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Abstract

This study aims to address the current lack of professional evaluation bench-
marks for Large Language Models (LLMs) in the Chinese rare earth domain. To
this end, the Chinese Rare Earth Ability Evaluation Benchmark (CREA-Eval)
was constructed, covering 5 themes and 4 question types, and comprising a total
of 2,443 high-quality corpora, which can efficiently evaluate the rare earth capa-
bility boundaries of various LLMs. The benchmark completed data collection
and auditing through a combination of manual annotation, LLM assistance,
and automated scripts, and adopted a hybrid evaluation strategy combining
LLM-as-a-judge with regular expression matching.

Based on CREA-Eval, 22 mainstream LLMs from 6 platforms were systemati-
cally evaluated, and the accuracy rates of each model across different themes
and question types were reported. The study further introduced the classifica-
tion of subjective and objective questions from educational examinations and
found that some models exhibited significant performance differences between
the two categories; quantitative analysis through cosine similarity differences in-
dicates that this phenomenon may stem from the fact that specific theme-related
knowledge concepts or facts in model training originate from texts or thematic
content in other fields, and specific theme-related knowledge has not been suf-
ficiently organized through intra-thematic corpora, resulting in expression and
reasoning abilities lagging behind the mastery of factual knowledge. CREA-
Eval provides a standardized tool for the evaluation, selection, and fine-tuning
of domain-specific LLMs in the rare earth field, contributing to the professional
development of industry-specific large models.
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Abstract
Abstract

This study aims to address the current lack of professional evaluation bench-
marks for Large Language Models (LLMs) within the Chinese rare earth domain.
To this end, we have constructed the Chinese Rare Earth Ability Evaluation
Benchmark (CREA-Eval), which covers five major themes and four question
types, comprising a total of 2,443 high-quality corpus entries. This benchmark
enables the efficient evaluation of the capability boundaries of various LLMs
in the rare earth field. Data collection and auditing were completed through
a combination of manual annotation, LLM-assisted generation, and automated
scripts. Furthermore, a hybrid evaluation strategy was adopted, combining
LLM-as-a-judge with regular expression matching.

Based on CREA-Eval, we conducted a systematic evaluation of 22 mainstream
LLMs from six different platforms, reporting the accuracy of each model across
various themes and question types. The study further introduces a classification
of subjective and objective questions common in educational examinations. We
found that some models exhibit significant performance discrepancies between
these two categories. Quantitative analysis using cosine similarity differences
suggests that this phenomenon may stem from the fact that specific theme-
related knowledge concepts or facts in model training are derived from texts
in other domains or general thematic content. Consequently, specific domain
knowledge is not sufficiently organized through intra-domain corpora, leading
to a lag in expression and reasoning abilities compared to the mastery of fac-
tual knowledge. CREA-Eval provides a standardized tool for the evaluation,
selection, and fine-tuning of domain-specific LLMs in the rare earth industry,
contributing to the professional development of industry-specific large models.
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Rare earth elements play an irreplaceable role in permanent magnets, laser
crystals, fluorescent materials, catalysts, and new energy technologies due to
their unique properties. As the global green transition accelerates, the demand
for high-performance rare earth functional materials continues to rise. How-
ever, issues such as the high concentration of resources and the vulnerability of
supply chains have become increasingly prominent, necessitating technological
innovation to improve R&D efficiency and resource utilization. In this context,
accelerating the rational design, performance prediction, and process optimiza-
tion of new rare earth materials has become a strategic task to ensure national
security regarding critical materials and industrial competitiveness. Facing the
surging wave of artificial intelligence development, there are both opportunities
and challenges; various industries are actively exploring digital and intelligent
transformation paths to implement Al technology as early as possible, and the
rare earth industry is no exception. Utilizing Al techniques to integrate indus-
trial chain resources, optimize production management, and enhance innovation
capabilities has become an inevitable choice for the high-quality development of
the rare earth industry. Through this technological transformation, the industry
can better adapt to market changes, improve resource efficiency, achieve sustain-
able development goals, and occupy a more favorable position in international
competition.

