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ABSTRACT: Large language models (LLMs) have demonstrated significant capabilities in semantic understanding
and code generation. However, cybersecurity tasks often require prompting the adaptation of open-source models to
this domain. Despite their effectiveness, large-parameter LLMs incur substantial memory usage and runtime costs
during task inference and downstream fine-tuning for cybersecurity applications. In this study, we fine-tuned six LLMs
with parameters under 4 billion using LoRA (Low-Rank Adaptation) on specific cybersecurity instruction datasets,
employing evaluation metrics similar to Hackmentor. Results indicate that post-fine-tuning, smaller models achieved
victory or parity rates up to 85% against larger models like Qwen-1.5-14B on cybersecurity test datasets, with the best
model reaching a 90% win or tie rate compared to SecGPT. Additionally, these smaller models required significantly
less computational resources, reducing fine-tuning times by up to 53% and enhancing efficiency in downstream tasks.
Further validation showed that with minimal fine-tuning, our models achieved a performance gain of 21.66% to 31.32%
in tactical extraction and 30.69% to 40.42% in technical extraction tasks, significantly outperforming ChatGPT. These
findings highlight the potential of smaller parameter LLMs for optimizing performance and resource utilization in
cybersecurity applications including methods such as technique and tactic extraction. It will facilitate future research
on the application of small-parameter large language models in the cybersecurity domain.
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1 Introduction

Artificial intelligence (AI) technologies, such as machine learning, deep learning, and natural lan-
guage processing (NLP), have demonstrated considerable potential in enhancing capabilities across threat
detection, behavioral analysis, and automated response systems [1]. ChatGPT showed the remarkable ability
of large language models to follow human instructions [2]. However, although the vertical domain large
language model can show strong general problem processing ability on related domain tasks, due to the
large number of parameters, it will produce huge memory overhead in the actual reasoning and fine-tuning
process, and it is difficult to re-fine-tune the instruction on downstream specific tasks. The large language
model represented by Phi-2 [3] proves that a model with a not large enough number of parameters can also
show strong task processing capability on general tasks, and its effect is comparable to that of a large language
model with several times more parameters. The subsequent Phi-3 [4] model is even more comparable to
the related large parameter model with a small number of parameters. Due to the network security domain
models constructed in previous studies are all for large language models with more than 7b parameters.
Incremental pre-training or command fine-tuning can make them capable of answering network security

® Copyright © 2026 The Authors. Published by Tech Science Press.
This work is licensed under a Creative Commons Attribution 4.0 International License, which permits

unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



https://www.techscience.com/journal/CMC
https://www.techscience.com/
https://doi.org/10.32604/cmc.2025.073979
https://www.techscience.com/doi/10.32604/cmc.2025.073979
mailto:buwenjuan_521@163.com

2 Comput Mater Contin. 2026;87(2):39

domain knowledge to a certain extent. However, due to the large number of parameters, it will occupy a
huge memory when reasoning on them, and it is difficult to perform command fine-tuning on downstream
network security tasks. This creates a huge memory overhead. Therefore, the objective of this paper is to fine-
tune lora in the field of network security for a large language model with less than 400 million parameters,
test it with the relevant data set in the paper [5], and compare the effect of 145 relevant test indicators with that
of the large model SecGPT customized in a specific field of network security. The experimental results show
that, even with a much smaller number of parameters than these network security domain models, our model
can still achieve similar results on the relevant network security domain metrics, while significantly reducing
the runtime overhead. The structure of our paper is as follows: Section | introduces the background and
context of this study; Section 2 reviews related work, including the origins of large language models and their
applications; Section 3 elaborates on the research questions addressed by our method; Section 4 details the
experimental setup and process; Section 5 presents the study’s conclusion and discusses the relevant findings.
This paper presents the conceptual framework for comparing lightly-tuned compact LLMs in cybersecurity,
with the schematic diagram shown in Fig. 1.
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Figure 1: Compare scheme

The contributions of this article are mainly as follows:

« To the best of our knowledge, this work represents the first attempt to fine-tune small-parameter large
language models for cybersecurity applications.

 This paper systematically compares the performance of six sub-4B parameter large language models after
instruction fine-tuning on cybersecurity-related tasks.

o After fine-tuning, our compact large language model achieves performance comparable to 14B-
parameter models on standard cybersecurity benchmarks, even approaching the capability of specialized
security LLMs like SecGPT.

