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Abstract
Despite  significant  progress  in  large  language  models  (LLMs)  with  general  reasoning
capabilities,  their  adaptability  remains  limited  in  interdisciplinary  domains  that  require
specialized expertise, such as those related to cutting-edge chip fabrication in materials
science.  To  address  this  gap,  this  study  constructs  a  domain-specific  benchmark  for
graphics processing unit (GPU) materials science, comprising a systematically constructed
evaluation dataset and a comprehensive assessment of representative LLMs on domain-
specific  tasks.  As part  of  this benchmark development,  we also develop GPUmatLLM, a
specialized domain language model fine-tuned on high-quality data from academic papers,
patents, and other relevant sources for GPU materials science. Benchmarking results reveal
a notable performance gap among the representative LLMs, with no single model excelling
in both general scientific reasoning and GPU material-specific knowledge acquisition. In
contrast,  GPUmatLLM  demonstrates  improved  comprehensive  performance  on  GPU
materials tasks, surpassing baseline models in domain-specific inference while maintaining
competitive performance in general scientific reasoning. This work provides an effective
framework and practical paradigm for benchmarking and optimizing domain-specific LLMs
                                                                                                  in specialized materials science fields.
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INTRODUCTION
The rapid advancement of large language models (LLMs) has positioned artificial intelligence at the frontier

of scientific knowledge management
[1,2]

, offering unprecedented opportunities to automate the retrieval,

synthesis, and reasoning of technical literature across diverse disciplines
[3,4]

. LLMs are increasingly regarded

as scientific reasoning engines rather than static knowledge stores
[5,6]

. Comparable artificial intelligence (AI)-

driven advances are reshaping adjacent hardware domains, including optical image processing
[7]

, metasurface

design
[8]

 and fiber-optic signal processing
[9]

. These AI systems are built on the Transformer architecture
[10]

and, in their most recent form, on large open-weight models
[11]

. Their deployment at scale has raised

questions of reliability and risk control in the physical sciences
[12]

. The performance, reliability, and

scalability of this hardware ultimately depend on materials, which has sparked a wave of research in graphics

processing unit (GPU) manufacturing processes. In the field of GPU materials science [e.g., encompassing

thermal interface materials (TIMs), semiconductor packaging, heat dissipation structures, and

manufacturing processes], research output has expanded dramatically in recent years, driven by escalating

thermal challenges in high-power GPU devices and the proliferation of candidate material systems
[13,14]

. This

domain is inherently interdisciplinary
[15,16]

, integrating polymer chemistry, phonon transport physics,

semiconductor packaging engineering, and manufacturing reliability, with practical knowledge scattered

across academic journals
[17]

, patent databases
[18]

, and industrial standards
[19]

. Efficiently retrieving and

reasoning over such fragmented, cross-domain knowledge is critical for accelerating material selection
[20,21]

,

process optimization
[22,23]

, and failure analysis in GPU thermal management applications
[24,25]

.

Traditional knowledge acquisition in materials science remains predominantly manual
[26,27]

, relying on

keyword-based database searches
[28]

, labor-intensive literature reviews
[29,30]

, and expert consultation
[31]

. These

workflows are slow, difficult to scale
[32,33]

, and prone to coverage gaps as the body of literature continues to

grow
[34]

. While general-purpose LLMs have shown promise in scientific information extraction
[35,36]

 and

reasoning
[37]

, their performance on domain-specific materials queries, such as those arising in GPU

manufacturing, remains unreliable
[38,39]

. Without targeted exposure to the specialized terminology, physical

constraints, and engineering trade-offs of GPU thermal management, general LLMs often generate

superficial, generic, or factually inaccurate responses
[40,41]

, limiting their utility for high-stakes engineering

decision-making
[42]

. Domain-adapted materials chemistry models, such as ChemLLM and ChemDFM,

represent early efforts toward scientific specialization, but their training distributions are centered on

molecular chemistry and pharmaceutical science rather than the device-level packaging and thermal

transport challenges central to GPU materials engineering. Beyond single-model approaches, recent work

has begun to integrate curated materials databases, large-scale literature mining and agent-based workflows

into unified discovery pipelines
[43]

, and to couple domain-specific models with autonomous experimental

planning. These developments underline the importance of a well-characterized domain corpus and of

transparent, domain-matched benchmarks, which are the focus of the present work.

Despite growing interest in applying LLMs to materials science, several critical barriers, which remain

underexplored in the existing literature, hinder the development of a robust GPU materials-specific LLM
[4,44]

.

First, this highly interdisciplinary field lacks a systematically curated, large-scale training corpus;

constructing such a corpus requires automated parsing, quality control, and question-answer (QA)

generation pipelines to integrate heterogeneous document types
[45,46]

. These include peer-reviewed papers,

technical books, and patents; curated collections of such heterogeneous sources for GPU materials

engineering are currently lacking
[47,48]

. Second, pure domain-specific fine-tuning risks catastrophic forgetting
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Figure 1. (A) Overall five-stage workflow of GPUmatLLM, covering data collection and dataset generation, data cleaning and filtering,
corpus preparation, model fine-tuning, and benchmark evaluation; (B) Automated QA and MCQ dataset generation pipeline for
GPUmatLLM. GPU: Graphics processing unit; API: application programming interface; QA: question-answer; MCQs: multiple-choice
questions; LLM: large language model; GPQA: graduate-level Google-proof Q&A; LoRA: low-rank adaptation; PDF: portable document
format.

of general language and scientific reasoning capabilities
[49,50]

, yet optimal data mixing strategies for narrow

engineering domains with limited corpus size remain understudied
[51]

. Third, standardized LLM benchmarks

for GPU materials are absent, impeding objective evaluation and transparent comparison of model

performance across different architectures and training paradigms
[52,53]

.

