important parameters associated with reproducibility include random seed value, path
to the checkpoint, version of the data set, number of samples used in the evaluation, maximal
length of generation, hyperparameters used in adapters, and file paths where outputs are saved.
Generated responses from GSM8K are saved in JSONL format along with answers extracted
and correctness labels. Summary metrics are also separately saved in JSON format to reproduce

tables even if not all experiments are reproduced.

The following information is recorded for each major run:

* model name or checkpoint path;

* pruning sparsity level, where applicable;

* recovery method, such as QLoRA or DoRA;
* dataset name and split;

* evaluation sample size and random seed;

* maximum generation length for GSM8K;

* adapter hyperparameters such as rank, alpha, dropout, learning rate, batch size, and train-

ing steps;
* output paths for JSONL prediction files and metric files;

* hardware-related values such as peak VRAM and throughput.

There were many learnings involved in creating this system. Just documenting accuracy
alone isn’t sufficient because there’s much more information conveyed through the outputs of
the model than through that one number. Outputs allow for detecting incorrect computations,
problems with the generation process, following the prompt, and errors with extraction. The
reproducibility pipeline is also key for writing up the dissertation.

The reproducibility pipeline ensures support for writing up the final dissertation, which
involves making sure the model analysis takes place under specific conditions where the outputs

are saved.
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Chapter 6

Experimental Results and Discussion

6.1 Experimental Design

These experiments investigate the amount of performance loss suffered due to Wanda pruning
and what portion of the losses can be reversed via PEFT. The Llama-3.2-3B-Instruct model
will undergo the analysis in the following three forms: dense baseline, raw Wanda-pruned

checkpoint, and recovered checkpoint.

In the case of Wanda pruning, the sparsities of 20%, 30%, and 50% will be considered.
The former corresponds to a weak form of pruning, the latter two represent an intermediate con-
figuration and an aggressive one, respectively. Each raw pruned checkpoint is then recovered
via QLoRA and DoRA.

The groups of models subject to evaluation include dense baselines, raw Wanda-pruned
checkpoints, QLoRA-recovered checkpoints, and DoRA-recovered checkpoints. All models
follow the same protocol. The language modeling quality metric will be WikiText-2 perplexity,
GSMSK accuracy will measure mathematical reasoning capability, and throughput will serve
as the efficiency metric. Raw pruned models are evaluated prior to recovery in order to quantify

the damage done by pruning and the improvement achieved during recovery.

6.2 Baseline Results

The dense version of Llama-3.2-3B-Instruct model is initially benchmarked to obtain the ground
truth comparison metric for other experiments. Baseline scores are reported in Table 6.1.
Specifically, for the GSMS8K evaluation, 650 questions are employed, using random seed 42
with max length of 512. For WikiText-2, the score metric is perplexity measured on 131,072
tokens.

The dense baseline yields the best score overall in this scenario. It has the lowest per-
plexity for WikiText-2 and the highest accuracy for GSM8K amongst all the experimental se-

tups considered here. Hence, the recovered models should always be compared against both
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Model PPL Correct | Accuracy | Throughput
Llama-3.2-3B-Instruct | 10.4627 | 462 /650 | 0.7108 46.33 tok/s

Table 6.1: Baseline performance of the dense Llama-3.2-3B-Instruct model

the dense baseline and the raw pruned checkpoint models.

6.3 Effect of Wanda Pruning

Once the dense checkpoint has been prepared, Wanda pruning is conducted on the checkpoints
with 20%, 30%, and 50% sparsity, respectively. Before evaluating QLoRA and DoRA recovery,

we assess the impact of the pruning process itself on performance, as demonstrated in Table

6.2.

Model Sparsity| PPL | Correct | Accuracy | Throughput
wanda_s20 20% [23.3884(328/650| 0.5046 | 48.06 tok/s
wanda_s30 30% [25.4533|314/650| 0.4831 | 47.56 tok/s
wanda_s50 50% [45.1633|117/650| 0.1800 | 48.02 tok/s

Table 6.2: Performance of raw Wanda-pruned models before recovery

The experiments reveal an evident decline in performance following pruning. The raw
pruned checkpoints exhibit lower accuracy and higher perplexity than the baseline. At 20%
and 30%, the reduction in performance is relatively small; however, it is severe at 50% sparsity,
with GSMS8K accuracy dropping to 0.1800.