« Among our constructed models, the smallest large language model contains only one-third the param-
eters of the largest existing cybersecurity-specialized LLM. Under the same framework, it demonstrates
significantly faster fine-tuning speeds compared to larger models while better adapting to downstream
cybersecurity task requirements.
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« Largelanguage models with a small number of parameters can outperform ChatGPT by 21.66% to 31.32%
on tactical extraction tasks and by 30.69% to 40.42% on technical extraction tasks after only simple
fine-tuning, demonstrating significant advantages in comparison.

2 Related Works
2.1 Large Language Models in Cybersecurity

Large language models show strong ability on relevant general tasks, among which, the quality and
quantity of pre-trained corpus, the number of parameters of the model and the number of parameters
activated during inference can represent the processing ability of large language models themselves on
general tasks to a certain extent. For the field of network security, the related tasks are highly private, and the
use of closed-source large language models like GPT-4 to complete the tasks in the field of network security
not only requires complex prompt word engineering guidance, but also faces the problem of sensitive privacy
data leakage. Therefore, some researches aimed at this problem, fine-tune or re-pre-train on the open source
large language model, so that it can be applied to the related network security field tasks, and achieve better
results. Hackmentor was one of the first to start this research. It first set up seed fine-tuning data for tasks
in the field of network security and used the method of self-instruct [6]. Based on this, a large number of
relevant instruction fine-tuning data sets were generated. Then the lora instruction is fine-tuned by several
large language models with different parameters such as llama [7]. Subsequently, on the basis of Baichuan-
13b-base, SecGPT re-collected extensive data such as books and vulnerability analysis reports in the field of
network security and re-pre-trained them. The trained large language model performs well in the field of
network security tasks.

2.2 Other AI Approaches in Cybersecurity

Beyond the extensive applications of Large Language Models (LLMs) in cybersecurity, numerous
traditional AT methods have also been widely employed. For instance, prior research has utilized hybrid
machine learning models to automatically identify relevant threats on hacker forums [8], developed systems
for discovering cyber threat intelligence on Twitter [9], applied deep neural networks to process security-
related information from social media [10], and introduced methods for extracting low-level threat actions
from open-source CTI [11]. Some studies employ an automated approach to extract low-level adversarial
behaviors from public CTI sources, which is foundational for enabling timely defensive decision-making [12].
There is also a body of research [13-16] focusing on content analysis within the field of threat intelligence.

2.3 Large Language Models with Small Parameter Number

Increasing the quantity and quality of pre-training data enhances the performance of smaller-scale [17]
large language models. Knowledge distillation from large language models to small language models
demonstrates the significant potential of the latter [18]. Some studies have designed pre-trained large
language models with fewer parameters specifically for Chinese [19].

Compared with the related models with a large number of parameters, the large language model with
a small number of parameters has less overhead for inference and fine tuning, and is easier to adapt to the
specific tasks in the field of network security.

3 Methodology

This chapter details the origin of the instruction fine-tuning dataset employed in our approach and
outlines the associated testing methodology with the overall framework illustrated in Fig. 2.
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Figure 2: Total scheme

3.1 Dataset Collection and Experimental Methodology

This study adopts the training and testing dataset from paper [5], which was constructed using the
self-instruct methodology. Specifically, the dataset was generated by fine-tuning GPT-3.5-turbo on 145 seed
instructions, yielding an augmented dataset of over 10,000 instruction-following samples. Furthermore, it
is noteworthy that the resulting training set of over 10,000 examples explicitly excluded the original 145
seed instructions. The corpus of over 10,000 instructions was generated based on 145 seed instructions, with
the generated set excluding these original seed instructions. The generated dataset exhibits a ROUGE score
below 0.6 when compared to the original seed instructions, ensuring sufficient diversity while maintaining
relevance. Consequently, this dataset serves as the benchmark evaluation criterion in our experiments.

To assess the performance of different models, we employ DeepSeek-V2 as the evaluator, which has
demonstrated superior performance over GPT-4 in relevant benchmarks. The evaluation is conducted using
the prompt template provided in Appendix A, with outcomes classified as either a win for one model or a tie.

