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Abstract

Large language models (LLMs) have achieved remarkable success in natural language processing but are of-

ten constrained by their significant computational requirements and large model sizes. Quantization offers a

promising solution by reducing the bit-width of model parameters, thus decreasing memory and computational

demands. This study investigates partial quantization, which applies quantization selectively to specific layers

while preserving others at their original precision. Using the KULLM 3 model, which has 48 layers and is based

on the Solar (10.7B) model, we tested applying 4-bit quantization to different sections while keeping others in

FP16. Our results show that preserving layers 16-31 achieved the best overall quality score compared to a uni-

formly 8-bit quantized model. This indicates that partial quantization can effectively optimize both performance

and efficiency.
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1. Introduction

The use of large language models (LLMs) has surged in

the field of natural language processing, delivering remark-

able results across a wide range of applications. However,

these models often characterized by their massive parame-

ters, demand significant computational resources and pro-

longed training times. This presents a substantial challenge

during deployment and operation, particularly in resource-

constrained environments where the use of such models may

be severely limited.

A promising solution to address this issue is quantization.

Quantization reduces the resource requirements by repre-

senting model parameters with fewer bits, enabling more effi-

cient model operation with reduced computational overhead

[1]. When applied appropriately, quantization can greatly

improve computational efficiency while minimizing perfor-

mance degradation, making it a crucial technique for enhanc-

ing the practicality of large language models.

Recent studies have suggested that not all layers of a model

contribute equally to its output [2]. From this perspective,

applying uniform quantization across the entire model can

lead to inefficiencies and performance loss. To address this,
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the proposed approach introduces partial quantization, fo-

cusing on preserving the language model’s ability in text

generation. This method prioritizes applying quantization in

a way that minimizes performance degradation while main-

taining the model’s language generation capabilities.

2. Related Work

Quantization techniques are primarily divided into two

types: Post Training Quantization (PTQ) and Quantiza-

tion Aware Training (QAT). PTQ applies quantization after

model training, which is simpler but can lead to significant

performance degradation [3]. In contrast, QAT integrates

quantization during training, allowing the model to adapt

and reduce performance loss [4].

This study extends these methods by investigating par-

tial quantization, which selectively quantizes certain parts of

the model while preserving others, to balance efficiency and

performance in text generation tasks.

3. Experiments

3.1 Model

KULLM 3: In this experiment, we utilized the KULLM

3 model, which is derived from the Solar (10.7B) model and
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Table 1. Comparison of Partial Quantization (Preserved Layers) and Uniform Quantization(8-bit)

Criteria Original Layers 0-15 Layers 16-31 Layers 32-47 Uniform 8-bit

Fluency 4.87 4.81 4.85 4.88 4.77

Coherence 4.85 4.75 4.81 4.80 4.36

Accuracy 4.44 4.33 4.41 4.36 4.43

Completeness 4.52 4.38 4.45 4.40 4.48

Overall Quality 4.57 4.44 4.52 4.46 4.48

instruction-tuned for Korean. The model comprises 48 layers,

each represented in fp16 format [5].

3.2 Experimental Setup

The model was divided into three sections: layers 0-15,

16-31, and 32-47. In the first configuration, layers 0-15 were

retained in their original FP16 format, while the remaining

layers (16-47) were quantized to 4-bit. This process was re-

peated for the other sections, where each respective set of

layers was kept in FP16, while the rest were quantized to

4-bit. Performance was assessed for each configuration, and

in all cases, the model size was identical to that of the fully

8-bit quantized model, which is 10.7GB.

3.3 Evaluation

The task involved generating responses based on given

prompts. The outputs generated by the model were evalu-

ated using GPT-4, which rated each response on four metrics:

fluency, coherence, accuracy, and completeness. Each metric

was scored on a 5-point scale, and the average of these scores

was computed to produce an overall score for each response.

3.4 Result

The results in Table 1 show that preserving layers 16-31

achieved the highest overall quality score (4.52), outperform-

ing the fully 8-bit quantized model. This indicates that selec-

tively preserving certain layers in FP16 can mitigate perfor-

mance degradation in text generation, particularly in fluency

and coherence, where the fully 8-bit quantized model saw the

largest drop.

4. Conclusion

In conclusion, our experiments confirm that applying par-

tial quantization to a model can be effective in maintaining

performance while reducing model size. We intend to advance

partial quantization using layer-wise quantization strategies

in future research, with the goal of achieving optimal effi-

ciency and output quality in text generation tasks.
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