As expected, pruning has affected both next-token prediction and math reasoning ability.
With 20% and 30% sparsity, the models can still perform well, whereas 50% sparsity removes
a significant amount of mathematical reasoning performance from the model. These findings

support our assumption that there is a need for a recovery step with QLoRA and DoRA.

6.4 Recovery Results Using QLoRA

After pruning of the checkpoints, the recovery with QLoRA was performed for each of the
sparsity levels. For QLoRA recovery, the pruned checkpoints were considered frozen models,
and the adaptation parameters were trained on the GSM8K training dataset. The same recovery

settings were utilized for each of the sparsity levels, including 20%, 30%, and 50%.
The QLoRA recovery results are shown in Table 6.3 below.

QLoRA recovery provides better performance for all three raw pruned checkpoints.
This performance gain can be observed for both metrics, GSM8K accuracy and WikiText-2

perplexity. QLoRA recovery shows the maximum effect for 50% sparse models. Nonetheless,
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Model Sparsity| PPL | Correct | Accuracy | Throughput
wanda_s20 + QLORA 20% |21.7185]344/650| 0.5292 | 47.49 tok/s
wanda_s30 + QLoRA 30% |23.2286|329/650| 0.5062 | 46.80 tok/s
wanda_s50 + QLORA 50% |33.8288|289/650| 0.4446 | 47.77 tok/s

Table 6.3: Recovery results using QLoRA

despite applying the recovery method, the obtained results for QLoRA models are still worse

than those for a dense baseline model.

6.5 Recovery Results Using DoRA

The application of DoRA recovery technique was done on the same checkpoints for Wanda
pruning used to recover the QLoRA model. All factors, including the base model, sparsity
ratio, training dataset, adapter size, and evaluation process, remain identical for both methods.
However, the primary difference in DoRA is based on using magnitude-direction decomposi-
tion instead of standard LoRA update.

The DoRA recovery results are shown in Table 6.4 below.

Model Sparsity| PPL | Correct | Accuracy | Throughput
wanda_s20 + DoRA 20% |21.5220|352/650| 0.5415 | 47.37 tok/s
wanda_s30 + DoRA 30% |23.8493|343/650| 0.5277 | 45.30 tok/s
wanda_s50 + DoRA 50% [34.40441293/650| 0.4508 | 47.64 tok/s

Table 6.4: Recovery results using DoRA

In comparison, DoRA performs better in all cases. The models obtained through DoRA
recovery produce more accurate results on GSM8K tasks compared to their raw counterparts.
The model with a 20% sparsity ratio produces the highest accuracy in its class, while the 50%
model makes the most progress compared to the raw pruned model. Moreover, perplexity

becomes lower as well, which means that the model improves its language modeling abilities.

6.6 Comparison of QLoRA and DoRA

Models trained from raw, Wanda pruned weights, and those obtained via QLoRA and DoRA
recovery methods are compared in table Table 6.5. Given that the conditions of training, eval-
uation and pruning are identical for the QLoRA and DoRA recovery methods, the differences

in the results can be attributed to recovery methods’ peculiarities only.
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Sparsity | Raw Acc. | QLoRA Acc. | DoRA Acc. | Raw PPL | QLoRA PPL | DoRA PPL
20% 0.5046 0.5292 0.5415 23.3884 21.7185 21.5220
30% 0.4831 0.5062 0.5277 25.4533 23.2286 23.8493
50% 0.1800 0.4446 0.4508 45.1633 33.8288 34.4044

Table 6.5: Comparison of raw pruned, QLoRA-recovered, and DoRA-recovered models

Model Configuration

; Dense baseline % 20% sparsity % 30% sparsity % 50% sparsity

Dense baseline - | 0.7108 =
wanda_s20 | | 0.5046 -
wanda_s30 | 0.4831 -
wanda.s50 I 1018 i

wanda_s20 + QLoRA | 0.5292 B
wanda_s30 + QLoRA - | 0.5062 -
wanda_s50 + QLoRA - ] 0.4446 L
wanda_s20 + DoRA - | 0.5415 -
wanda_s30 + DoRA - | 0.5277 -
wanda_s50 + DoRA | ] 0.4508 L
| |
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
GSMB8K Accuracy