o

In recent years, artificial intelligence (Al)—and particularly Large Language
Models (LLMs)—has been widely regarded as a key tool for accelerating ma-
terials innovation. Some studies have already attempted to use Al to predict
the properties of amorphous materials [?], analyze the microstructure of perma-
nent magnets [?], or guide alloy design [?], initially demonstrating its potential.
However, current LLM technology still exhibits significant deficiencies when ap-
plied to highly specialized material systems with complex physical mechanisms,
such as rare earths: (1) Mainstream LLMs may lack a deep internalization of
specialized knowledge within the rare earth field. Although LLMs demonstrate
powerful capabilities on general corpora---
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language generation capabilities, their training data regarding core rare earth
concepts is sparse and fragmented. This leads to frequent “hallucinations” when
the models answer professional questions—generating content that appears sci-
entifically plausible but is factually incorrect. To address these hallucinations,
benchmarks such as SimpleQA [?] and HaluEval [?] have been developed to mea-
sure the hallucination phenomena, factuality, and reliability of large language
models. However, English-based benchmarks like SimpleQA are not suitable
for evaluation within a Chinese linguistic context. (2) Existing Chinese LLM

chinarxiv.org/items/chinaxiv-202604.00191 Machine Translation


https://chinarxiv.org/items/chinaxiv-202604.00191

ChinaRxiv [$X]

evaluation benchmarks fail to reflect the cognitive depth required for the rare
earth field. In recent years, several Chinese LLM benchmarks have been re-
leased, such as CLUE [?], C-Eval [?], CMMLU [?], and Chinese SimpleQA [?].
While these comprehensive benchmarks cover multiple disciplines, their ques-
tion designs lean toward general knowledge and do not touch upon the unique
physicochemical mechanisms and engineering practices specific to rare earth
materials. Consequently, the industry cannot objectively measure the true ca-
pabilities of different LLMs in critical tasks such as magnetic material design,
understanding luminescence mechanisms, or reasoning through metallurgical
processes. (3) There is a lack of domain-aligned knowledge representation and
verification. Current Al systems mostly employ black-box reasoning, which nei-
ther integrates the prior physical laws of rare earth materials nor includes feed-
back calibration mechanisms with experimental or computational data. This
makes their outputs difficult for researchers and engineers to trust and adopt.

The aforementioned limitations severely hinder the credible implementation of
AT technology within the rare earth industry chain. Without establishing a sci-
entific, systematic, and verifiable professional capability evaluation system, it is
impossible to identify which models truly possess the potential to support ma-
terial design, process optimization, or technical consultation. To address these
issues, evaluate the professional capabilities of Chinese LLMs in the rare earth
field, and accelerate the digital intelligence transformation and application of
AT in the industry, we propose the Chinese Rare Earth Ability Eval benchmark
(CREA-Eval). This benchmark consists of 2,443 high-quality samples, includ-
ing true/false, multiple-choice, fill-in-the-blank, and short-answer questions. It
covers five major themes: rare earth magnetic materials (abbreviated as “Mag-
netism” ), rare earth luminescent materials ( “Luminescence” ), rare earth hy-
drogen storage materials ( “Hydrogen Storage” ), rare earth pyrometallurgy (
“Metallurgy” ), and rare earth testing and analysis (“Analysis”). While most pre-
viously mentioned Chinese benchmarks are characterized by being high-quality,
reliable, static, and easy to evaluate, CREA-Eval possesses these traits along-
side the following unique characteristics: (1) Standardization: The benchmark
is based on industry standards; the question content is accurate, the format
is standardized, and the terminology and symbols follow industry regulations
or conventions. It contains no discriminatory content regarding age, gender,
ethnicity, or region. (2) Validity: The benchmark content fully reflects indus-
try standard requirements and does not involve capability factors unrelated to
the evaluation objectives. The criteria for judging answers are reasonable and
consistent, and the question difficulty progresses through multiple levels with
a balanced configuration to fully measure the differences in rare earth capa-
bilities between models. (3) Domain Specificity: All question content centers
on themes related to the rare earth field, covering core scientific knowledge
such as the basic physical/chemical properties, electronic structures, spectral
behavior, and magnetic properties of rare earth elements. It also encompasses
professional knowledge in key application areas such as materials science and
permanent magnets. The benchmark reflects a multi-level knowledge structure

chinarxiv.org/items/chinaxiv-202604.00191 Machine Translation


https://chinarxiv.org/items/chinaxiv-202604.00191

Figure 1
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ranging from basic theory to cutting-edge technology.
CREA-Eval

