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Abstract

Dynamic benchmarking is an essential research
direction in the evaluation of large language
models (LLMs) to avoid data contamination.
Although existing works have proposed LLM-
based methods for dynamic benchmarking, a
unified paradigm for performance comparison
among different LLMs remains lacking, which
hinders researchers from model selection for
specific domains and tasks. To address this
challenge, we propose a comprehensive eval-
uation suite called DyBenchEval, including a
novel seed dataset across 4 domains and 7 tasks
as well as multi-aspect evaluation metrics. A
cross data filling method is utilized for high-
quality data augmentation with domain/task-
level similarity, aiming to overcome the data
scarcity problem. For automatic metrics, we
consider coherence, correctness, and diversity
of LLM-generated evaluation samples, simul-
taneously measuring the respective quality of
generated questions / answers and the relation-
ship between them. Extensive experimental
results on DyBenchEval reveal deficiencies in
11 mainstream closed-source and open-source
LLMs when dealing with dynamic benchmark-
ing across different domains and tasks.

1 Introduction

With rapid development of large language mod-
els (LLMs), they have achieved remarkable perfor-
mance across various natural language processing
(NLP) tasks, including open-domain question an-
swering (Yang et al., 2025), mathematical reason-
ing (Shao et al., 2025), and code generation (Zhu
et al., 2024b). Thereby, how to effectively bench-
mark LLMs’ capacities in different tasks becomes
a key research focus and attracts much attention
(Chang et al., 2024). High-quality benchmarking
datasets are expected to reflect LLMs’ performance
accurately, guide the selection of LLMs for specific
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tasks, and reveal LLMs’ deficiencies for future im-
provement (Ahuja et al., 2023; Wang et al., 2025).

Although there are already numerous benchmark
datasets for evaluating LLMs’ performance, these
static datasets are increasingly inadequate for a
thorough and precise assessment of LLMs (Zhu
et al., 2024a) due to the potential data contamina-
tion issues (Dong et al., 2024; Chen et al., 2025a).
Since there is a pressing demand for data use in
the persistent improvement of LLMs, public bench-
mark datasets may be improperly included during
the training process, leading to unreliable evalua-
tion results (Wang et al., 2025). To address this
limitation, a line of work on LLM-as-Dynamic-
Benchmarker has emerged recently, which dynami-
cally generates evaluation samples instead of using
a fixed set of data and thus provides contamination-
free benchmarking (Chen et al., 2025b). These
works employ LLM-based methods to update ex-
isting benchmark datasets and acquire diversity-
and complexity-controlled new samples (Bai et al.,
2023; Cheng et al., 2024; Chen et al., 2025b).

However, a unified evaluation paradigm for com-
paring the performance of different LLMs in terms
of dynamic benchmarking remains lacking. This
hinders researchers from effectively selecting the
most suitable one when they tend to dynamically
update benchmark datasets for specific domains
and tasks. Most of the existing works focus on
restricted domains / tasks such as reasoning (Zhu
et al., 2024a; Wang et al., 2025) and code genera-
tion (Chen et al., 2024, 2025b; Jain et al., 2025),
and adopt task-specific seed datasets and metrics
for automatic judgments. This evaluation paradigm
limits the application scenarios of these methods
and ignores the comparison with potentially simi-
lar baselines, leading to missing consensus on the
performance ranking of LLMs for dynamic bench-
marking across various domains and tasks.

To address this issue, we propose a comprehen-
sive evaluation suite called DyBenchEval, which
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Large Language Model

𝒏𝒕 samples from  𝑫𝒊′,𝒋 (𝒊′ ≠ 𝒊)

Question
Christy and her friend Tanya go 
to Target to buy some face 
moisturizer and body lotions. 
Christy spends twice as much 
as Tanya, who pays 50$ for two 
face moisturizers each and 60$ 
per body lotion, buying four of 
them. How much money did 
they spend together in total?