To address these gaps, this work introduces GPUmatLLM, with a domain-specific benchmarking dataset and

an LLM tailored for GPU materials science, built upon curated corpus construction, parameter-efficient fine-

tuning via Low-Rank Adaptation (LoRA), and systematic benchmark evaluation. A training corpus of 44,629

samples, comprising 34,077 domain QA pairs derived from 997 peer-reviewed articles, 2 technical books, and

854 GPU-related patents, together with 2,552 synthesized domain multiple-choice questions (MCQs) and

8,000 general-domain auxiliary samples, is assembled through an automated filtering pipeline. The

Qwen2.5-7B-Instruct base model is fine-tuned to generate GPUmatLLM, which is evaluated on four

standardized benchmarks against six representative models. The benchmarking spans general, chemistry-

specialized, and state-of-the-art LLMs, using EvalScope as a unified evaluation framework. The overall

workflow, covering corpus construction, LoRA fine-tuning and benchmark evaluation, is summarised in

Figure 1. A preliminary version of this work has been made available as a preprint
[54]

. This work represents a

systematic attempt to develop a dedicated benchmark and LLM for GPU-related materials science.
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METHODS
Construction of the GPU materials corpus and benchmark

A domain corpus for the GPU materials field was assembled from three complementary sources. First, 997

peer-reviewed papers were retrieved from the OpenAlex database using core search topics covering TIMs,

GPU thermal management, semiconductor packaging, die-attach processes, and materials characterization.

Then, 854 GPU-related patents were collected from Google Patents, and two books on electronic thermal

management were incorporated to supply systematic disciplinary knowledge
[55,56]

.

To convert these heterogeneous documents into usable text, every raw portable document format (PDF) file

was parsed into structured Markdown through the MinerU application programming interface (API)

integrated within the EasyDataset platform. During parsing, structure-aware semantic chunking was applied

instead of fixed-length segmentation, so that quantitative parameters spanning several sentences (e.g.,

thermal conductivity, bond-line thickness, and process-temperature ranges) remained together with their

surrounding context.

To prevent the model from losing its general capabilities during subsequent domain adaptation, 8,000 non-

domain auxiliary samples were introduced: general-instruction data from the Magpie
[57]

 and Firefly Chinese

corpora, 3,000 physics-reasoning samples from Camel-AI/physics
[58]

, and 3,000 mathematical word problems

from Orca-Math
[59]

.

From each resulting text chunk, single-turn QA pairs and MCQs were generated by prompting DeepSeek-

V3.2 through the SiliconFlow API. A separate prompt template was designed for each data type (i.e., QA

pairs from papers, QA pairs from patents, and MCQs) with the full templates provided in the Supporting

Information. After the two-stage filtering pipeline, 42,077 QA pairs and 2,552 MCQs were retained. The

prompt templates used for QA and MCQ generation are provided in Prompts 1-4 in Supplementary

Materials. The raw samples were then refined through a two-stage hierarchical filtering pipeline

[Supplementary Figure 1]
[60]

. In the first stage, rule-based filtering within the EasyDataset platform
[61]

 was

used to remove items built on non-knowledge fragments, including figure captions, table headers, author

information, and bibliographic references. In the second stage, the Qwen-plus model scored each remaining

sample from 1 to 5 on factual correctness, information density, and logical coherence; samples scoring below

12 out of 15 in total, or below 4 for factual correctness, were discarded. No independent manual audit of the

retained samples was performed; the quality characteristics reported here are therefore those of the

automated scorer rather than of human adjudication. This is a deliberate consequence of the fully automated

design and is noted among the limitations of the present study.

After filtering, 42,077 high-quality domain QA pairs remained. Because each text chunk yielded several QA

pairs, the 42,077 filtered pairs were partitioned into training (34,077), validation (4,000), and test (4,000)

subsets by stratified sampling within each chunk. This internal partition is chunk-overlapping by

construction, since QA pairs derived from the same chunk may fall into different subsets. It was used solely

to monitor training convergence and to select the final checkpoint, and no result reported in this work is

computed on it. All reported domain results are obtained on the gpumaterials benchmark, which was held

out and never used for fine-tuning. Combining the training split with the auxiliary data (i.e., 8,000 samples)

and the synthesized MCQs (i.e., 2,552 samples, vide infra) yielded the final training corpus of 44,629 samples.