CREA-Eval encompasses five primary themes: “Rare Earth Magnetic Mate-
rials,” “Rare Earth Luminescent Materials,” “Rare Earth Hydrogen Storage
Materials,” “Rare Earth Pyrometallurgy,” and “Rare Earth Testing and Anal-
ysis.” Each theme includes four types of questions: true/false, multiple-choice,
fill-in-the-blank, and short-answer questions. According to educational exami-
nation classifications, true/false, multiple-choice, and fill-in-the-blank questions
are categorized as objective questions, primarily assessing the Large Language
Model’ s (LLM) mastery of objective facts or conceptual knowledge. Short-
answer questions are categorized as subjective questions, intended to broaden
the scope of the examination and primarily evaluate the LLM’ s expressive or
reasoning capabilities; the evaluation of these questions may be influenced by
the specific judge model employed. compares CREA-Eval with several other
evaluation benchmarks, clearly demonstrating that CREA-Eval is the world’ s
first professional competency assessment benchmark focused specifically on the
field of rare earths.

The data collection process for CREA-Eval combines automated script process-
ing with manual intervention. As illustrated in

, the process involves: (1) manually extracting and filtering relevant knowledge
from publicly collected materials to ensure that the gathered content is both
professionally accurate and subject-relevant; (2) automatically generating ques-
tions, answers, and options using an LLM; (3) utilizing an LLM to filter the
generated data, where only data meeting specific criteria proceed to the next
stage; and (4) performing a manual audit of the data samples to ensure correct
content and formatting, while filtering out invalid, non-standard, or irrelevant
content not related to the rare earth field.

First, high-quality texts related to the rare earth field were collected from the
internet across the five aforementioned thematic directions. These collected
materials were manually filtered to ensure that the terminology and symbols
used conform to industry standards or paradigms and are free from discrimi-
natory content. Subsequently, an LLM utilizing few-shot prompting extracted
questions, answers, and options from the text materials in a formatted output.
Specifically, the initial step for generating true/false, multiple-choice, and fill-in-
the-blank questions is identical: one or more declarative sentences are extracted
verbatim from the original text to serve as the basis for the question. To gener-
ate true/false questions, the LLM randomly negates the extracted content based
on a random variable (with a value of 0 or 1); negated items are labeled “False,”
while non-negated items are labeled “True.” For multiple-choice questions, the
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LLM generates a question and one correct option based on prompt examples,
while the three distractors are sourced from elsewhere in the text. For fill-in-
the-blank questions, the LLM divides the item into two parts based on prompts,
where the main body serves as the question and the omitted portion serves as
the answer. The procedure for generating short-answer questions differs signif-
icantly: the text is first segmented into natural paragraphs, with a maximum
number of questions set for each block based on its size. The LLM then gener-
ates questions and answers within these text blocks according to the prompts.
Once all data samples are created, an LLM is used to filter out samples that do
not meet the dataset standards. Finally, a manual audit is conducted to ensure
the dataset’ s overall quality. Furthermore, formulas and units appearing in the
data samples are manually proofread and converted into LaTeX or plain text
format, with plain text preferred when it does not result in ambiguity.

A preprint - April 13, 2026

Dataset Audit Criteria: (1) All questions must belong to the rare earth field
and its related topics to ensure domain specificity. (2) All terms and symbols
involved in the data samples must follow industry regulations or paradigms to
ensure standardization. (3) All answers must be time-invariant. (4) All answers
must align with the professional background; specifically, answers for true/false
and multiple-choice questions must be correct and unique, answers for fill-in-
the-blank questions must be clear, complete, and consistent, and answers for
short-answer questions must be objective and consistent with the source text.
During the LLM filtering stage, the LLM was required to audit the data based
on these criteria, while scripts were employed to check for correct formatting
and missing attributes. During the manual audit stage, auditors compared
data samples against their original source texts, allowing them to easily verify
compliance with the audit standards. Following the LLM filtering and manual
audit, we randomly selected 100 samples for a secondary manual review; the
results showed that all sampled data met the audit criteria. This high-quality,
low-noise characteristic is sufficient to measure differences in rare earth domain
capabilities among models, particularly for high-accuracy models.