𝒏𝒔 samples from  𝑫𝒊,𝒋

Augmented Evaluation Samples for 𝑫𝒊,𝒋 

Answer
The total amount Tanya spent on face 
moisturizers is 50*2 = 100.
If she bought four body lotions, the total cost is 
4*60 = 240.
Tanya spent a total of 240+100 = 340 in the store.
If Christy spent twice this amount, the total was 
2*340 = $ 680.
The total amount of money they both spent is 
680+340 = 1020$

Generated Evaluation Sample

Seed Evaluation Sample

Question
Captain Thorne and his first 
mate, Silas, dock at a space 
station to refuel and buy 
rations. Captain Thorne ends 
up spending three times as 
much as Silas. Silas pays 200 
credits for each of the three 
fuel canisters he buys, and 150 
credits per crate of rations, 
purchasing two crates. What is 
the total amount of credits 
they spent together?

Answer
First, calculate the cost of the fuel canisters Silas 
bought: 200 credits/canister * 3 canisters = 600 
credits.
Next, calculate the cost of the ration crates Silas 
bought: 150 credits/crate * 2 crates = 300 credits.
Calculate the total amount Silas spent: 600 + 300 
= 900 credits.
Since Captain Thorne spent three times as much 
as Silas, Thorne's total is: 3 * 900 = 2700 credits.
Finally, add their totals together to find the 
combined spend: 900 + 2700 = 3600 credits.

Figure 1: Illustration of dynamic benchmarking, aiming
to generate new evaluation samples from seed ones.

includes a novel seed dataset to comprehensively
assess the performance of LLMs on dynamic bench-
marking across different domains and tasks as well
as multi-aspect evaluation metrics. Specifically, our
dataset is constructed based on a two-dimensional
domain-task taxonomy, containing 4 domains and
7 task types, which provides a broad perspective
to measure LLMs in evaluation sample generation.
To overcome the data scarcity in uncommon do-
mains / tasks, we propose a simple yet effective
method called cross data filling, which augments
diverse and high-quality data samples based on the
demonstrations from similar domains / tasks. Then,
we introduce evaluation metrics that correspond
to three essential aspects for the quality of gener-
ated evaluation samples, including the coherence of
sample questions (Cheng et al., 2024), the correct-
ness of sample answers with respect to questions
(Chen et al., 2025a), and the diversity of generated
samples (Chen et al., 2025b). These multi-aspect
metrics are expected to achieve high agreement
with human judgments, thereby providing reliable
automatic evaluation results of LLM-as-Dynamic-
Benchmarker on our proposed dataset.

Our main contributions are as follows1:

• We make the first attempt to propose an evalua-
tion suite to comprehensively measure the per-
formance of LLM-as-Dynamic-Benchmarker

1Our dataset and code are available at https://github.
com/wangjingye342/dybencheval.

across different domains and tasks, revealing
their deficiencies for future improvements.

• We construct a multi-domain multi-task seed
benchmark dataset with a cross filling method
to augment data in uncommon domains / tasks,
as well as multi-aspect evaluation metrics.

• We conduct extensive experiments on 11 main-
stream LLMs, providing insights into the se-
lection of LLMs for dynamic benchmarking
in terms of specific scenarios.

2 Related Work

2.1 Static Benchmarking
Static benchmarking, as a mainstream method to
measure the performance of NLP models, attracts
much more attention recently due to the emergence
of LLMs. Traditional static benchmark datasets
are designed based on the characteristics of each
NLP task (Ahuja et al., 2024a), such as text classi-
fication (Socher et al., 2013), reading comprehen-
sion (Rajpurkar et al., 2016), machine translation
(Ma et al., 2019), text summarization (Hermann
et al., 2015), and dialogue generation (Dinan et al.,
2019). Since LLMs have achieved remarkable per-
formance on different NLP tasks, researchers resort
to construct benchmark datasets to assess the capa-
bility of LLMs instead of targeting at specific NLP
tasks, such as instruction following (Zheng et al.,
2023; Jiang et al., 2024; Qin et al., 2024), reason-
ing (Cobbe et al., 2021; Hendrycks et al., 2021c),
and code generation (Chen et al., 2021b; Jimenez
et al., 2024). As LLMs develop rapidly, recently
proposed benchmarks also focus on the assessment
of LLMs’ advanced capabilities like performing as
agents (Liu et al., 2024b; Zeng et al., 2025).