Figure 6.1: GSMS8K accuracy comparison across dense baseline, raw Wanda-pruned models,
and PEFT-recovered models.
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As shown in figure 6.1, both recovery methods allow improvements in GSM8K accuracy
post-Wanda pruning. Moreover, DoRA obtains higher GSM8K accuracy than QLoRA for the
20%, 30% and 50% sparsity rates.
However, as one may see from figure 6.2, there is no similarity in the behavior of models
with respect to perplexity and GSM8K accuracy. While DoRA obtains the lowest perplexity
value at 20% sparsity rate, QLoRA achieves a smaller perplexity at 30% and 50% sparsity rates.
Hence, language model recovery and reasoning recovery have different behaviors. Thus, DoRA
outperforms QLoRA in GSMS8K recovery, while the latter is better for perplexity recovery at a

larger sparsity ratio.
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= Dense baseline —, 20% sparsity —, 30% sparsity —, 50% sparsity

Dense baseline 1 10.4627 |
wanda_s20 | 23.3884 B
wanda_s30 | 25.4533 |

= wanda_s50 | | 45.1633 L
1S
g
&
= wanda_s20 + QLoRA - | 21.7185 L
S wanda_s30 + QLoRA - | 23.2286 -
g wanda s50 + QLoRA | | 33.8288 L
<)
=
wanda_s20 + DoRA - | 21.522 L
wanda_s30 + DoRA - | 23.8493 B
wanda_s50 + DoRA - | 34.4044 =
| | | | |
0 10 20 30 40 50

WikiText-2 Perplexity

Figure 6.2: WikiText-2 perplexity comparison across dense baseline, raw Wanda-pruned mod-
els, and PEFT-recovered models. Lower perplexity indicates better language modeling quality.

6.7 Recovery Gain Analysis

While accuracy alone cannot provide a full explanation for recovery behavior, since every spar-
sity degree begins with different raw accuracy, GSMS8K recovery gain is utilized to quantify the

amount of recovered accuracy achieved with the application of recovery methods.

The GSMS8K recovery gain is defined as

Recovery Gain = Recovered Accuracy — Raw Pruned Accuracy.

Since DoRA has the best performance on GSMS8K under all sparsity rates, Table 6.6

lists the best recovered model and their gains for all sparsity rates.

+ iThenticate

Sparsity | Raw Acc. | Best Method | Best Recovered Acc. | Absolute Gain
20% 0.5046 DoRA 0.5415 +0.0369
30% 0.4831 DoRA 0.5277 +0.0446
50% 0.1800 DoRA 0.4508 +0.2708

Table 6.6: GSMS8K recovery gain over raw Wanda-pruned models
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The largest gain is achieved by recovery when the sparsity rate is 50%. In this case,
DoRA can improve the GSMS8K’s accuracy from 0.1800 to 0.4508. It is clear that the improve-
ment becomes obvious only when significant damage is done. Nevertheless, it cannot be said

that the 50% sparsity recovered model is the best model among the three.

0.3 |
0.2708

0.25 i

0.15 - i

0.0369 0.0246 .
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Figure 6.3: Best GSM8K recovery gain over raw Wanda-pruned models at each sparsity level.
The gain is computed as recovered accuracy minus raw pruned accuracy.

—@— Raw Wanda —li— QLoRA recovery —&— DoRA recovery

0.4 .
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Figure 6.4: GSMS8K accuracy trend across sparsity levels for raw Wanda-pruned, QLoRA-
recovered, and DoRA-recovered models.

Figure 6.3 and Figure 6.4 present two results which are somewhat connected but still
different. While the 20% DoRA is the one which achieves the highest recovered accuracyi, it is
not the 20% DoRA that provides the maximum gain
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6.8 Efficiency Analysis

Efficiency is analyzed in terms of throughput in GSM8K generation. As Wanda introduces
unstructured sparsity, we cannot claim any speed-up unless the sparse compute capability is
utilized in the inference back end. Table 6.7 presents the results obtained for the dense model,

pruned model, and recovered model.

