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Abstract

Large language models (LLMs) provide state-of-the-art performance but require
extensive computational resources, making deployment challenging. This study
evaluates the impact of structured pruning and post-training quantization on the
LLaMA 2-7B model, comparing Wanda and SparseGPT pruning at 30%, 50%, and
70% sparsity levels combined with 4-bit and 8-bit quantization. We evaluate per-
formance across multiple benchmarks including ANLI, CommonSenseQA, PIQA,
and WinoGender. Our results show that pruning improves inference speed by up
to 9.7% with minimal accuracy loss at moderate sparsity levels, while reducing
memory requirements by up to 85% when combined with quantization. Interest-
ingly, we observe that Wanda pruning maintains better performance at high sparsity
levels compared to SparseGPT, particularly on reasoning tasks. These findings
provide valuable insights into optimizing LLM compression while balancing task
performance, memory footprint, and inference speed.

1 Introduction

1.1 Motivation

Large language models (LLMs) such as GPT [3] and LLaMA [19] have achieved state-of-the-art
performance in natural language processing but require significant computational resources, limiting
their deployment. To address this, model compression techniques like pruning [[17, 8] and quantization
[6} 19, [12]] have been developed to reduce model size while maintaining accuracy. Pruning methods
such as Wanda [17] and SparseGPT [8]] remove less important weights using different importance
criteria, whereas quantization techniques lower numerical precision to improve efficiency. However,
the comparative impact of these techniques when applied individually or in combination remains
an open question [[10]. This study systematically compares different pruning methods (Wanda and
SparseGPT) at varying sparsity levels (30%, 50%, and 70%) with post-training quantization (4-bit
and 8-bit) on the LLaMA 2-7B model to analyze the trade-offs between model size, memory footprint,
inference speed, and performance across diverse language tasks.
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Figure 1: Our systematic approach for the task

1.2 Objectives

This study aims to evaluate the impact of structured pruning and post-training quantization on the effi-
ciency and accuracy of the LLaMA 2-7B model. We investigate two pruning techniques (Wanda [17/]]
and SparseGPT [8]]) at three sparsity levels (30%, 50%, and 70%), and compare their effectiveness
when applied alone or in combination with post-training quantization at 4-bit and 8-bit precision. Our
evaluation uses standardized benchmarks including ANLI [14], Common SenseQA [18]], PIQA [2],
and WinoGender [15] to assess performance on natural language inference, commonsense reasoning,
physical reasoning, and gender bias tasks. We measure both performance metrics (accuracy) and
efficiency metrics (inference speed and GPU memory usage) to determine the most effective com-
pression strategies for different deployment scenarios. Our goal is to identify optimal combinations
of pruning methods, sparsity levels, and quantization techniques that balance performance retention
with computational efficiency. Our systematic approach to this task is summarized in Figure

1.3 Related Work and Background

1.3.1 Large Language Model Compression

The advancement of large language models (LLMs) such as GPT [4] and LLaMA [[19] has significantly
improved natural language tasks, but their intensive computational requirements limit real-world
deployment. Recent work on model compression has explored various strategies to reduce model size
while preserving performance, broadly categorized into pruning [20], quantization [6]], and distillation
[16] approaches.

1.3.2 Quantization Approaches

Quantization reduces the numerical precision of model weights and activations, offering significant
memory savings and inference speedups. Post-training quantization techniques, implemented in
libraries like HuggingFace Transformers, allow models to be compressed to 8-bit and 4-bit repre-
sentations with minimal performance degradation. Advanced techniques like GPTQ [9] and AWQ
[12] further optimize quantization by using layer-wise reconstruction objectives and activation-aware
weight quantization, respectively.



1.3.3 Pruning Approaches

Width Pruning: Structured width pruning techniques focus on reducing neurons and attention
heads without altering the model’s depth. Wanda [17] introduces a weight-magnitude-based pruning
criterion that considers both weight values and activation norms, demonstrating superior performance
compared to magnitude-only pruning. SparseGPT [8] proposes a layer-wise reconstruction approach
that minimizes the reconstruction error between the original and pruned layers, effectively preserving
model performance at high sparsity levels. Bonsai [5] builds upon these methods by introducing a
data-free pruning approach that identifies critical neurons through gradient-based importance scoring.

Depth Pruning: In contrast to width pruning, depth pruning approaches such as Shortened LLaMA
[[L1]] and MiniTron [13] focus on reducing the number of layers in transformer models. Although
these approaches demonstrate faster inference times and reduced memory footprints, Kim et al. [[11]
reported that performance degradation through depth pruning is substantially larger than that observed
with width pruning.

1.3.4 Comparative Studies

While individual compression techniques have been extensively studied, direct comparisons between
pruning and quantization approaches remain limited. Hawks et al. [10] introduced combined pruning-
quantization during training and focused on optimization rather than zero-shot generalization.