Compared with the above benchmarks, our work
instead focuses on assessing an important but
under-explored ability of LLMs to generate evalua-
tion samples, which can be applied to dynamically
updating existing benchmark datasets and has the
potential to alleviate data contamination issues.

2.2 Dynamic Benchmarking
Dynamic benchmarking methods aim to dynami-
cally transform existing benchmark datasets to new
ones, avoiding possible data contamination (Ahuja
et al., 2024b; Chen et al., 2025a). As an emerg-
ing research direction recently, researchers have
made preliminary attempts to design rule-based and
LLM-based methods. Rule-based methods adopt
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Research Work Seed Dataset Evaluation Aspect

Size #Domain #Task Source Coherence Correctness Diversity

StructEval (Cao et al., 2024) 600 1 3 Existing ! ! -
Auto-Dataset (Ying et al., 2024) 3,317 2 3 Existing ! ! -
DyCodeEval (Chen et al., 2025b) 2,500 3 1 Existing - ! !

Self-Evolving (Wang et al., 2025) 400 2 2 Existing - ! -

DyBenchEval (Ours) 1,665 4 7 Existing+Augmented ! ! !

Table 1: Comparisons between our work and recent research works on the seed dataset and evaluation aspects used
in the experiments. Current research works mostly utilize existing datasets that involve restricted domains or tasks,
while our work additionally augments examples to cover multiple domains and tasks.

task-specific pre-defined rules to devise templates
and update existing benchmark datasets accord-
ingly (Kurtic et al., 2024; Mirzadeh et al., 2025;
Zhao et al., 2025). Although these methods can
acquire high-quality evaluation samples, the diver-
sity is largely limited. Other public datasets which
adopt similar rules for data synthesis may cause
in-domain contamination (Chen et al., 2025a). An-
other line of work utilizes LLMs to rewrite evalu-
ation samples from existing benchmarks. Most of
the existing works depend on prompting LLMs
directly to style- or difficulty-controlled evalua-
tion samples (Ying et al., 2024; Zhu et al., 2024c;
Qian et al., 2024), while others employ LLM-based
multi-agent frameworks to yield diverse and high-
quality benchmarks (Wang et al., 2025).

Although existing works have explored various
LLMs in the dynamic benchmarking of specific
tasks, an evaluation paradigm for performance com-
parison among LLMs across different domains
and tasks remains lacking. For comparison, our
work makes the first attempt to build a compre-
hensive evaluation suite for LLM-as-Dynamic-
Benchmarker, including a multi-domain multi-task
benchmark as well as multi-aspect evaluation met-
rics. This suite is expected to provide a unified
standard for guiding the selection of LLMs for dy-
namic benchmarking in specific domains and tasks.

3 DyBenchEval Framework

3.1 Overview

To comprehensively measure the ability of LLMs to
generate evaluation examples from seed benchmark
datasets, we propose a two-dimensional domain-
task taxonomy for constructing a high-coverage
seed dataset. Our proposed dataset spans all the
combinations of domains and tasks, which pro-
vides a comprehensive perspective of LLMs’ per-
formance in both context understanding of multiple

domains and text generation of different tasks. We
collect the information of existing works and com-
pare our work with them in terms of this taxonomy,
as shown in Table 1.

3.2 Domain
We adopt the same domain taxonomy as existing
works like MMLU (Hendrycks et al., 2021b) and
C-Eval (Huang et al., 2023), which contains 4 main
categories, i.e., STEM, Humanity, Social Science,
and Others. The definition and scope of each do-
main are borrowed from Hendrycks et al. (2021b).
STEM. We consider four detailed subdomains
within STEM including science, technology, en-
gineering, and mathematics.
Humanity. The humanity consists of the disci-
plines which utilize analytic methods and qualita-
tive analysis instead of scientific empirical methods.
We select four common branches as our subdo-
mains, i.e., art, history, culture, and logic.
Social Science. Social science aims to examine hu-
man behavior and society. Considering the broad
scope of social science, we choose six representa-
tive subdomains, i.e., finance, business administra-
tion, news, law, commercial, and education.
Others. There are other domains which may not
fit into any of the above categories, such as daily
life, which are put into Others.