Dataset Statistics

The statistical data for CREA-Eval is shown in . It consists of 5 topics, 4
question types, and a total of 2,443 samples, providing an efficient means to
evaluate the boundaries of various LLMs’ capabilities in the rare earth domain.
Among these, the “Magnetic Materials” topic has the highest representation
with 1,014 samples, as it constituted the largest portion of materials collected
during the public data acquisition phase. The “Analysis” topic has the lowest
representation with 347 samples, while “Pyrometallurgy,” “Hydrogen Storage,”
and “Luminescence” contain 360, 362, and 360 samples, respectively. Regard-
ing question types, there are 668 multiple-choice questions, 649 fill-in-the-blank
questions, 661 true/false questions, and 465 short-answer questions.

We also analyzed the distribution of question types across different topics. Tak-
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ing “Magnetic Materials” as an example, it includes 270 multiple-choice, 258
fill-in-the-blank, 268 true/false, and 218 short-answer samples. Across all top-
ics, the proportion of short-answer questions is significantly lower than other
types, primarily due to the high exclusion rate of this category during the LLM
filtering and manual audit stages.

For the evaluation of fill-in-the-blank and short-answer questions, we utilized
an LLM classifier to score and analyze the results of each model, specifically
employing qwen3-max as the evaluator.

The classifier for fill-in-the-blank questions takes the question, the reference an-
swer, and the model’ s predicted answer as input, outputting either “Correct”
or “Incorrect.” The classifier for short-answer questions takes only the reference
answer and the model’ s predicted answer as input, outputting “Correct,” “In-
correct,” or “Not Attempted.” The evaluation criteria for the different classifiers
are as follows:

(1) Fill-in-the-blank evaluation criteria:

e Correct: The number and sequence of predicted answers correspond one-
to-one with the reference answers, and each answer is equivalent to its
corresponding reference answer within the context of the question.

e Incorrect: The number of predicted answers does not match the reference
answers, the sequence differs, or the answers are not equivalent to the
reference answers within the context of the question.

(2) Short-answer evaluation criteria (referenced from SimpleQA [?]):

e Correct: The predicted answer completely contains the reference answer
and does not contradict it in any way.

e Incorrect: The predicted answer contradicts the reference answer in any
respect, even if the contradiction is expressed in uncertain or speculative
language.
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e Not Attempted: The predicted answer does not fully provide the reference
answer, yet it does not contradict the reference answer.

For multiple-choice and true/false questions, we employ a scoring method that
combines regular expression matching with an LLM classifier. Specifically, the
LLM classifier is utilized only when regular expression matching fails to yield a
result. During our experiments, however, the LLM classifier was rarely triggered;
such instances occurred almost exclusively when evaluating models with smaller
parameter counts.

=

The models participating in this evaluation were sourced from six different
platforms, totaling 22 models. These include qwen3-max [?], qwen-flash, qwen-
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plus, qwen2.5-72b-instruct [?], qwen2.5-32b-instruct, qwen2.5-14b-instruct,
qwen2.5-7Tb-instruct, qwen2.5-3b-instruct, and Moonshot-Kimi-K2-Instruct [?]
from Alibaba’ s Bailian Cloud; hunyuan-t1-latest, hunyuan-turbo-latest [?], and
hunyuan-large [?] from Tencent Cloud; deepseek-chat [?] and deepseek-reasoner
[?] from the DeepSeek open platform; doubao-seed-1-6-250615, doubao-seed-1-
6-thinking-250715 [?], and doubao-seed-1-6-flash-250828 from Volcano Engine;
glm-4.5 [?, 7], glm-4.5-x, and glm-4.5-air from the Zhipu AI open platform;
and ernie-4.5-turbo-latest [?, ?] and ernie-x1.1-preview from Baidu Qianfan.
Some of these are commercial closed-source models, while others, such as the
qwen-2.5 series and Moonshot-Kimi-K2-Instruct, are open-source. Notably, all
model API calls were executed concurrently using a common thread pool with
default settings.