Independently, a held-out evaluation benchmark, gpumaterials, was constructed, consisting of 500 open-

ended QA pairs with model-generated reference answers spanning TIMs, semiconductor substrates,

interconnect metallurgy, and packaging polymers. Disjointness between the benchmark and the training

corpus was enforced at the item level and was quantified as follows. For every benchmark item, the

maximum character n-gram (3-5) term frequency-inverse document frequency (TF-IDF) cosine similarity
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against all 34,077 training samples was computed. The distribution is concentrated at low values, with a

median of 0.289, a mean of 0.305, a 95th percentile of 0.552, and a 99th percentile of 0.671. A single item

(0.2% of the benchmark) exceeds a similarity of 0.80, reaching 0.854, in which the same measurement had

been reformulated as two separate questions; because it constitutes only 0.2% of the benchmark, it cannot

materially affect any reported mean or model ranking. This analysis provides an upper bound on lexical

overlap; it would not detect a heavily paraphrased restatement of the same fact, and document-level

provenance was not retained during corpus construction, so source-file-level disjointness cannot be verified

retrospectively.

The gpumaterials benchmark was constructed using the same automated pipeline as the training corpus

rather than authored by hand. Candidate QA pairs were generated by DeepSeek-V3.2 from GPU materials

source chunks using the prompt template specified in Prompt 3 in Supplementary Materials, and then

filtered in two stages: rule-based removal of non-knowledge fragments, followed by Qwen-plus scoring

under the same acceptance thresholds described above. Items that could not be answered from text alone

were removed at the rule-based stage. Because the generator and the scorer belong to different model

families, each retained item is validated independently of the model that produced it, and each item is paired

with a single reference answer. Reference answers are written in Chinese and have a median length of 423

characters (interquartile range 293-593, full range 18-2007). Because bilingual evaluation understudy, 1-gram

(BLEU-1) on Chinese text depends on the segmentation used, we report the tokenization adopted by the

evaluation framework in Supplementary Table 1. Since BLEU-1 is computed against a single reference and

no equivalence matching of paraphrased wording, units, or numerical formats is applied, it is reported here

as a lexical-fidelity proxy rather than a measure of semantic correctness; scores nevertheless remain

comparable across models, which are evaluated against identical references under identical decoding settings.

Domain-specific fine-tuning

Qwen2.5-7B-Instruct was adopted as the base model and adapted to the GPU materials domain through

LoRA within the LLaMA-Factory framework
[62]

. LoRA
[63]

 expresses the weight update ΔW as the product of

two low-rank matrices, as defined in:

where  . The pre-trained weights W0 were kept frozen while only A

and B were trained, so that the forward computation became:

where d and k denote the output and input dimensions of the pre-trained weight matrix W0, x is the layer

input, and h is the layer output, thereby preserving the general representations of the base model at the

parameter level. The complete fine-tuning workflow is illustrated in Supplementary Figure 2.

LoRA adapters of rank r = 8 were attached to the query and value projection layers of every Transformer

block. Training used a learning rate of 1 × 10
-4

 under a cosine-decay schedule, a batch size of 4 with 4-step

gradient accumulation (an effective batch size of 16), brain floating point 16 (BF16) mixed precision, and a

single epoch over the corpus. All fine-tuning was carried out on a single NVIDIA GeForce RTX 5090 GPU

                                                                                                

Δ𝑊 = 𝐵𝐴 (1)

ℎ = 𝑊0𝑥 + 𝐵𝐴𝑥 (2)

𝐵 ∈ R𝑑×𝑟 , 𝐴 ∈ R𝑟×𝑘 , and 𝑟 ≪ min(𝑑, 𝑘)

with 32 GB of memory.

https://file.oaecenter.com/published/pdf/3ddc4376876a4ab5f4eb55ed436083c8/1792634111/aiagent2043-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/3ddc4376876a4ab5f4eb55ed436083c8/1792634111/aiagent2043-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/3ddc4376876a4ab5f4eb55ed436083c8/1792634111/aiagent2043-SupplementaryMaterials.pdf
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Table 1. Baseline models and selection rationale.

Model Category Descriptions

Qwen2.5-7B-Instruct General Base model; quantifies the absolute performance gain of LoRA Fine-Tuning[64]

Llama-3.1-8B-Instruct General General-purpose baseline enabling cross-study comparison at similar parameter scale[65]

ChemDFM-v1.5-8B Specialized Chemistry/materials domain expert with third-party evaluation data[66]

ChemLLM-7B-Chat Specialized Chemistry/materials fine-tuned model; a highly relevant Domain-Specific competitor[67]

Qwen3-32B Frontier Leading 30B-scale Chinese language model; establishes large model performance ceiling[68]

DeepSeek-V3.2 Frontier State-of-the-art frontier model; serves as the upper-bound reference[69]

Table 2. Benchmark datasets used for model evaluation.

Dataset Descriptions

ChemBench4K
A chemistry LLM benchmark comprising 4,100 High-quality single-choice questions across nine core chemistry
task categories[67]

GAOKAO_Bench (Chemistry &
Physics MCQ)

A benchmark based on Chinese National College Entrance Examination (Gaokao) problems, evaluating
language comprehension and logical reasoning[70]. Only the multiple-choice chemistry and physics subsets
were used, as they better reflect domain scientific reasoning

GPQA-Diamond
A dataset of 198 expert-written MCQs in biology, physics, and chemistry, designed to challenge graduate-level
domain understanding[71]

gpumaterials
500 open-ended QA pairs on GPU materials and processing, constructed in this work. Evaluates the direct
effect of domain-specific fine-tuning

LLM: Large language model; MCQs: multiple-choice questions.