3.3 Task
We follow recent works on LLM evaluation in-
cluding AlignBench (Liu et al., 2024a) and Cri-
tiqueLLM (Ke et al., 2024), and merge their task
taxonomies into 7 task types. Specifically, we ac-
quire the union of the task taxonomy in these two
works, and remove language-specific task types
since our work is not targeted at specific languages.
Then, we merge two reasoning-related tasks (i.e.,
Logical Reasoning and Mathematics) into a Rea-
soning Ability category. The definition and scope
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STEM Humanity Social Science Others

Fundamental Language Ability

Open-Ended QA

Writing Ability 𝑫𝒊𝒋

Reasoning Ability

Task-Oriented Role Play

Professional Knowledge

Code Generation

Task 
(𝟏 ≤ 𝒋 ≤ 𝟕)

In-Context 
Demonstration 

Example

Large Language Model

Domain (𝟏 ≤ 𝒊 ≤ 𝟒)

𝒏𝒕 samples from  𝑫𝒊′,𝒋 (𝒊′ ≠ 𝒊)

𝒏𝒅 samples from  𝑫𝒊,𝒋′  (𝒋′ ≠ 𝒋)

𝒏𝒔 samples from  𝑫𝒊,𝒋

Augmented Evaluation Samples for 𝑫𝒊,𝒋 

Figure 2: Overview of cross data filling, which augments the dataset Dij with the samples from the same domain /
task / cell using in-context learning.

of each task both refer to the original works (Liu
et al., 2024a; Ke et al., 2024).

Fundamental Language Ability. This category
contains the basic NLP tasks such as text summa-
rization (Hermann et al., 2015), information extrac-
tion (Chen et al., 2022), and data-to-text generation
(Dusek et al., 2020), which support the common
needs of users.

Open-Ended Question Answering. The category
indicates subjective question answering in terms of
open-domain topics (Zheng et al., 2023; Liu et al.,
2024a), which is a common scenario of LLMs es-
pecially in the daily usage.

Writing Ability. Writing plays an important role
in the open-domain LLMs’ applications, including
narratives, fictions, and poems, which should meet
the high requirement of consistency and coherence
(Liu et al., 2024a).

Reasoning Ability. As a core ability to deal with
complex problems using a step-by-step solving pro-
cess, reasoning has become a research focus for
LLMs, including mathematical (Cobbe et al., 2021;
Hendrycks et al., 2021c), commonsense (Sap et al.,
2019), and logical (Clark et al., 2020) reasoning.

Task-Oriented Role Play. As an emerging capabil-
ity of LLMs, role play requires to make LLMs play
as a specific identity for corresponding tasks, aim-
ing to follow user instructions better (Zhou et al.,
2024; Tu et al., 2024).

Professional Knowledge. This category focuses
on measuring the ability of LLMs to answer ques-
tions with professional knowledge in various do-
mains (Liu et al., 2024a).

Code Generation. As an important application
direction of LLMs, code generation benchmarks
assess the ability to automatically generate codes
based on various inputs (Chen et al., 2021b).

4 DyBenchEval Construction

4.1 Data Collection with Cross Data Filling
We construct the seed benchmark dataset of Dy-
BenchEval based on the taxonomy described in §3.
The construction process involves two steps, i.e.,
existing data collection and cross data filling.
Existing Data Collection. We first span existing
LLM benchmark datasets in different domains and
tasks, and select high-quality and diverse ones as
representatives, which are then categorized into
our taxonomy. The detailed dataset list for each
pair of domains and tasks is shown in Appendix
A. We merge the datasets that belong to the i-th
domain (1 ≤ i ≤ 4) and j-th task (1 ≤ j ≤ 7)
into a combined one Dij = {qkij , akij}

|Dij |
k=1 , where

(qkij , a
k
ij) indicates the question and answer of the

k-th data pair in Dij .
Cross Data Filling. To alleviate the data scarcity
problem in uncommon domains / tasks, we devise a
simple yet effective method called cross data filling.
As shown in Figure 2, our main idea is to utilize
the data samples at the same domain (row) or task
(column) to conduct data augmentation for the cell
with scarce data.