3.2 Comparative Analysis Approach

Based on the requirements of the model with more than 4B parameters in this paper, phi-2, Phi3-
mini-4K-Chat, Phi3-mini-128K-Chat, and gemma-2b were selected, respectively. Six different large language
models with small parameter numbers, namely qwen-1.5-1.8b-chat and qwen-1.5-4b-chat, were fine-tuned
with lora on more than 10,000 datasets to conduct in-depth mining of the capabilities of the related models.
Meanwhile, it is also aimed to verify how the fine-tuned small parameter model performs on the fine-tuned
dataset in the field of network security. For the final fine-tuned model, not only is its performance compared
with the general large language model with 14b parameters that has not been fine-tuned, but also with the
large language model that has been re-pre-trained and fine-tuned specific to the field of network security.
Finally, a horizontal comparison is made among the models with different types of small parameters that
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have been fine-tuned with data in the field of network security. And the advantages and disadvantages of the
effects among different models are judged through the EloRating index.

4 Experimental Framework and Systematic Evaluation
4.1 Compared with General Large Language Models

To determine the effect of the small parameter model after re-fine-tuning in the field of network security.

4.1.1 Comparison with the Performance of Large Language Models in General Domains

To determine the effect of the small parameter model after re-fine-tuning in the field of Cyber security.
The detailed result is presented in Table 1. The values listed beneath each model in the table represent their
performance on the set of 145 planting instructions.

Table 1: Compare with the performance of large language models in general domains

Model name Custom-model tie qwenl.5-14B
gwen-1.5-4b-chat 10 98 37
qwen-1.5-1.8b-chat 6 95 44
phi-3-mini-4k-chat 22 97 26
phi-3-mini-128k-chat 40 39 66
Phi-2 8 81 56
gemma-2b 29 95 21

4.1.2 Compared with Large Models in the Field of Cyber Security

This chapter presents the performance evaluation of TinySecGPT on cybersecurity-related test datasets,
comparing it against two types of models: (1) large-scale general-purpose language models with 14B
parameters (e.g., Qwen-1.5-14B), and (2) cybersecurity-specific large language models that have been
retrained and fine-tuned on domain-specific data. The experimental results demonstrate that properly
fine-tuned small-parameter models can achieve competitive performance—matching or surpassing the
general-purpose Qwen-1.5-14B model in up to 85% of test cases. Notably, the best-performing variant even
achieves comparable or superior results to SecGPT (a specialized cybersecurity LLM) in 90% of evaluations
(see Table 2). Our experiments demonstrate that sub-4B LLMs, when specifically trained for cybersecurity,
can achieve performance comparable to not only general-purpose 14B LLMs but also other large models that
are specially trained for cybersecurity in certain scenarios.
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Table 2: Compare with the performance of large language models in cyber security

Model name Custom-model tie SecGPT
qwen-1.5-4b-chat 25 81 39
qwen-1.5-1.8b-chat 31 63 51
phi-3-mini-4k-chat 56 75 14
phi-3-mini-128k-chat 50 68 27
Phi-2 64 26 55
gemma-2b 23 58 64

4.2 The Time Cost on the Same Dataset
4.2.1 Lora Training Overhead

To visually verify the comparison of the time spent on full-parameter fine-tuning between a language
model with a large number of small parameters and a language model with a large number of large
parameters, this paper adopts the same fine-tuning framework to compare the time cost of relevant language
models with a large number of small parameters and the large-parameter model that undergoes full-
parameter fine-tuning in the paper [5]. Table 3 summarizes our main results. Parameters in this table are
measured in billions, while the durations for SFT and LoRA are reported in seconds.

Table 3: Lora training overhead

Model name Parameters (b) Lora fine-tuning (s)
phi-2 2.7 1408
qwenl.5-14b 14 3422
gwen-1.5-1.8b-chat 1.8 867
qwen-1.5-4b-chat 4 1508
phi-3-mini-128k-chat 2.7 1797
phi-3-mini-4k-chat 2.7 1623
gemma-2b 2 913
Llama-7b 7 2239
Llama-13b 13 3903
Vicuna-13b-1.1 13 4549
Vicuna-7b-1.1 7 2630

This paper conducts tests on two Al00s. The relevant hyperparameter ratios are as follows:
per_device_train_batch_size: 3, gradient_accumulation_steps: 2, learning_rate: 0.0001, cutoff_len = 1024.
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4.2.2 Comparison of SFT Fine-Tuning Time Cost

To visually verify the comparison of the time spent on full-parameter fine-tuning between a language
model with a large number of small parameters and a language model with a large number of large parame-
ters, this paper adopts the same fine-tuning framework to compare the time cost of relevant language models
with a large number of small parameters and the large-parameter model that undergoes full-parameter fine-
tuning in the paper [5]. This paper conducts tests on two A100s. Table 4 summarizes our main results. The
relevant hyperparameter ratios are as follows: per_device_train_batch_size: 3, gradient_accumulation_steps:
2, learning_rate: 0.0001.