Benchmark evaluation protocol

GPUmatLLM was evaluated against six baseline models spanning three categories, general-purpose LLMs,

chemistry-specialized LLMs, and large-scale frontier models; the complete list and the role of each baseline

are reported in Table 1. To ensure a fair and reproducible comparison, every model was run within the

unified EvalScope framework, which standardizes prompt construction, response parsing, and metric

computation across models. The decoding strategy was fixed to greedy decoding with the temperature set to

0 for all models. The lightweight 7-8B models were run locally on the RTX 5090 under BF16 precision, while

Qwen3-32B was accessed through Alibaba Cloud and DeepSeek-V3.2 through SiliconFlow, as their

parameter scales exceeded the local memory capacity.

Every model was then assessed on the four benchmark datasets summarized in Table 2. Because

GAOKAO_Bench contributes separate chemistry and physics subsets, these four datasets yield five

evaluation sets in total: four multiple-choice sets scored by accuracy (GPQA-Diamond, GAOKAO-

Chemistry, GAOKAO-Physics, ChemBench4K) and one open-ended set scored by BLEU-1 (gpumaterials).

ChemBench4K and GAOKAO_Bench were downloaded and converted into the MCQ format recognized by

EvalScope, while GPQA-Diamond is natively provided within EvalScope. The first three assess general

scientific and chemical reasoning, whereas gpumaterials measures open-ended generation in the target

domain. For the MCQ benchmarks, accuracy is reported, defined as the proportion of questions whose

selected option matches the ground-truth answer. For gpumaterials, where each question is paired with a

reference answer, BLEU-1 is adopted as the evaluation metric. The overall procedure is summarized in

Figure 2. Beyond these quantitative scores, a qualitative comparison of representative responses was carried

out to confirm that the measured differences reflect genuine domain reasoning rather than scoring artifacts.

Complete model versions, hyperparameters, decoding settings, and API access dates are listed in

                                                                               Supplementary Table 1.

https://file.oaecenter.com/published/pdf/3ddc4376876a4ab5f4eb55ed436083c8/1792634111/aiagent2043-SupplementaryMaterials.pdf
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Figure 2. Schematic diagram of the benchmark evaluation process for domain-specific LLMs. Stage 1 (Dataset Preparation): public
datasets (ChemBench4K, GAOKAO_Bench), the EvalScope-native GPQA-Diamond, and the custom GPU materials set (500 QA pairs)
are assembled. Stage 2 (Format Conversion): the datasets are standardized into the EvalScope-compatible MCQ/QA format, while
GPQA-Diamond is skipped as it is natively supported. Stage 3 (Model Preparation): local open-source LLMs (Qwen2.5-7B-Instruct,
Llama-3.1-8B-Instruct, ChemDFM-v1.5-8B, ChemLLM-7B-Chat) and remote API models (Qwen3-32B, DeepSeek-V3.2) are configured.
Stage 4 (Evaluation Execution): evaluation is run through the EvalScope framework, recording accuracy for the four MCQ benchmarks and
BLEU-1 for the open-ended gpumaterials benchmark. Stage 5 (Result Visualization): the logged metrics are parsed and presented as bar
charts. GPU: Graphics processing unit; QA: question-answer; MCQ: multiple-choice question; GPQA: graduate-level Google-proof Q&A;
LLMs: large language models; API: application programming interface; CLI: command-line interface; BLEU-1: bilingual evaluation
understudy, 1-gram.

RESULTS AND DISCUSSION
Corpus dataset construction

The training corpus of 44,629 samples was assembled from three complementary domain source types

together with non-domain supplementary data. The domain topic distribution of the GPU-material QA and

MCQ corpus (36,629 domain samples) is shown in the horizontal bar chart in Figure 3A, divided into 21

sub-domain categories based on rule-based keyword matching and sorted by sample size. The categories

directly related to GPU thermal management account for over 67% of the samples: semiconductor substrates

(18.2%), thermal-management materials (17.4%), packaging, interconnect and interface layers (12.4%),

metallic materials (7.5%), TIMs (5.8%), carbon-based materials (2.3%), testing and characterization (1.7%),

manufacturing processes (1.2%), and reliability and failure analysis (1.0%). The “cross-domain and

methodological” category (19.6%) mainly includes machine-learning and data-driven methods extracted

from the methodology sections of GPU-related papers (such as variational autoencoders and materials-

informatics pipelines) and semiconductor device-physics content (such as chip-defect detection and

nanowire fabrication). Although not directly related to any specific TIM formulation, these topics represent

the fundamental computational methods and knowledge of modern GPU-material research, a deliberate

design choice that enriches the ability to reason about materials-discovery workflows and manufacturing

environments.