Model Sparsity | GSM8K Accuracy | Throughput
Dense baseline 0% 0.7108 46.33 tok/s
wanda_s20 20% 0.5046 48.06 tok/s
wanda_s20 + QLoRA 20% 0.5292 47.49 tok/s
wanda_s20 + DoRA 20% 0.5415 47.37 tok/s
wanda_s30 30% 0.4831 47.56 tok/s
wanda_s30 + QLORA 30% 0.5062 46.80 tok/s
wanda_s30 + DoRA 30% 0.5277 45.30 tok/s
wanda_s50 50% 0.1800 48.02 tok/s
wanda_s50 + QLoRA 50% 0.4446 47.77 tok/s
wanda_s50 + DoRA 50% 0.4508 47.64 tok/s

Table 6.7: GSM8K accuracy and throughput comparison across dense, pruned, and recovered
models

Throughput values are similar for all considered settings. The dense setting achieves
throughput of 46.33 tok/s, and both raw and recovered models have throughput values in the
similar range. It means that there was no significant wall-clock speed-up due to Wanda sparsi-
fication.

Such behavior is expected since sparsity on its own does not ensure that there will be
any speed-ups during inference. Namely, if backend performs only dense multiplication, some
zero-weight values can be still stored within the dense tensor during calculations. Hence, reach-

ing 50% sparsity rate does not mean that we achieve 2x speed-up.

Figure 6.5 presents additional evidence of similar behavior. Recovered models show
throughput values close to those observed in the dense setting. Thus, the effect of model recov-
ery for us was more related to restoring performance rather than achieving any speed-up.

As for our recovered models, wanda_s20 + DoRA achieved the highest accuracy on
GSMS8K while having throughput close to the dense setting. The wanda_s50 + DoRA re-
covered model demonstrated the biggest recovery gains compared to other models, although its

overall accuracy remains lower than that of 20% and 30% recovery rates.
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Figure 6.5: Throughput comparison across dense baseline, raw Wanda-pruned models, and
PEFT-recovered models during GSM8K evaluation.

6.9 End-Device Feasibility Study

In terms of the end-device feasibility, the experimental results are discussed in light of the
deployment motivation behind the dissertation. End-device does not imply any concrete de-
ployment onto a mobile device or embedded system at this stage. Instead, the issue concerns a
more abstract idea of running LLLMs in conditions of limited memory, storage, and generation
speed.

Because Wanda Pruning creates structural sparsity, the results obtained should not be
taken as proof of acceleration on hardware devices. For a sparse checkpoint to be helpful for
faster performance, it must be used by either the software framework or the hardware that has
been able to exploit sparsity.

Taking into account the above information, the safe recovery configuration in terms
of the reasoning accuracy is wanda_s20 + DoRA. Meanwhile, the wanda_s30 + DoRA
configuration provides greater sparsity levels with still reasonable GSM8K accuracy values.
Finally, the 50%-level models can serve well for research on extreme-level pruning recovery

but not for the ultimate configuration for reasoning accuracy.

Thus, feasibility cannot be defined by sparsity alone. The useful compressed model
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Configuration Suitability Interpretation

wanda_s20 + DoRA Best recovered GSMS8K accuracy among the recovered models. This
is the safest recovered configuration when reasoning accuracy is the
main priority.

wanda_-s30 + DoRA Stronger sparsity than the 20% model while still retaining useful re-
covered accuracy. This is a reasonable middle-ground configuration.

wanda_-s50 + DoRA Largest recovery gain over the raw pruned checkpoint, but final ac-
curacy remains clearly below the 20% and 30% recovered models.
Useful for studying aggressive pruning recovery.

wanda_s30/s50 + QLoRA | Competitive perplexity compared with DoRA at higher sparsity. Use-
ful when language modeling quality is prioritized over GSM8K ac-
curacy.

Table 6.8: End-device-oriented interpretation of recovered model configurations

is characterized by multiple aspects including pruning level, reasoning accuracy, perplexity,

throughput, and available sparse inference capabilities.

6.10 Ablation Studies

The analysis of the impact of ablation carried out within the context of this dissertation is
concerned with two factors which can be controlled: the degree of sparseness of Wanda and the
choice of the restoration process. All other aspects of the experiments, such as adapter rank,
LoRA alpha, dropout, learning rate, the number of epochs, and data for recovery and testing,

were kept unchanged.