1.3.5 Evaluation Methodologies

Robust evaluation of compressed LLMs remains challenging. Recent work has introduced standard-
ized benchmarks such as ELMEH (EleutherAl Language Model Evaluation Harness) [[1], which
incorporates diverse tasks including natural language inference (ANLI) [14], commonsense reasoning
(CommonsenseQA) [[18]], physical reasoning (PIQA) [2], and bias detection in coreference resolution
(WinoGender) [15]]. These benchmarks enable systematic comparison across compression techniques
and sparsity/precision levels, providing insights into the trade-offs between model size, inference
speed, and performance.

Our study aims to fill this gap by systematically comparing structured pruning techniques (Wanda
and SparseGPT) against quantization approaches (4-bit and 8-bit) using the LLaMA2-7B model in a
zero-shot evaluation setting, avoiding fine tuning to isolate compression effects and providing clear
insights into the performance efficiency trade-offs of these compression strategies.

2 Methodology

2.1 Model Description

For all experiments, we have decided to use the Llama 2 model (7B parameter) model, after careful
consideration of our available computational resources and the accessibility of its weights. This
model is pruned to various sparsity levels using Wanda [17]] and SparseGPT [8], and quantized to
different precisions using the HuggingFace Transformers library.

2.2 Dataset

To evaluate the techniques, we have used EleutherAl’s Language Model Evaluation Harness [1]], which
includes various standardized NLP benchmarks for a systematic comparison of model performance
before and after applying pruning/quantization. This allows us to test all of the techniques using a
variety of benchmarks in a standardized manner. The current experiments use four of the most popular
benchmarks, ANLI [[14]], Common SenseQA [[L8], PIQA [2], and WinoGender [[15]. They were chosen
because they cover a diverse range of tasks. With this selection, we are able to comprehensively
evaluate the model’s capabilities across various dimensions, including commonsense reasoning,
natural language inference, physical reasoning, and bias detection. This ensures that the impact of
pruning and quantization techniques is assessed on a wide spectrum of language understanding and
reasoning skills.
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Figure 2: Our experimental setup to evaluate the effects of Pruning and Quantization

2.3 Evaluation Metric

The current evaluation metrics include performance on benchmark, inference speed and memory
efficiency since we want to study the tradeoff between these metrics provided by all the different
techniques. Performance metrics vary according to the task in EleutherAl Language Model Evaluation
Harness [T]].

2.4 Loss Function

Since all our current experiments are zero-shot, no training or loss function is required. However, if
we decide to fine-tune the model, we will use the cross-entropy loss, the same one used to train the
original Llama 2 model.

3 Baseline and Extensions

3.1 Baseline Selection & Evaluation

We selected Llama 2 (7B) as our baseline model due to its accessibility and reasonable computational
requirements. Our evaluation framework uses EleutherAl’s Language Model Evaluation Harness
with four different benchmarks, representing a wide range of capabilities. Our evaluation metrics
focus on the trade-off between performance and model efficiency, which includes memory usage and
inference speed.

3.2 Experiments

Our experiments apply different efficiency techniques to the baseline model, including quantization
(4-bit and 8-bit precision) and pruning (Wanda and SparseGPT at 30%-70% sparsity). We also test
combined approaches, applying both pruning and quantization to explore potential complementary
benefits. All models undergo a zero-shot evaluation on the benchmarks to maintain consistent
comparison conditions. This experimental design isolates the effects of each efficiency technique on
model performance, inference speed and memory usage. A visual depiction of our experimental setup
can be seen in Figure[2] while our experimental workflow prior to evaluation is outlined in Figure 3]
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Figure 3: Our Experimental Workflow Prior to Evaluation

4 Results and Analysis
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Figure ] Figure [5] and Figure [f] illustrate the performance comparison of quantization methods,
pruning strategies, and all combinations, respectively. The results of our systematic evaluation
demonstrate that pruned models can maintain comparable or near-original performance levels while
significantly reducing computational costs, though this varies considerably by pruning method and
sparsity level.

As shown in Table[I] both Wanda and SparseGPT pruning methods at moderate sparsity levels (30%
and 50%) maintain similar accuracy metrics to the Vanilla LLaMA model across most benchmarks,
while 70% sparsity shows more significant performance degradation, particularly with SparseGPT.

4.1 Performance Across Benchmarks

ANLI Performance: Interestingly, some pruned variants showed improved performance on the
ANLI benchmark compared to the baseline. For instance, Wanda-pruned LLaMA at 70% sparsity
achieved an accuracy of 0.3600, which is approximately 8.2% higher than the baseline (0.3326). This
suggests that some redundant parameters in the full model might actually be hampering performance
on complex reasoning tasks, potentially by introducing noise in the decision-making process.