Results and Discussion

The comprehensive performance of the models in addressing problems within
the rare earth field is presented in . Several key observations can be made: (1)
doubao-seed-1-6-thinking-250715 achieved the highest overall accuracy at 76.4%,
ranking first and securing the top accuracy across all question types and themes,
with the exception of “Analysis.”However, this accuracy level suggests that signif-
icant knowledge gaps and risks of “hallucination” persist within the rare earth
domain, making it difficult for the model to handle actual production tasks.
(2) doubao-seed-1-6-250615 and Moonshot-Kimi-K2-Instruct ranked second and
third in overall accuracy, respectively, while the judge model for this evalua-
tion, qwen3-max, ranked sixth. (3) Excluding overall accuracy, the models that
frequently appeared in the top three for individual statistical categories were
doubao-seed-1-6-thinking-250715 (9 times), doubao-seed-1-6-250615 (7 times),
Moonshot-Kimi-K2-Instruct (3 times), glm-4.5-x (3 times), ernie-x1.1-preview
(4 times), and hunyuan-t1-latest (1 time). (4) qwen2.5-3b-instruct achieved an
accuracy of 63.5% on true/false questions, which is only slightly higher than a
random result (50%). (5) The performance of qwen2.5-72b-instruct was unex-
pected, as it outperformed deepseek-chat in the “Pyrometallurgy”and “Lumines-
cence” themes. (6) All models exhibited significant performance variance across
different themes, with most performing poorly in “Hydrogen Storage.” Further-
more, accuracy across question types varied significantly; all models performed
better on “Multiple Choice” and “True/False” questions than on “Fill-in-the-
blank” and “Short Answer” questions. For “Fill-in-the-blank” questions, even
the top-ranked model achieved only 59.8%, and the rate of improvement across
rankings was lower than that for “Short Answer” questions, indicating that the
models’ grasp of rare earth industry concepts is neither precise nor robust. sum-
marizes the results for the CREA-Eval short-answer questions, analyzing the
models’ ability to express factual knowledge or their reasoning capabilities. As
shown in : (1) The two Doubao models performed best on subjective questions,
holding the top F-score across all themes; specifically, doubao-seed-1-6-thinking-
250715 ranked first in the “Correct,” “Correct after Attempt,” and F-score
categories. (2) qwen2.5-3b-instruct had the highest proportion of “Incorrect”
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Figure 2: Figure 3

responses, highlighting the limitations of small-parameter models in expression
and reasoning. (3) hunyuan-turbo-latest had the highest “Unattempted” rate.
(4) Regarding subjective questions, all models showed significant performance
differences across themes; most performed better in “Magnetic Materials” and
“Analysis” than in the other three themes, with the worst performance occurring
in “Hydrogen Storage.”

Stk

We estimate the calibration of Large Language Models (LLMs) by requiring
them to output a confidence score simultaneously when answering relevant
questions. Generally, a well-calibrated model exhibits an actual accuracy rate
that matches its reported confidence level. As shown in [FIGURE:2], with
the exception of hunyuan-turbos-latest, all models demonstrate a positive cor-
relation between declared confidence and actual accuracy. This phenomenon
indicates that these models possess a certain degree of self-awareness regarding
their own confidence levels. Furthermore, the Qwen2.5 series shows improved
calibration as the parameter scale increases; specifically, within the (40,90]
declared confidence interval, the performance follows the order: qwen2.5-72b-
instruct > qwen2.5-32b-instruct > qwen2.5-14b-instruct > qwen2.5-7b-instruct
> qwen2.5-3b-instruct. This observation is consistent with previous research
findings. Within the (90,100] confidence interval, only gwen2.5-14b-instruct
and qwen2.5-3b-instruct exhibit anomalous behavior. However, the curves for
all models in [FIGURE:2] remain significantly below the ideal calibration line
(y = z), indicating that all models are overconfident and substantially overesti-
mate their own certainty.

Analysis of Subjective and Objective Questions

Regarding the objective question accuracy of the Qwen2.5 and Qwen3 series, as
well as the subjective question F-scores for the Doubao, Qwen2.5, and Qwen3
series shown in

(d), (e), and (f) respectively, several observations can be made: (1) The objective
question performance of the Doubao and Qwen3 series appears more consistent
across different topics.
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The performance is balanced across other top-ranked models not listed here,
which exhibit similar characteristics. (2) All models show uneven performance
across different topics in subjective questions, reflecting that certain topics in
CREA-Eval still pose significant challenges for current Large Language Models
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(LLMs). (3) Most models perform relatively better on objective questions within
the “Pyrometallurgy” topic but significantly worse on subjective questions. For
convenience, we refer to this distinct performance gap between objective and sub-
jective questions as “Objective-Subjective Decoupling.” A similar phenomenon
is observed in the “Hydrogen Storage” and “Luminescence” topics, though it
is less pronounced than in “Pyrometallurgy.” (4) Within the Qwen2.5 series,
performance generally increases with model parameter scale across each topic,
with only a few exceptions. Notably, the Qwen2.5 series also exhibits a strong
“Objective-Subjective Decoupling” phenomenon in the “Hydrogen Storage” topic.