The first one is sparsity. With higher sparsity ranging from 20% to 50%, the raw pruned
model shows worse performance on GSM8K. The second one is the recovery technique. Ta-
ble 6.9 illustrates the optimal recovery technique at different sparsity levels in terms of GSM8K

accuracy and WikiText-2 perplexity.

Sparsity | Best GSM8K Method | Best GSM8K Acc. | Best PPL. Method | Best PPL
20% DoRA 0.5415 DoRA 21.5220
30% DoRA 0.5277 QLoRA 23.2286
50% DoRA 0.4508 QLoRA 33.8288

Table 6.9: Ablation over sparsity level and recovery method

As illustrated in the ablation results, DoRA performs better at GSM8K accuracy under
any sparsity level. Nonetheless, perplexity does not follow the same trend. For example, DoRA
shows the optimal perplexity under 20% sparsity, whereas QLoRA slightly outperforms it when
the sparsity level is 30% and 50%. This verifies the importance of evaluating recovery by

multiple metrics. Further ablation experiments in other settings are postponed to future work.
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Figure 6.6: WikiText-2 perplexity trend across sparsity levels for raw Wanda-pruned, QLoRA-
recovered, and DoRA-recovered models. Lower perplexity indicates better language modeling

quality.

6.11 Qualitative Analysis of GSM8K

Case Type

Behaviour Observed

Interpretation

Correct after recovery

The raw pruned model gives an in-
correct final answer, while the re-
covered model gives the correct fi-
nal number.

Adapter recovery helps restore
task-specific reasoning or answer
formatting.

Still incorrect after recovery

Both raw pruned and recovered
models give incorrect final an-
SWers.

The pruning damage may be too
strong, or the adapter training is
not enough for that reasoning pat-
tern.

Partial reasoning error

The model follows part of the
arithmetic correctly but makes an
error in one intermediate step.

GSMB8K accuracy is sensitive to
small reasoning mistakes, espe-
cially after pruning.

Format or extraction issue

The model produces a response
where the final answer is unclear
or not written in a clean numerical
form.

Evaluation depends not only on
reasoning but also on stable final-
answer formatting.

Preserved behaviour

Both the raw pruned and recovered
models answer correctly.

Some questions remain unaffected
by pruning, especially when the re-
quired reasoning is simpler.

Table 6.10: Common qualitative behaviours observed in GSMS8K predictions

The accuracy of GSM8K is a quantitative comparison that can be made; nevertheless,

this metric does not explain how the models succeeded or failed. To solve this problem, the pre-
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diction files produced by the model were also analyzed. The model output, extracted numeric

value, gold value, and correctness label are included in the file.

The common behaviours observed during this inspection are summarized in Table 6.10

above.

The qualitative analysis reveals that pruning does not make the model instantly lose
its fluency. While pruned models can produce grammatically correct answers, their reasoning
process tends to be unstable, with reasoning errors such as arithmetic mistakes, confusion about

quantities, and ambiguity in final answer formats occurring commonly.

Recovery of the pruned models makes them more stable, particularly at sparsity rates
of 20% and 30%. While recovery is still beneficial at 50%, reasoning errors tend to occur at a

higher rate than at lower levels of sparsity.

6.12 Discussion

Based on the results from these experiments, Wanda pruning is harmful to both language mod-
eling and mathematics. The best perplexity value of WikiText-2 for the dense model Llama-
3.2-3B-Instruct is 10.46. The highest accuracy on the GSM8K dataset is 0.71

However, degradation correlates with sparsity. Models with 20% and 30% sparsity re-
tain their mathematical reasoning abilities. In turn, at 50% sparsity, GSM8K score drops to
0.1800, while perplexity reaches 45.1633—this demonstrates that aggressive pruning deprives

models of multi-step reasoning capabilities.

Both QLoRA and DoRA algorithms restore some loss. While DoRA achieves better
GSMSK accuracy, QLoRA provides comparable perplexity results, especially at 30% and 50%

sparsity. Thus, the choice between algorithms depends on the evaluation metric.