The ring chart [Figure 3B] shows the composition of the entire training corpus. It distinguishes domain-

specific QA and MCQ data (82.1%, including QA pairs from GPU-material papers, books, and patents

together with synthetic GPU-material MCQs) from non-domain supplementary data (17.9%). The
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Figure 3. (A) Composition of the GPU materials science training corpus. The horizontal bar chart shows the domain topic distribution of
the QA and MCQ data; (B) The layered ring chart summarizes the full 44,629-sample corpus by data type. CNT: carbon nanotube; ML:
machine learning; GPU: graphics processing unit; TIM: thermal interface material; QA: question-answer; MCQs: multiple-choice questions.
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supplementary data is divided into functional categories to support targeted capability retention and task

generalization. General-instruction resources, including 1,000 samples from the Magpie-Qwen2.5-Pro-1M-

v0.1 dataset and 1,000 examples from the Firefly Chinese instruction corpus, are leveraged to sustain the

fundamental general language competence. Scientific-reasoning samples, consisting of 3,000 entries from the

Camel-AI/physics dataset and 3,000 entries from the Microsoft Orca-Math-Word-Problems-200k dataset,

maintain the model’s capabilities in domain-adjacent logical inference and mathematical reasoning. In

addition, 2,552 synthetic GPU-material MCQ samples are incorporated to improve the model’s

generalization on MCQ-format tasks. The 17.9% non-domain proportion represents a calibrated, intentional

mixing ratio that maintains general ability without diluting the domain training signal, and it is reinforced by

two independent ability-maintenance mechanisms: data-level mixing and parameter-level freezing (LoRA,

with frozen pre-trained weights W0). The final corpus composition reflects a deliberate blending strategy:

82.1% domain-specific QA and MCQ data provides the targeted knowledge signal, while 17.9% general-

instruction and scientific-reasoning data is intended to mitigate catastrophic forgetting and MCQ-format

generalization failure.

The gpumaterials evaluation set comprises 500 open-ended QA pairs covering the principal areas of GPU

packaging materials science. When grouped into the six sub-domains used for the performance analysis

below, the evaluation set shows that packaging and integration accounts for the largest share (n = 232)

followed by thermal management (n = 162), simulation and characterization (n = 35), materials and

composites (n = 33), interconnects and signal integrity (n = 19), and processing and manufacturing (n = 19).

The predominance of packaging and thermal-management items reflects the central role of heat dissipation

in contemporary high-power GPU devices. The comparatively small number of items in the remaining four

sub-domains is a limitation of the present benchmark: performance estimates for these areas carry

correspondingly wider uncertainty, as reflected in the standard deviations reported in the sub-domain

analysis below.

Overall, the domain distribution of this dataset reflects the research pattern of GPU materials and packaging

technology across subfields. The distribution is broadly consistent with current research activity in industry

and academia, and the gpumaterials dataset provides a domain-matched evaluation benchmark for GPU

materials and process research.

Benchmark evaluation

Benchmarks on science, chemistry, and physics (MCQ tasks)

This section analyzes the performance of GPUmatLLM and baseline models on MCQ tasks covering

multidisciplinary scientific and disciplinary knowledge. The overall benchmark comparison is shown in

Figure 4.

Evaluated on the graduate-level multidisciplinary scientific reasoning benchmark GPQA-Diamond, model

performance presents distinct hierarchical differences. As illustrated in Figure 4A, the large general-purpose

model DeepSeek-V3.2 achieves the best result with a score of 0.7576, followed by Qwen3-32B at 0.5253. The

proposed GPUmatLLM reaches a score of 0.3384, which is slightly lower than that of its base model,

Qwen2.5-7B-Instruct (0.3636) with a relative degradation of 6.9% (an absolute decrease of 0.0252). This

marginal decline suggests a mild attenuation of general scientific reasoning, a trade-off commonly reported

in domain-specific fine-tuning. Given the size of the evaluation set, the difference should be regarded as

indicative rather than statistically established.
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Figure 4. (A) Accuracy of all seven models on the four MCQ benchmarks (GPQA-Diamond, GAOKAO-Chemistry, GAOKAO-Physics,
ChemBench4K); (B) BLEU-1 of all seven models on the open-ended gpumaterials benchmark. Accuracy and BLEU-1 are shown in separate
panels because the two metrics are not directly comparable. Both panels were generated by the authors using Python with Matplotlib.
MCQ: Multiple-choice question.

Chemistry knowledge is further assessed on the GAOKAO-Chemistry benchmark, which covers high-

school-level chemistry. DeepSeek-V3.2 and Qwen3-32B achieve the highest scores of 0.9839 and 0.9032,

respectively. GPUmatLLM obtains a competitive score of 0.7097, securing the third position among all

comparison models. In particular, GPUmatLLM outperforms its base model Qwen2.5-7B-Instruct (0.7016)

by an absolute value of 0.0081, and also exceeds professional chemistry models including ChemDFM-v1.5-8B

(0.6290) and ChemLLM-7B-Chat (0.5484). These results suggest that domain fine-tuning yields positive

transfer on fundamental chemical disciplines without severe knowledge degradation.

Experiments on the GAOKAO-Physics dataset are conducted to examine the physical intuition and

problem-solving capacity of the model. DeepSeek-V3.2 again ranks first, with a score of 0.6250, though the

performance gap between models is narrowed, revealing a common performance bottleneck in advanced

physical reasoning tasks. Notably, GPUmatLLM achieves a score of 0.4531, which is on par with that of the

larger-scale Qwen3-32B model and reflects an 11.5% relative improvement compared with its base model

Qwen2.5-7B-Instruct (0.4062). This improvement is consistent with cross-disciplinary positive transfer.