Table 4: Full-parameter fine-tuning

Model name Parameters (b) SFT (s)
phi-2 2.7 6100
qwen-1.5-1.8b-chat 1.8 4725
qwen-1.5-4b-chat 4 8241
phi-3-mini-128k-chat 2.7 5773
phi-3-mini-4k-chat 2.7 5668
gemma-2b 2 4015
Llama-7b 7 11,030
Llama-7b 7 10,608

4.3 The Effect Comparison among Large Language Models with Small Number of Parameters

Models with a small number of parameters have certain performance capabilities in related test
problems. Meanwhile, in order to systematically compare the effects of large language models with a small
number of parameters on specific domain tasks, this paper compares the effects of several general large
language models and evaluates them using an Elo rating metric similar to that in [5] to determine their scores
on relevant metrics. The Elo rating system quantifies the relative skill of agents by analyzing competitive
outcomes, dynamically updating scores based on performance against expectations. The core update formula
is Ryew = Rola + K x (S — E), where Ry, and R,q are the updated and previous ratings, K is a constant
controlling the adjustment magnitude, S is the actual game outcome (1 for win, 0.5 for draw, 0 for loss), and
E is the expected score calculated from the players’ pre-game ratings.

Comparison of the effects of large language models related to effects under relevant reasoning frame-
works:

To further provide relevant researchers with the performance of large language models with a small
number of parameters in the relevant evaluation indicators in the field of network security, this paper adopts
the Elo rating method to evaluate the performance comparison among related large language models with
a small number of parameters and determine their Elo rating, thereby providing inspiration for subsequent
researchers. A prominent method for evaluating the performance of Large Language Models (LLMs),
particularly in open-ended and conversational tasks, is the Win Rate, defined as the proportion of victories
in pairwise comparisons: Win Rate = Z\I\]IL“‘I, where N,,in is the number of wins and Ny, is the total number

total

of pairwise comparisons. This metric serves as a relative and pairwise performance measure that directly
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quantifies human or model preference between two competing systems. A comparative analysis of the win
rates for the evaluated models that have been fine-tuned is summarized in Fig. 3.
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Figure 3: Win-rate comparison

The relevant results of the Elorating judgment are shown in Table 5. It can be seen that a certain model
performs the best in the EloRating indicator. There should be two possibilities for judging it. This model
originally performed well in the relevant test indicators. Through this fine-tuning, it will perform better in the
related downstream problems. Therefore, this also proves that when completing related downstream tasks,
it is possible to consider using large language models with relevant small parameter quantities. For example,
the phi-3 series models can complete many tasks such as tactical and technical extraction in the field of
network security and named entity recognition in the field of network security on the fine-tuned models.

Table 5: Elo-rating

Name Model Elo-rating
0 phi-2 1146
1 phi-3-mini-4k-chat 1068
2 phi-3-mini-128k-chat 1009
3 gwen-1.5-1.8b-chat 989
4 qwen-1.5-4b-chat 961
5 gemma-2b 825

Ultimately, a comparative verification was conducted on the task benchmarks in the relevant field of
network security with large language models such as SecGPT, Hackmentor, and SecGPT-1.5, which were re-
pre-trained, incrementally trained, or fine-tuned for relevant instructions in the field of network security.
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The final experimental results can also indicate that The fine-tuned model can not only show better results
in the evaluation of related tasks in the field of network security on the basis that the number of parameters
is much smaller than that of other large language models in the field of network security. Not only that, but
it can also be fine-tuned and re-pre-trained more conveniently on downstream tasks. Therefore, the work of
this paper has certain reference and comparative significance for the subsequent related specific tasks applied
in the field of network security.

Furthermore, in this experiment, for the first time, the performance of a large language model with
a small number of parameters that has been fine-tuned through the instruction fine-tuning dataset in the
field of network security is compared with that of related models. This enables a systematic comparison of
the performance and related capabilities of large language models with a small number of parameters in
answering questions in the field of network security. Thus, it can be seen that large language models with
different types of small parameter numbers also have different statements when answering questions related
to the field of network security. The reason for this might be that the pre-trained corpora are different,
which contain different distributions of pre-trained corpora. For large language models with relatively good
performance, It might be that a considerable amount of content related to the field of cyber security was
added to the pre-trained corpus.