To eliminate the influence of difficulty variations between topics and question
types as much as possible, we utilize the difference in cosine similarity to describe
the “Objective-Subjective Decoupling” phenomenon for a specific topic j. The
formula is as follows:

ajfj+2a¢fi _ >oa;f;
JE+ e\ [p+r VEdVES

Dift;(A, F) = 10 x

In Equation (??), A and F represent the objective question accuracy vector and
the subjective question F-score vector, respectively. Dj(A7 F) represents the de-
gree of “Objective-Subjective Decoupling” for topic j, while a; and f; are the cor-
responding values of objective accuracy and subjective F-score for different top-
ics, where i € {"Magnetic Materials”, ”Analysis”, "Hydrogen Storage”, "Luminescence”}.
The final calculation results are shown in . From these observations, we can
conclude: (1) hunyuan-tl-latest, hunyuan-large, and doubao-seed-1-6-thinking-
250715 rank in the bottom three for average decoupling values, indicating they
exhibit the weakest overall “Objective-Subjective Decoupling.” However, since
the first two rank lower than the latter in total accuracy, doubao-seed-1-6-
thinking-250715 can be considered the overall optimal model in this evaluation.
(2) The performance of the Doubao and Qwen2.5 series is consistent with the
results observed in Figure 3. (3) Models with a total accuracy greater than
70% that also rank among the bottom three (lowest decoupling) for specific
topics include: ernie-4.5-turbo-latest and qwen-plus for “Magnetic Materials”
; hunyuan-tl-latest for “Pyrometallurgy” ; doubao-seed-1-6-flash-250828 and
doubao-seed-1-6-250615 for “Analysis” ; and glm-4.5-x for “Luminescence.”
These models simultaneously demonstrate weak decoupling and high total
accuracy. Notably, no model with a total accuracy exceeding 70% ranks in
the bottom three for “Hydrogen Storage,” suggesting that mainstream models
tend to neglect this topic. This also implies that applying LLMs to problems
related to “Hydrogen Storage” may carry certain risks. (4) The models
exhibiting the strongest “Objective-Subjective Decoupling” for each topic are
hunyuan-turbos-latest, glm-4.5-air, qwen2.5-72b-instruct, qwen2.5-7b-instruct,
and glm-4.5-air, respectively.

Regarding the causes of this “Objective-Subjective Decoupling” phenomenon, we
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hypothesize that it stems from a lack of expressive or reasoning capabilities in
most LLMs for specific topics. During the model training process, the knowledge
concepts or facts related to a specific topic may be derived from other fields or
topics, and this knowledge has not been directly integrated into the context of
the current topic.
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These results present the objective question accuracy and subjective question
F-score for the Doubao series, Qwen2.5 series, and Qwen3 series, respectively.

This leads to the organization of “supporting evidence” based on irrelevant
content, text, or corpora, resulting in a deficiency in the model’ s expressive
or reasoning capabilities that fails to match its grasp of knowledge concepts
regarding the subject.

The horizontal axis represents the number of models that answered correctly,
while the vertical axis represents the corresponding number of data samples.
In these plots, a peak near the right side indicates low difficulty, whereas a
peak near the left side indicates high difficulty. As shown in [FIGURE:4] (f)
and (h), the difficulty distributions for multiple-choice and true/false questions
decrease progressively, with distinct peaks appearing only at the right end. In
contrast, the distributions in (g) and (f) show peaks at both the left and right
ends, indicating that fill-in-the-blank and short-answer questions contain sig-
nificant numbers of both high-difficulty and low-difficulty samples. A similar
difficulty distribution is observed across different topics: low-difficulty samples
are the most numerous, with the sample count decreasing as difficulty increases,
followed by a sudden surge in the high-difficulty range. These distributional
characteristics stem from the domain-specific requirements of the rare earth field
during dataset construction. Because current Large Language Models (LLMs)
are not specifically adapted for the rare earth domain, a large number of profes-
sional questions challenge all models. Conversely, knowledge or questions that
overlap between the rare earth field and general knowledge can typically be an-
swered correctly by at least some models. This ultimately results in a “heavy
at both ends, light in the middle” difficulty distribution.