Gain in terms of recovery provides us with additional insights. The maximum gain
of GSMBK score is obtained during 50% sparse case where DoRA improves the model from
0.1800 to 0.4508. However, the resulting model is not the best one since 20% and 30% sparse
models have a better final GSMS8K score.

Concerning throughput, we can state that pruning does not increase inference time pro-
portionally in this task. Unstructured pruning makes it impossible for dense kernels to benefit

from zeros, thus providing no speed-up. This stage primarily aims at performance restoration.

Summarizing the above information, we conclude that pruning and recovery are two
stages inseparably connected to each other. First, pruning alone causes deterioration in model
performance, and only QLoRA and DoRA partially restore it. Considering configurations,
wanda-s20 + DoRA provides the safest choice regarding GSM8K accuracy. wanda_s30
+ DoRA is an acceptable intermediate solution, and models recovered by 50% pruning are

interesting cases of aggressive pruning.
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Chapter 7

Conclusion and Future Work

7.1 Summary of Work

The presented study addressed the topic of performance recovery for pruned large language
models with limited hardware resources. Llama-3.2-3B-Instruct was chosen as a dense refer-
ence model. The work proceeded according to the following scheme: dense baseline evalua-
tion, Wanda pruning at certain ratios, raw pruned evaluation, PEFT-based performance recov-
ery, and evaluation of the final recovered model. The order was significant since the results of

recovery depended on evaluating dense and pruned baselines using a consistent workflow.

The studied model was pruned using Wanda activation-aware pruning at 20%, 30%, and
50%. Raw pruned checkpoints were analyzed first, and they were used to estimate the impact of
pruning directly. As the result, pruning had led to an increase in WikiText-2 perplexity and the
decrease in GSMS8K accuracy, and it was maximal for 50% sparsity, where GSM8K accuracy

was estimated as 0.1800 and perplexity — as 45.1633.
Then QLoRA and DoRA recovery was performed based on each raw pruned check-

point. The recovered models were assessed for WikiText-2 perplexity and GSM8K accuracy
to compare their linguistic qualities and reasoning ability. Both methods provided improve-
ments compared to the baseline, but DoORA outperformed QLoRA on GSM8K accuracy across
all levels of sparsity, whereas QLoRA achieved comparable results with dense baselines on

WikiText-2 perplexity, especially at 30% and 50% sparsity.

The experiment revealed that Wanda pruning did not necessarily improve the runtime. In
the considered experimental conditions, throughput estimates for dense, pruned, and recovered
models remained practically equal to one another. Thus, unstructured sparsity by itself does not
ensure acceleration, unless the inference framework allows exploiting it. Hence, the primary
contribution of the work lies in analysis of pruning damage, PEFT-based recovery, and the

trade-off between sparsity, perplexity, reasoning accuracy, and practicability.

59

+ iThenticate Page 79 of 85 - Integrity Submission Submission ID trn:oid:::3618:142616581



+ iThenticate Page 80 of 85 - Integrity Submission Submission ID trn:oid:::3618:142616581

7.2 Key Findings

However, the baseline model Llama-3.2-3B-Instruct performed better in all benchmarks with
the highest WikiText-2 perplexity of 10.4627 and GSMS8K accuracy of 0.7108. None of the
recovered models could beat this value, but they were certainly superior to the raw pruned

checkpoints.

At a higher sparsity rate, Wanda pruning led to a significant drop in performance.
At 20% sparsity, the raw pruned model achieved 0.5046 accuracy and 23.3884 perplexity in
GSMSK and WikiText-2, respectively. For the raw pruned model at 30% sparsity, GSM8K ac-
curacy dropped to 0.4831 and perplexity to 25.4533. The damage done by aggressive pruning
became especially evident for 50% sparsity when GSMS8K accuracy fell to 0.1800 and perplex-
ity rose to 45.1633.

DoRA and QLoRA performed equally well as post-training recovery techniques. In
each case of the sparsity rate, the models recovered using them outperformed the raw pruned
models. Furthermore, at 20%, 30%, and 50% sparsity levels, DoRA yielded higher GSM8K
accuracy compared to QLoRA. However, the best GSM8K accuracy for a recovered model
belonged to wanda_s20 + DoRA model with the value of 0.5415.