Given the inherent correlation between materials science and the physical properties of matter (e.g.,

electrical, optical, and thermal characteristics), the domain-specific corpora introduced during fine-tuning

effectively strengthen the core physical reasoning capability of the model.

The comprehensive chemistry benchmark ChemBench4K is adopted to evaluate the breadth and depth of

the model’s chemical knowledge reserve. DeepSeek-V3.2 (0.6563) and Qwen3-32B (0.6363) remain at the top

level of overall performance. GPUmatLLM achieves a score of 0.4515, delivering a 4.8% performance gain

over its base model, Qwen2.5-7B-Instruct (0.4310), while slightly underperforming two chemistry-specialized

models, ChemLLM-7B-Chat (0.4622) and ChemDFM-v1.5-8B (0.4607). This performance gap stems from

the inherent trade-off in domain fine-tuning: unlike dedicated chemistry models optimized for general

chemical tasks, GPUmatLLM is fine-tuned to focus on material synthesis and processing scenarios, which

naturally limits its generalization ability on generic chemical benchmark datasets.
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Evaluation on target domain

The target gpumaterials dataset is designed to evaluate open-ended question-answering capabilities focusing

on materials science and processing scenarios. Different from the aforementioned MCQ tasks, this

benchmark places greater demands on domain knowledge retrieval and on accurate, coherent text

generation, posing a substantial challenge for existing models.

The quantitative results visualized in Figure 4B show that GPUmatLLM achieves the highest BLEU-1 score

among the evaluated models (0.3599), ahead of all baselines on this domain-specific open-ended task.

Further quantitative analysis yields several key findings from the benchmark comparisons.

The proposed model delivers significant performance improvement over its base architecture. GPUmatLLM

outperforms Qwen2.5-7B-Instruct (0.3115) by an absolute margin of 0.0484, corresponding to a 15.5%

relative performance gain. This represents the most notable improvement across all tested benchmarks,

which supports the effectiveness of LoRA-based fine-tuning on the customized GPU materials processing

dataset constructed in this work.

GPUmatLLM also shows a clear advantage over mainstream general-purpose large models. General models

including DeepSeek-V3.2 (0.1541) and Qwen3-32B (0.1650) achieve superior results on conventional MCQ

benchmarks yet experience substantial performance degradation on this open-ended materials task, with the

score of GPUmatLLM more than doubling that of DeepSeek-V3.2. Such a marked performance discrepancy

reflects the steep domain-knowledge barrier inherent to materials science. Increasing model scale alone,

without targeted domain alignment, does not confer competitive performance in vertically specialized

application scenarios.

GPUmatLLM also exhibits superiority over peer models of comparable scale and domain-specialized

chemistry models. The proposed model outperforms the general-scale Llama-3.1-8B-Instruct (0.2319), as

well as chemistry-optimized models including ChemDFM-v1.5-8B (0.1736) and ChemLLM-7B-Chat

(0.1110). This outcome indicates that generic chemistry domain adaptation cannot be directly generalized to

support high-performance reasoning in this specialized subfield of materials science.

All evaluated models yield relatively low overall scores below 0.40 on the gpumaterials benchmark, revealing

the inherent difficulty of open-ended QA tasks in materials science. While GPUmatLLM achieves the best

performance among all comparison models in this task, the limited overall scores suggest considerable room

for subsequent optimization. Overall, GPUmatLLM realizes efficient domain specialization, delivering

superior domain-specific performance with a lightweight 7B-parameter architecture, outperforming large

general-purpose LLMs.

When evaluated on specific benchmarks in the GPU materials science field, GPUmatLLM produced higher

scores compared to its base model (Qwen2.5-7B-Instruct), as shown in Figure 5A and B. On the domain-

specific gpumaterials benchmark, GPUmatLLM outperforms its base model by a relative 15.5%, confirming

the effect of domain-specific fine-tuning. Both models perform very similarly on three general scientific

benchmarks, including ChemBench4K, GAOKAO-Physics, and GAOKAO-Chemistry, indicating that fine-

tuning has only a marginal effect on the general scientific reasoning ability of the model.

GPUmatLLM and Qwen2.5-7B-Instruct show comparably low accuracy on the GPQA-Diamond benchmark,

reaching 0.3384 and 0.3636, respectively. The marginal performance difference indicates that fine-tuning on

GPU-materials data has almost no impact on model performance in this out-of-domain scenario. On the

GAOKAO-Chemistry dataset, both GPUmatLLM and Qwen2.5-7B-Instruct achieved their highest scores
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Figure 5. (A) Grouped bar chart comparing GPUmatLLM with its base model Qwen2.5-7B-Instruct across the five evaluation sets;
accuracy is reported for the four MCQ benchmarks and BLEU-1 for gpumaterials; (B) Line chart comparing MCQ accuracy between
GPUmatLLM (blue line) and Qwen2.5-7B-Instruct (yellow line) across four MCQ benchmarks: GPQA-Diamond, GAOKAO-Chemistry,
GAOKAO-Physics, and ChemBench4K (x-axis, left to right). The y-axis denotes classification accuracy on a 0-1 scale; (C) GPUmatLLM
performance on the gpumaterials benchmark by sub-domain; error bars denote one standard deviation, and n is the number of items per
sub-domain. All panels were generated by the authors using Python with Matplotlib. MCQ: Multiple-choice question; BLEU-1: bilingual
evaluation understudy, 1-gram; GPQA: graduate-level Google-proof Q&A.