CommonSenseQA Performance: For the commonsense reasoning task, performance was gen-
erally well-maintained at 30% sparsity but showed notable degradation at higher sparsity levels,
particularly with SparseGPT pruning at 70% sparsity (0.1125 vs. baseline 0.2752). This indicates
that commonsense reasoning capabilities may rely on broader parameter distributions that are more
sensitive to aggressive pruning.

PIQA Performance: The physical commonsense reasoning benchmark presented a surprising
pattern where moderate pruning sometimes improved performance. The 50% Wanda-pruned model
achieved 0.5343 accuracy (versus baseline 0.5326), while more aggressive pruning with quantization



Model Sparsity Quantization ANLI Common PIQA  Wino Speed GPU
Variant SenseQA Gender (it/s) Memory
(MB)
Vanilla - - 0.3326 0.2752 0.5326 0.7835 15.64 25713
LLaMA
Vanilla - 8-bit 0.3380 0.3178 0.5234 0.7840 11.25 6703
LLaMA
Vanilla - 4-bit 0.3290 0.2752 0.5239 0.7840 7.31 3998
LLaMA
Wanda 30% - 0.3220 0.2750 0.5321 0.7840 17.09 25713
Pruned
Wanda 30% 8-bit 0.3240 0.3180 0.5250 0.7840 11.04 6707
Pruned
Wanda 30% 4-bit 0.3335 0.2072 0.5321 0.5028 8.19 3996
Pruned
Wanda 50% - 0.3410 0.2750 0.5343 0.7835 17.12 25713
Pruned
Wanda 50% 8-bit 0.3272 0.2187 0.7590 0.6278 12.22 6703
Pruned
Wanda 50% 4-bit 0.3332 0.2080 0.7557 0.6139 8.44 3998
Pruned
Wanda 70% - 0.3600 0.2750 0.5365 0.7830 17.15 25713
Pruned
Wanda 70% 8-bit 0.3304 0.1194 0.9930 04716 13.40 6699
Pruned
Wanda 70% 4-bit 0.3329 0.2088 0.9793 0.7250 8.69 4000
Pruned
SparseGPT ~ 30% - 0.3490 0.3180 0.7812 0.7845 16.82 25713
Pruned
SparseGPT ~ 30% 8-bit 0.3483 0.3178 0.7797 0.7840 10.89 7264
Pruned
SparseGPT ~ 30% 4-bit 0.3475 0.2752 0.7758 0.7835 7.05 3998
Pruned
SparseGPT  50% - 0.3360 0.2145 0.5295 0.4975 16.95 25713
Pruned
SparseGPT  50% 8-bit 0.3355 0.2138 0.5289 0.4963 11.85 7264
Pruned
SparseGPT  50% 4-bit 0.3347 0.2031 0.5250 0.4958 7.23 3998
Pruned
SparseGPT  70% - 0.3235 0.1125 0.2795 0.2090 17.04 25713
Pruned
SparseGPT ~ 70% 8-bit 0.3227 0.1098 0.2781 0.2086 12.96 7264
Pruned
SparseGPT  70% 4-bit 0.3219 0.1310 0.2742 0.2081 7.42 3998
Pruned

Table 1: Comprehensive performance comparison of different pruning and quantization methods on
LLaMA model across multiple benchmarks.



Model Variant Sparsity Quantization PIQA CommonSenseQA
Quantized the Wanda Pruned 50% 8-bit 0.7574 0.2080
Wanda Pruned then Quantized 50% 8-bit 0.7590 0.2187

Table 2: Performance comparison of pruning then quantizing and quantizing then pruning.

led to extremely high but likely unstable performance (e.g., 70% Wanda-pruned with 8-bit quantization
achieving 0.9930). This anomalous result warrants further investigation, as it may indicate that the
pruning process is causing the model to default to specific answer patterns that happen to align with
the PIQA test set.

WinoGender Performance: The gender bias detection task showed remarkable stability under
moderate pruning and quantization, with most 30% pruned models maintaining performance within
0.1% of the baseline (0.7835). However, SparseGPT pruning at 50% and 70% sparsity levels showed
dramatic performance drops to 0.4975 and 0.2090 respectively, suggesting that this method may
disproportionately affect the model’s ability to handle coreference resolution tasks.

4.2 Inference Speed and Memory Usage

The efficiency benefits of the compression techniques showed mixed results. Notably, the 50%
Wanda-pruned LLaMA achieved the highest inference speed at 17.12 iterations/second, representing
approximately a 9.5% speedup compared to the baseline model (15.64 it/s). This speed improvement,
while modest, came with no performance penalty on most benchmarks, and even showed slight
improvements on the ANLI and PIQA tasks.