it
Abstract

This paper introduces CREA-Eval, the first Chinese evaluation benchmark
specifically focused on the field of rare earth science and technology, filling
a critical gap in assessing the professional capabilities of Large Language
Models (LLMs) within the domain of rare earth materials. Characterized by its
standardization, validity, and domain specificity, CREA-Eval achieves domain-
aligned knowledge representation and verification, reflecting the cognitive
boundaries of current Chinese LLMs in the rare earth sector. The benchmark
comprises 2,443 samples across five core themes—including “Pyrometallurgy”
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and “Analysis” —and four question types. It is designed to systematically
evaluate the factual accuracy, conceptual understanding, and reasoning abilities
of LLMs in this highly specialized field.

By calculating the accuracy and F-score of various models categorized by theme
and question type, our evaluation results demonstrate that even the highest-
ranking Chinese LLMs exhibit significant knowledge gaps and risks of “halluci-
nation” when processing concepts related to rare earths. Furthermore, through
a comparative analysis of subjective and objective questions, we identified a
“subjective-objective dissociation”phenomenon in several models, which we quan-
titatively described using the difference in cosine similarity. Most models exhibit
a strong “subjective-objective dissociation” in the “Hydrogen Storage” theme,
suggesting that mainstream models tend to overlook this area. This finding
implies that applying LLMs to problems related to hydrogen storage carries
inherent risks.

The establishment of CREA-Eval not only provides a standardized tool for
screening and optimizing domain-specific LLMs for the rare earth industry but
also highlights the necessity of integrating specialized scientific knowledge into
AT systems to ensure scientific reliability. This benchmark paves the way for
developing trustworthy, knowledge-grounded Al assistants capable of effectively
supporting material design, process optimization, and technical decision-making
in practical scenarios, or serving as a scoring standard for specialized rare earth
LLM competitions. We acknowledge certain limitations in this work: the current
version focuses on textual knowledge and has not yet integrated experimental
data or multi-modal inputs.
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“Magnetic Materials,” “Pyrometallurgy,” “Analysis,” and “Hydrogen Storage” ;
(f) multiple-choice questions, (g) fill-in-the-blank questions, (h) true/false ques-
tions, and (i) short-answer questions. The horizontal axis represents the number
of models that correctly answered the corresponding data samples, while the ver-
tical axis represents the number of data samples that were answered correctly.

Future work will expand CREA-Eval to include dynamic reasoning tasks and
computational materials databases. Furthermore, we will explore fine-tuning
strategies to embed rare-earth-specific physical constraints directly into the ar-
chitecture of large language models.

HaluEval[5] SimpleQA[4] AlpacaEval[22] MMLU[23] WebQA[24] CMMLU|[8] C-
Eval[7] Chinese SimpleQA[9] CREA-Eval

Dataset size (records)

Alpaca Alpaca
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LLM-as-a-Judge: Evaluating Large Language Models and
Their Accuracy

The rapid advancement of Large Language Models (LLMs) has necessitated
more sophisticated evaluation frameworks. Traditional metrics, such as BLEU
or ROUGE, often fail to capture the nuances of human-like reasoning, creativ-
ity, and instruction-following capabilities. Consequently, the “LLM-as-a-Judge”
paradigm has emerged as a scalable and effective alternative, utilizing powerful
models like GPT-4 to evaluate the outputs of other models.

The Mechanism of LLM-based Evaluation

The core principle of LLM-as-a-Judge involves prompting a high-capability
model to act as an evaluator. This judge model is typically provided with a
prompt, a generated response, and sometimes a reference answer or a set of
evaluation criteria (e.g., helpfulness, honesty, and harmlessness). The judge
then provides a score or a qualitative assessment. This approach addresses the
limitations of static benchmarks by allowing for a more dynamic and semantic
understanding of model performance.

Accuracy and Alignment with Human Judgment

A critical concern in this paradigm is the accuracy of the LLM judge itself.
Research indicates that while LLMs can achieve high levels of agreement with
human annotators—often surpassing 80% correlation in specific tasks—they are
not immune to systematic biases. These include:

o Position Bias: A tendency to favor the first response in a side-by-side
comparison.

e Verbosity Bias: A preference for longer responses, regardless of their
actual information density or correctness.