among the four MCQ benchmarks (0.7097 and 0.7016, respectively), with GPUmatLLM exhibiting a slight

advantage that suggests a positive transfer effect from chemical domain knowledge acquired during fine-

tuning. On the GAOKAO-Physics benchmark, the accuracy of GPUmatLLM was 0.4531, compared with

0.4062 for Qwen2.5-7B-Instruct. The proposed model nevertheless maintains a slight performance

advantage. The test results on ChemBench4K show that the scores between the two models are very similar,

with GPUmatLLM of 0.4515 and Qwen2.5-7B-Instruct of 0.4310. This confirms that fine-tuning does not

cause measurable performance regression in general chemical multiple-choice tasks. The closely matched

performance across the four MCQ benchmarks indicates that LoRA fine-tuning on the GPU-materials

corpus largely preserves the general scientific reasoning ability of the base model, with a slight regression on

GPQA-Diamond (-0.0252) and gains on the remaining three benchmarks. We note that the individual

contributions of the 17.9% auxiliary-data mixing and of LoRA parameter freezing are not separated in the

present work; a dedicated ablation isolating the two mechanisms is left for future study.

Figure 5C shows the BLEU-1 score distribution of GPUmatLLM across the six sub-domains of the

gpumaterials dataset. The model has an overall mean BLEU-1 score of 0.3599, and its performance differs

markedly across sub-domains. The packaging and integration sub-domain receives the highest score (0.3970)

and has the largest sample size (n = 232), suggesting the model’s generative ability is relatively stable for this
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type of problem. The score for the thermal management sub-domain is 0.362, higher than the overall mean,

reflecting the model’s grasp of knowledge related to heat dissipation and conduction. The materials and

composites sub-domain scores 0.312, but with a standard deviation of 0.195, showing that performance

varies widely in this sub-domain; answers to some materials science questions are of relatively high quality,

whereas those involving specific characterization data or formula details are inaccurate. Scores for the

interconnects and signal integrity (0.2970) and simulation and characterization (0.2750) sub-domains are

both below the overall mean, pointing to knowledge gaps in areas such as electrical interconnection design,

high-precision measurement, and modeling. The processing and manufacturing sub-domain has the lowest

score (0.1940) and the largest standard deviation (0.2260), suggesting that the model lacks accuracy in

answering questions about specific process parameters such as deposition, etching, and solidification, a

limitation that should be addressed in future work.

In terms of data distribution, the two sub-domains of packaging and integration, and thermal management

account for approximately 79% of all samples and thus constitute the bulk of the dataset. The model’s

performance in these two dominant sub-domains strongly supports the overall score; however, sub-domains

with smaller sample sizes generally show larger standard deviations, indicating that the reliability of the

model’s performance under small-sample conditions needs further validation.

We extracted four representative GPUmatLLM responses to domain-specific questions from the GPU

material evaluation set [Figure 6], demonstrating the model’s ability to produce mechanistically grounded

answers using precise domain terminology in the core subdomains of the training corpus. The problem

shown in Figure 6A mainly concerns the miniaturization of semiconductor packaging. GPUmatLLM

correctly identifies the roles of spatial integration based on interposers, placement of TIMs between chips

and substrates, metallization layers for electrical interconnects, and three-dimensional stacking in achieving

device miniaturization, demonstrating multi-level packaging knowledge across material selection, thermal

management, and mechanical architecture. Figure 6B is about the mixed bonding problem in chip stacking.

GPUmatLLM accurately describes mixed bonding as the simultaneous direct bonding of metal to metal and

dielectric to dielectric, elucidating the roles of metallization layers and insulation layers in forming

metallurgical and chemical/physical bonds, and correctly linking this technology with shorter inter-chip

distances, reduced signal delay, lower power consumption, and higher packaging density in vertical chip

integration. Figure 6C shows the amorphous carbon interlayer thermal modulation problem. GPUmatLLM

proposes a mechanism-level explanation that links the insertion of amorphous carbon interlayers at the

copper-diamond interface with the suppression of phonon scattering, promotion of phonon transport,

enhancement of interface bonding strength, and overall improvement of interface thermal conductivity.

Answering this question requires comprehensive knowledge of phonon transport physics and interface

materials science. Figure 6D shows the issue of protrusions and indentations in the heat sink. GPUmatLLM

correctly attributes the functional role of surface features on the heat sink base to airflow guidance,

convective heat transfer enhancement, compression of TIMs, and stress release at the printed circuit board

(PCB) interface, demonstrating an application-level understanding of GPU thermal management hardware.

In all four cases, GPUmatLLM demonstrated accurate use of domain-specific terminology (highlighted in

orange and blue in the original annotations), process-oriented causal reasoning, and knowledge integration

across sub-domains of materials, heat, and packaging engineering.