Contrary to expectations, quantization consistently led to slower inference speeds across all models.
The 8-bit quantized Vanilla LLaMA showed a 28% reduction in inference speed (11.25 it/s vs.
baseline 15.64 it/s), while the 4-bit quantization reduced the speed even further to 7.31 it/s. This
performance degradation is likely due to one of several factors:

1. Compeatibility issues with the NVIDIA A6000 GPU architecture used in our experiments
2. Overhead introduced by the quantization-dequantization operations during inference

3. Suboptimal implementation of quantized operations in the inference pipeline
4.

Resource contention on the compute cluster, as smaller models occupy less memory and
allow other jobs to run simultaneously

The primary benefit of quantization was evident in memory usage reduction. The 4-bit quantized
models required only 3,998 MB of GPU memory, representing an 84.5% reduction compared to
the full-precision model (25,713 MB). The 8-bit quantized models achieved a middle ground, using
approximately 6,700-7,300 MB, or a 71-74% memory reduction.

The combination of pruning and quantization techniques revealed interesting trade-offs. While the
memory benefits were cumulative (achieving up to 85% memory reduction with 70% pruning and
4-bit quantization), the inference speed penalties from quantization couldn’t be fully mitigated by
pruning alone.

The most balanced configuration appeared to be the 30% Wanda-pruned model with 8-bit quantization,
which maintained performance within 3% of baseline across all benchmarks while reducing memory
usage by 74% (6,707 MB vs. 25,713 MB). However, the inference speed remained 29% slower than
the baseline due to quantization overhead.

From Table[2] we can see that while the impact of the order of pruning and quantizing is minimal,
pruning followed by quantizing leads to slightly better performance.

4.3 Completeness

The completeness of our study is ensured by evaluating all the combinations of state-of-the-art pruning
and quantization techniques on the standardized LLM-eval-harness benchmark. Our experimental
design systematically explores various pruning methods (Wanda and SparseGPT), sparsity levels



(30%, 50%, and 70%) and quantization precisions (4-bit and 8-bit), allowing for comprehensive
comparison across different model configurations.

We assess model performance using four established benchmarks: ANLI (Adversarial Natural
Language Inference), CommonsenseQA (Commonsense Question Answering), PIQA (Physical Inter-
action Question Answering), and WinoGender (Bias Evaluation in Coreference Resolution). These
benchmarks collectively evaluate a wide range of capabilities, including natural language inference,
commonsense reasoning, physical reasoning, and bias detection. This provides a comprehensive
assessment of the models’ ability to maintain robust reasoning and understanding despite parameter
reduction.

Our evaluation metrics include both accuracy measurements, inference speed, and memory usage,
providing a holistic view of the trade-offs between model performance and computational efficiency.

4.4 Discussion

While pruning and quantization of LLMs reduce computational costs, several important factors
warrant consideration. Pruning demonstrates promising results by maintaining accuracy while
providing inference speedups, particularly with the 50% WandaPruned LLaMA achieving the highest
inference speed of 17.12 it/s without compromising performance. However, these speedups are minor,
due to the unstructured nature of pruning.

A significant challenge we encountered relates to quantization. Contrary to expectations, quantized
models consistently showed reduced inference speeds across our experiments. The 8-bit quantized
models experienced approximately a 28% reduction in inference speed, while 4-bit quantization
further decreased performance to less than half the speed of the unpruned model. This unexpected
behavior is likely due to compatibility issues with our A6000 GPU architecture.

Our results suggest that the relationship between model structure modification and performance is
complex and hardware-dependent. While pruning appears to offer a more consistent benefit in our
testing environment, the anticipated advantages of quantization were not realized due to hardware
limitations.

4.5 Future Directions

To build on our results, future work will focus on expanding our experiments to larger and more
complex datasets to better assess the trade-offs between different compression techniques. We also
intend to evaluate Bonsai as another pruning method to compare with Wanda and SparseGPT.

We also intend to evaluate domain-specifically activated pruning using these methods on domain-
specific tasks, and how these subnetworks emerge across different domains, such as medical NLP
tasks from PubMed. By systematically analyzing activation patterns and weight importance, we aim
to verify the lottery ticket hypothesis [[7] in a domain-specific, zero-shot pruning setting.

5 Administrative Details

5.1 Team Contributions
1. Aanya Sharma - Ideation, Introduction, Applying for the PSC Grant, Running the Experi-
ments on LLM Eval Harness for Final Settings

2. Arjun Choudhry - Ideation, Results and Discussion, Implementing the Pruning Techniques,
Uploading Models to HuggingFace

3. Dhruv Garg - Ideation, Methodology, Setting up the LLM Eval Harness Pipeline with
Quantization

4. Nishoak Kosaraju - Ideation, Related Works, Running the Experiments on LLM Eval
Harness for Final Settings

5.2 GitHub Repository

The code for our implementation can be accessed at our GitHub repository: https://github.com/
aas008/IDL-Project.
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