The experiment adopted the methods related to hackementor and used its evaluation prompts.
Advanced large language models such as the most advanced DeepSeek-V2 were called respectively for
evaluation. Eventually, on the relevant 145 questions, after lora fine-tuning, the relevant models showed size
comparisons similar to the number of their parameters. However, it can demonstrate relatively good results
on related issues. The number of test seed instructions is shown in Fig. 4.

Model B
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80

Model A

phi-3-mini-4k-chat 60

40
qwen-1.5-1.8b-chat
20
qwen-1.5-4b-chat

Battle Count of Each Combination of Models
Figure 4: Battle counts comparison

The cases with divergent outcomes are presented in Fig. 5, while the comparable results among the six
fine-tuned smaller LLMs are shown in Fig. 6.
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Figure 6: Battle counts

First, directly compare the output effect of the model with llama3-70b, so as to compare its performance
in answering related questions in the field of network security.

Subsequently, the effects of the pairwise small parameter number models on the generation of network
security will be compared. For six different models with small parameter quantities, pairwise comparisons
can be made, and thus the relevant confusion matrix diagrams can be obtained in total. From this, we can
also see that different models give different answers to related questions. This might be due to the different
pre-trained corpora, which leads to their different focuses on capabilities in related tasks in the field of
network security. Finally, the Elo ratings of different fine-tuned large language models with a small number
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of parameters were compared, and the relevant contents were sorted according to their scores from high to
low, as follows:

Regarding the specific steps of the experiment, first, its response effect on the original data was
compared with that of Hackmentor, and SecGPT was also compared with its effect on the relevant datasets
of hackmentor. By comparison, it can be seen that the fine-tuned relevant small language models can
achieve corresponding effects on related complex tasks and have corresponding advantages compared with
hackmentor. Experimental comparisons were conducted respectively on the instruction fine-tuning datasets
with a large ROUGHE distance from the instruction fine-tuning dataset, namely the 145-instruction fine-
tuning dataset, which can demonstrate its certain advantages. It was compared respectively with Hackmentor,
SecGPT, and SecGPT-1.5. Finally, the specific values of the Win rate related to various models of the relevant

-

predictions are presented in the Fig. 3.

Secondly, by comparing the contents among them, it can be seen that phi3-mini performs the best in the
relevant effects and should be considered to have a relatively strong pre-training ability. But at the same time,
its parameter number is much smaller than that of the relevant network security models, and the parameter
numbers of the other models are all related to 7b or 14b.

For the performance of the relevant large language model, the content related to balancing in the model
is specifically shown in Figs. 5 and 6.

4.4 Downstream Task Generalization Analysis

The previous text discussed the effect on general network security tasks. Not only that, we also
found that large language models with small parameters also demonstrated good performance in related
downstream tasks.

This paper tests the effect of the relevant small parameter model on the relevant downstream tactical
technology extraction datasets. After fine-tuning with lora, the relevant effects are tested respectively on the
relevant tactical extraction datasets and the technical extraction datasets.

This method tests the performance of several large language models with small parameters in the
experiment on the same training set, validation set and test set, respectively, and directly compares the
performance with that of the more capable closed-source model chatgpt. The relevant accuracy was tested
respectively from the perspectives of tactical extraction, technical extraction, etc. Experiments have proved
that these models with parameters smaller than 4b can demonstrate outstanding advantages in related tactical
and technical data extraction after simple fine-tuning, and can be better applied to related tasks in the
downstream network security field.

The complete tactical extraction dataset is derived from reference [20], which contains a total of 26,602
datasets and follows the rule of 8:1: The proportion of 1 is divided into the training set, the validation set,
and the test set. This method converts them into the corresponding fine-tuning data set of large model
instructions, using the alpaca format, for phi-3-mini-4k-chat, phi-3-mini-128k-chat, and qwenl.5-1.8b-chat,
respectively. qwenl.5-4b-chat, Phi-2, Gema-2B (unsloth), six large language models with parameters less
than 4b were fine-tuned with lora, and the experimental setup was tested on 50%A100. It took about 3 to
4 h. Compared with other large language models with a large number of parameters, the time spent on fine-
tuning and the related video memory overhead were much less than those of the relevant models. Specifically,
its related parameters are as follows:
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4.4.1 Tactical Extraction Effect