Representative examples from the evaluation set are provided to further illustrate the qualitative advantages

of GPUmatLLM. In Figure 7A, GPUmatLLM provides a structured and technically detailed explanation of

via interconnects, covering vertical electrical connectivity, 3D network construction, and signal integrity,

whereas Llama-3.1-8B-Instruct produces only a generic two-sentence response lacking domain-specific

terminology. In example Figure 7B, while both models correctly identify copper and aluminum as typical

                                                                                             



Page 14 of 19 Wang et al. AI Agent 2026, 2, 26

Figure 6. Four representative GPUmatLLM responses to domain-specific questions drawn from the GPU materials science evaluation set
(Orange represents Domain-specific terminology, blue represents Engineering/Process Insights, and purple represents
Performance/Benefit). GPU: Graphics processing unit; PCB: printed circuit board; I/O: input/output.

thermal module materials, GPUmatLLM additionally describes the heat transfer pathway from chip to heat

spreader fins, demonstrating a deeper understanding of thermal management mechanisms. These examples

suggest that GPUmatLLM, fine-tuned on GPU material and packaging domain data, generates responses

with greater technical depth and structural completeness than general-purpose models of similar scale.

Figure 7C and D present a second qualitative comparison against ChemLLM-7B-Chat, a domain-specialized

chemistry model of similar scale. In Figure 7C, GPUmatLLM provides a structured, multi-aspect account of

heat-spreader functions, identifying the low-thermal-resistance conduction path, the lateral heat spreading

that lowers the chip junction temperature, the mechanical support and stress buffering against coefficient-of-

thermal-expansion (CTE) mismatch, and the compatibility with external cooling solutions such as heat sinks,

vapor chambers, and cold plates. In contrast, ChemLLM-7B-Chat returns a single generic sentence stating

that heat spreaders serve a heat-dissipation purpose, without a packaging-specific mechanism. In Figure 7D,

GPUmatLLM explains that metallic supporting structures establish a low-thermal-resistance pathway from

the heat source to the external cooling system and that their high conductivity reduces the heat-transmission

resistance along this path, explicitly linking the design to stable GPU operation under high load;

ChemLLM-7B-Chat again offers only a generic statement about transferring heat to a heat sink, omitting the

GPU packaging context, the thermal-interface coupling, and the low-thermal-resistance rationale. There are

two more examples attached in Supplementary Figures 3 and 4. These examples indicate that domain-

specific fine-tuning yields responses with substantial technical depth and structural completeness.

Limitations

Two limitations should be kept in mind when interpreting the reported scores. First, the benchmark is

model-generated and automatically validated rather than expert-authored, so the scores reflect agreement

with an automatically derived reference, and the benchmark inherits any systematic bias from the generating

model. Second, the benchmark is drawn from the same literature domain as the training corpus, so it probes

in-domain knowledge retention rather than generalization to unseen sub-domains. Expert-authored
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Figure 7. (A and B) Qualitative comparison of responses generated by GPUmatLLM and Llama-3.1-8B-Instruct on GPU packaging domain
questions with (A) via interconnect function in advanced packaging, and (B) thermal module materials and heat dissipation mechanisms;
(C and D) Qualitative comparison of responses generated by GPUmatLLM and ChemLLM-7B-Chat on GPU packaging and thermal-
management questions; (C) Main functions of heat spreaders in semiconductor packaging; (D) Purpose of adopting thermally conductive
metals for the supporting structure. GPU: Graphics processing unit; RDL: redistribution layer; TIM: thermal interface material; CTE:
coefficient-of-thermal-expansion; PCB: printed circuit board; I/O: input/output.

reference answers, semantic scoring metrics such as BERTScore, and an out-of-distribution evaluation split

are natural next steps and are left for future work.

CONCLUSIONS
This study establishes a dedicated benchmark for GPU materials science, comprising a systematically

constructed evaluation dataset and a comprehensive assessment framework for LLMs. To support this

architecture, we compiled a training corpus of 44,629 samples, of which 36,629 are domain data derived from

academic papers, technical books, and industrial patents (34,077 QA pairs and 2,552 synthesized MCQs),

complemented by 8,000 general-domain auxiliary samples. Although frontier general-purpose models such

as DeepSeek-V3.2 and Qwen3-32B lead on general scientific benchmarks, they fail to capture GPU material-

specific knowledge. Similarly, chemistry-focused models such as ChemLLM-7B-Chat and ChemDFM-

v1.5-8B perform strongly on general chemistry tests but show inadequate accuracy on our specialized GPU

materials tasks.

Building upon this benchmark, we developed GPUmatLLM, a specialized model fine-tuned on the same

corpus, to validate the benchmark’s effectiveness and explore domain-specific adaptation. By deploying

parameter-efficient LoRA fine-tuning on the Qwen2.5-7B-Instruct backbone, our model achieved a notable

15.5% performance boost over its base version, and consistently surpassed six mainstream baseline models in

domain knowledge while retaining strong general scientific capabilities. These results indicate that in

                                                                                         specialized engineering domains, targeted domain knowledge can matter more than model scale alone.
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Future work will expand our training corpus with practical industrial datasets and technical datasheets to

broaden knowledge coverage. We also plan to conduct comprehensive comparative evaluations against more

recent materials models to further position our work in the field. Finally, we will explore continuous domain

pre-training alongside LoRA optimization to enhance model reliability, reduce errors, and improve its

readiness for real-world industrial deployment. In summary, this work represents a systematic attempt to

develop a dedicated benchmark and LLM for GPU-related materials science.
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