¢ Self-Preference Bias: A slight inclination toward outputs that mirror
the judge model’ s own stylistic patterns.

To mitigate these issues, researchers employ techniques such as swapping the
order of responses, providing few-shot examples of high-quality evaluations, and
using chain-of-thought (CoT) prompting to force the judge to justify its score
before finalizing it.

Challenges in Measuring Absolute Accuracy

Measuring the “accuracy” of an LLM judge is inherently complex because, in
many generative tasks, there is no single “ground truth.” Instead, accuracy
is often defined as the degree of alignment with expert human consensus. As
models evolve, the gap between human judgment and LLM judgment continues
to narrow, making LLM-as-a-Judge an indispensable tool for rapid iteration in
machine learning pipelines. However, for high-stakes applications, human-in-
the-loop verification remains essential to ensure the reliability
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Among these, magnetic materials, pyrometallurgy, analytical chemistry, hydro-
gen storage, and luminescence represent the accuracy rates categorized by sub-
ject theme, while multiple-choice, fill-in-the-blank, true/false, and short-answer
questions represent the accuracy rates categorized by question type.

The models evaluated include: doubao-seed-1-6-thinking-250715, doubao-
seed-1-6-250615, Moonshot-Kimi-K2-Instruct, ernie-x1.1-preview, glm-4.5,
qwen3-max, hunyuan-tllatest, qwen-plus, glm-4.5-x, doubao-seed-1-6-flash-
250828, deepseek-reasoner, ernie-4.5-turbolatest, glm-4.5-air, qwen-flash,
deepseek-chat, hunyuan-turboslatest, qwen2.5-72b-instruct, qwen2.5-32b-
instruct, hunyuan-large, qwen2.5-14b-instruct, qwen2.5-7b-instruct, and
qwen2.5-3b-instruct.

Ly

The statistical results include the number of correct, incorrect, and unattempted
responses. From these primary metrics, the accuracy of attempted questions
and the F-score are derived. Furthermore, thematic F-scores are calculated for
specific subject areas, including Magnetic Materials, Pyrometallurgy, Chemical
Analysis, Hydrogen Storage, and Luminescent Materials. Finally, the cosine
similarity is utilized to measure the correlation between the accuracy of objective
questions and the F-score of subjective questions.

Fscore

Magnetic Materials F-score
Pyrometallurgy F-score
Analysis F-score

Hydrogen Storage F-score
Luminescence F-score

doubao-seed1-6-thinking250715 doubao-seed1-6-250615 MoonshotKimi-
K2Instruct qwen3-max glm-4.5 gqwen-plus glm-4.5-x hunyuan-tllatest ernie-
x1.1preview doubao-seed1-6-flash250828 gqwen-flash
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The statistical results include the number of correct, incorrect, and unattempted
responses. From these primary metrics, the accuracy of attempted questions and
the F-score are derived. To provide a more granular analysis, F-scores are catego-
rized by specific research themes, namely: Magnetic Materials, Pyrometallurgy,
Chemical Analysis, Hydrogen Storage, and Luminescent Materials. Addition-
ally, the cosine similarity is calculated to evaluate the correlation between the
accuracy of objective questions and the F-score of subjective questions.
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The performance of several models was evaluated, including: ernie-4.5turbo-
latest, glm-4.5-air, deepseek-reasoner, deepseek-chat, qwen2.5-72b-instruct,
hunyuan-turbo-latest, qwen2.5-32b-instruct, hunyuan-large, qwen2.5-14b-
instruct, qwen2.5-7b-instruct, and qwen2.5-3b-instruct.

glm-4.5-air qwen2.5-Tb-instruct qwen2.5-3b-instruct deepseek-chat qwen2.5-
72b-instruct hungyuan-turbos-latest deepseek-reasoner ernie-x1.1-preview
qwen2.5-14b-instruct doubao-seed-1-6-250615 glm-4.5 qwen3-max doubao-seed-
1-6-flash-250828 Moonshot-Kimi-K2-Instruct qwen-plus ernie-4.5-turbo-latest
glm-4.5-x qgwen-flash gwen2.5-32b-instruct doubao-seed-1-6-thinking-250715
hungyuan-large hungyuan-t1-latest

SR
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