To verify the effect of tactical extraction, in this paper, lora fine-tuning was performed on three large
language models with relevant parameters less than 4b on the relevant training set, namely phi-3-mini-4k-
chat, phi-3-mini-128k-chat, and qwenl1.5-1.8b-chat. For all LoRA fine-tuning experiments, the training batch
size was set to 2, the learning rate was 1.0e—4, and the models were trained for 3.0 epochs. All experiments
were performed on an A100 GPU with a memory footprint limited to 50%.

The model was waited for and tested on the final result. First is the tactical extraction effect, and its
specific effect is as follows: It can be seen from the relevant experiments that large language models with small
parameters outperform Chatgpt by 21.66% to 34.48%, respectively, and have a relatively obvious advantage
in the effect of tactical extraction (see Table 6).

Table 6: TACTIC precision

Model-name Parameters (billion) Precision
phi-3-mini-4k-chat 3.8 73.92%
phi-3-mini-128k-chat 3.8 64.26%
qwenl.5-1.8b-chat 1.8 67.34%
qwenl.5-4b-chat 4 77.08%
Phi-2 2.7 66.10%
Gemma-2b (unsloth) 2 68.13%
Chatgpt Almost 175 42.60%

4.4.2 Technical Extraction Effect

Meanwhile, to verify the extraction effect of the relevant technology, this experiment also fine-tuned
lora on three large language models with parameters less than 4b and then conducted tests on downstream
tasks [16].

For the relevant indicators of technical extraction, the specific effect is shown in the Table 7. It can
be seen that the small-parameter model, with only 46 to 97 times the number of parameters of Chatgpt,
only needs a small amount of fine-tuning. The performance of the small-parameter large-language model
is approximately 30.69% to 42.85% higher than that of Chatgpt. It has relatively obvious effect advantages
(see Table 7).

Table 7: Techinque precision

Model-name Parameters (billion) Precision
phi-3-mini-4k-chat 3.8 58.32%
phi-3-mini-128k-chat 3.8 48.82%
qwenl.5-1.8b-chat 1.8 48.59%
qwenl.5-4b-chat 4 59.75%
Phi-2 2.7 46.86%

(Continued)



Comput Mater Contin. 2026;87(2):39 13

Table 7 (continued)

Model-name Parameters (billion) Precision
Gemma-2b (unsloth) 2 49.06%
Chatgpt Almost 175 17.90%

Secondly, by comparing the contents among them, it can be seen that phi3-mini performs the best in the
relevant effects and should be considered to have a relatively strong pre-training ability. But at the same time,
its parameter number is much smaller than that of the relevant network security models, and the parameter
numbers of the other models are all related to 7b or 14b.

5 Discussion and Conclusion
5.1 Discussion

LLM capabilities are a function of architecture, training data, and parameters—not parameters alone.
The strong performance of models like phi-2, trained on extensive corpora, consequently explains why
certain compact models are competitive in NLP-based cybersecurity tasks. Future research should focus on
analyzing more in-depth NLP tasks in cybersecurity, including Named Entity Recognition, to further explore
the application potential of these compact models in the cybersecurity domain.

5.2 Conclusion

The experiments conducted in this study demonstrate that smaller-scale large language models (LLMs),
when fine-tuned on cybersecurity domain-specific downstream task datasets, can achieve comparable
or even superior performance to certain proprietary LLMs. This advantage is evident not only in the
comprehension of cybersecurity knowledge but also including tactics and techniques extraction in the
cybersecurity domain.
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Appendix A

The gemma-2-b model weighted links from: https://huggingface.co//unsloth/gemma-2b.

»

Prompt for Deepseekv2: “I will give you the following dictionary: “instruction”: “instruction content’,

“input”: “input content”, “model-A-output”: “output content of model”, “model-B-output”: “output content
of model B” where “input” can be empty, and “model-A-output” and “model-B-output” are the responses of


https://huggingface.co//unsloth/gemma-2b
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model A and model B to “instruction” and “input”. The specific contents of the dictionary are shown below:
“text”. You need to compare “model-A-output” and “model-B-output” based on the dictionary content and
choose from the following three options: A is better, B is better, or tie. Only answer one of the given three
options, without any further explanation.”
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