Nevertheless, QLoRA remains an effective technique for language modeling recovery.
Although DoRA yielded the best accuracy score for the reasoning task, the recovered models
with QLoRA provided marginally higher WikiText-2 perplexity at 30% and 50% sparsity rates.
As such, depending on the desired metric, different techniques can be more or less efficient.
Reasoning accuracy benefits the most from DoRA, while at a higher sparsity rate, QLoRA is
preferable.

The highest relative recovery performance occurred at 50% sparsity rate, where DoRA
improved GSMS8K accuracy from 0.1800 to 0.4508. Still, despite this large performance boost,
the resulting accuracy remained lower than that achieved with QLoRA or DoRA at other spar-

sity levels.

Finally, throughputs revealed that increasing sparsity rate does not necessarily lead to
a proportional speedup. In Wanda, unstructured sparsity is obtained, and, therefore, sparse
inference engines are needed to achieve any speedup since the dense engines do not benefit

from zeros.

7.3 Limitations

Several limitations should be mentioned as well. For instance, all experiments were performed
with just one base model Llama-3.2-3B-Instruct, which allowed controlling everything and
making the process manageable. However, the obtained results cannot be generalized for other

models such as Mistral, Gemma, Phi, or Llama variants.
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Furthermore, evaluations were performed based on WikiText-2 and GSM8K datasets.
Although these benchmarks allowed analyzing language and math reasoning capabilities, other
important capabilities such as commonsense reasoning, factual question answering, code gener-

ation, long-context capability, safe behavior, and overall instruction following were not studied.

In addition, the sparsity created by the pruning algorithm was unstructured. While this
type of sparsity helped to study the effects of pruning damage and recovery, it did not lead to
tangible hardware optimizations in the selected experimental setup. Using structured pruning
or hardware-aware sparsity techniques might yield better results if the focus is on runtime speed

improvements.

Most hyperparameters of QLoRA and DoRA were selected and left unchanged in the
work. These parameters include adapter rank, LoRA alpha, dropout probability, learning rate,
number of training epochs, max sequence length, and target modules. However, selecting

different values might provide better recovery performance.

Finally, no real deployments have been made for consumer devices including mobile
phones, embedded boards, or consumer laptops. Here, the term “deployment” refers to the
process done on an experimental device with constraints. Thus, a deployment study would
require testing the process on CPU-only devices, consumer GPUs, mobile NPUs, and sparse

inference accelerators.

One more issue is related to using GSMS8K for recovery purposes since it enables study-
ing mathematical reasoning recovery but can bias adapters towards this specific kind of reason-
ing. A more general approach to recovery would result in better language capabilities, whereas

task-specific recovery would increase the performance of the specific task.

7.4 Future Work

Possible directions for future work include the following:

Investigate the impact of applying the proposed pruning—recovery pipeline to other
classes of LLMs and models of other sizes, e.g., Mistral, Gemma, Phi, or other variants of
Llama. It could show how the discovered trends are Llama-specific or are observed generally

for large language models.

Extend the scope of benchmarks beyond Wikitext-2 and GSM8K, using a wider range
of evaluation tasks such as multiple-choice questions, common-sense reasoning, mathematical
tasks from various domains, or even code generation to ensure a broader understanding of what
was lost after pruning and recovered after fine-tuning.

Investigate structured pruning schemes, such as head pruning, pruning of feedforward
channels, block-level pruning etc. Such schemes can potentially achieve higher speed-up com-

pared to unstructured Wanda-based pruning if supported by the backend of a particular imple-
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mentation of the architecture.

Apply the proposed method in conjunction with quantization techniques. For example,
one could study the potential of using QLoRA technique for post-pruning quantized loading in-
stead of just running a fine-tuned model with quantization. Alternatively, the proposed method

could be followed by quantization during inference.

Do additional experimentation for recovery fine-tuning. Improvements can be gained
by using adapter rank, learning rate, dropout, number of epochs, modules targeted, and training

dataset size.

Run a complete end-to-end study of deployment scenarios for the obtained model, test-
ing its performance on different hardware platforms, including CPU-only setups, consumer-
grade GPU, mobile devices with an accelerator or a dedicated framework supporting sparse

operations.

Use more diverse training data for fine-tuning the recovered model. For example, instead
of training only on GSM8K data we could also add general instruction data, natural language
modeling data, reasoning datasets, or any combination thereof to cover a broader set of skills

instead of focusing mainly on math reasoning

7.5 Final Remarks

Pruning and recovery are treated together here as one process. The work confirms that pruning
alone deteriorates language modeling and reasoning. Pruned checkpoints are not useless since
there is an ability to recover a significant share of lost quality using recovery without full fine-
tuning techniques such as QLoRA and DoRA.

Since the dense version of Llama-3.2-3B-Instruct provides the best results, the proposed
recovery approach can hardly substitute the dense model completely. Rather, recovery helps

restore damaged checkpoints without additional full fine-tuning cost.

When comparing recovered models, the best reasoning model is obtained using Wanda-
pruning for the 20%-sparse checkpoint. The 30%-sparse model recovered with DoRA appears
to be an optimal trade-off between efficiency and accuracy, whereas the partially recovered

models with 50% sparsity provide limited recovery and pose high risks for reasoning.

Efficiency should be taken with care, as there was no apparent throughput gain when
applying unstructured Wanda-pruning. Real efficiency gain comes only with sparse inference,

structured pruning, quantization, and architecture-aware techniques.

The primary message from this work is that there are multiple aspects to consider when
trying to make efficient LLMs. An efficient model cannot be characterized by its sparsity, and
a recovered checkpoint cannot be characterized by its accuracy alone. The valuable point to

keep in mind is how different approaches influence one another.
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Table A.1: Final pruning, recovery, and evaluation configuration

Hyperparameter / Setting

Value

Base model

Llama-3.2-3B-Instruct

Pruning method

Wanda activation-aware pruning

Sparsity levels

20%, 30%, 50%

Wanda calibration sequences 64

Wanda calibration sequence length 512

Recovery methods QLoRA and DoRA
Recovery dataset GSMBSK training split
Recovery training samples 7473

Recovery epochs 1

Training steps 934

Adapter rank 16

LoRA alpha 32

Dropout 0.05

Learning rate 2x 1074
Maximum sequence length during recovery 512

Per-device batch size 2

Gradient accumulation steps 4

Effective batch size 8

QLoRA optimizer paged adamw 8bit

DoRA optimizer adamw torch

QLoRA quantization 4-bit NF4 with double quantization
Target modules q-proj, k_proj, v_proj, o_proj, gate_proj, up_proj, down_proj
GSMSK evaluation sample size 650

GSMBSK random seed 42

GSMB8K maximum new tokens 512

WikiText-2 evaluated tokens 131072

WikiText-2 sequence length 1024

WikiText-2 stride 512

Final evaluation platform RunPod NVIDIA A40 GPU

Adapter handling during evaluation

Merged into pruned base model before inference
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A.2 Model and Adapter Artifacts

For reproducibility, the models, their checkpoints, recovery adapters, and backup repositories
used in this dissertation are available in the following Hugging Face repositories. They include
Wanda pruned checkpoints, QLoRA/LoRA recovery adapters, and backup repositories. Links

to their Hugging Face repositories are provided below.

Artifact Type Configuration Hugging Face Repository Link

Wanda-pruned model

20% sparsity

paul258/llama32-3b-wanda-s20

Wanda-pruned model

30% sparsity

paul258/llama32-3b-wanda-s30

Wanda-pruned model

50% sparsity

paul258/llama32-3b-wanda-s50

QLoRA adapter 20% sparsity pilot | paul258/wanda-s20-qlora-gsm8k-pilot
recovery

QLoRA adapter 20% sparsity full re- | paul258/wanda-s20-qlora-gsm8k-full
covery

QLoRA adapter 20% sparsity gentle | paul258/wanda-s20-qlora-gsm8k-gentle-v1
recovery

LoRA adapter 20% sparsity clean | paul258/wanda-s20-lora-clean-gsm8k-v2-no-bnb
recovery without bit-
sandbytes

Recovery adapters Fast recovery | paul258/llama32-3b-wanda-recovery-adapters-fast

adapter collection

Backup repository Pruning and recov- | paul258/llama-pruning-recovery-backup

ery backup

Table A.2: Hugging Face Hub repositories containing the Wanda-pruned checkpoints, recovery
adapters, and backup artifacts used in this dissertation.
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