Specifically, if we need to augment the data in
Dij , we compute the domain/task-level similarity
within the cross (as shown in Figure 2), and acquire
demonstration samples based on the similarity for
in-context learning of LLMs, which can finally
obtain the augmented data samples. We follow
Sannigrahi et al. (2023) and Liu et al. (2016) to
acquire the dataset embedding Emb(Di,j) based
on the average of each data sample:

Emb(Di,j) =
1

|Di,j |

|Di,j |∑︂

k=1

Emb(qki,j ⊕ aki,j) (1)

where Emb(qki,j ⊕ aki,j) denotes the embedding of
the concatenation of the question and answer. We
adopt Qwen3-Embedding-8B (Zhang et al., 2025)
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to compute embeddings. This model is one of
the best-performing ones on commonly-recognized
multi-domain and multi-task text embedding bench-
marks like MMTEB (Enevoldsen et al., 2025). It
supports the context length of 32K tokens and has
the strong long-context capability due to the ef-
fectiveness of its base model Qwen3 (Yang et al.,
2025), which is sufficient for the datasets consid-
ered in our paper.

Then, we obtain the similarity between the
dataset requiring augmentation and other datasets
within the same domain (Di,j′ ) or task (Di′ ,j):

Sim(Di,j , Di,j′ )

=
Emb(Di,j) ·Emb(Di,j′ )

||Emb(Di,j)||2||Emb(Di,j′ )||2
(2)

j
′
= 1, · · · , j − 1, j + 1, · · · , 7

Sim(Di,j , Di′ ,j)

=
Emb(Di,j) ·Emb(Di′ ,j)

||Emb(Di,j)||2||Emb(Di′ ,j)||2
(3)

i
′
= 1, · · · , i− 1, i+ 1, · · · , 4

Based on the above similarity, we adopt softmax(·)
to acquire the normalized probability distributions
over domains (pd) and tasks (pt), respectively:

pd
i′ = softmax(Sim(Di,j , Di′ ,j)) (4)

i
′
= 1, · · · , i− 1, i+ 1, · · · , 4

pt
j′ = softmax(Sim(Di,j , Di,j′ )) (5)

j
′
= 1, · · · , j − 1, j + 1, · · · , 7

where pd
i′

/ pt
j′

denotes the probability of choos-
ing the samples as demonstration examples from
the dataset Di′ ,j / Di,j′ , respectively. To further
illustrate the effectiveness of dataset embeddings in
similarity computation, we provide the clustering
metrics and 2D heatmap in Appendix B.

Once we acquire the nd / nt samples within the
same domain / task based on the above probabil-
ity distributions, we devise an in-context learning
method which makes LLMs generate new evalua-
tion data (including the questions and correspond-
ing answers) based on the above nd + nt samples
as well as ns samples from the same cell.

To ensure the quality of cross data filling, we
manually check all the augmented evaluation sam-
ples in terms of four evaluation aspects, i.e., the
coherence of questions, the correctness of answers,
the faithfulness to the domain / task label, and the

Category Size Len-Q Len-A

Overall 1,665 636.18 281.86

Domain

STEM 418 1,367.47 633.27
Humanity 410 588.02 180.33
Social Science 419 419.95 64.44
Others 418 168.88 247.97

Task

Fundamental Language Ability 239 1,921.28 175.08
Open-Domain QA 240 217.42 33.67
Writing Ability 238 1,197.59 1,374.76
Reasoning Ability 240 169.40 17.52
Task-Oriented Role Play 239 346.12 143.70
Professional Knowledge 238 259.97 59.13
Code Generation 231 335.94 171.19

Table 2: Statistics of DyBenchEval including the dataset
size (Size) and the average tokens of questions (Len-Q)
/ answers (Len-A).

ethics of the data sample. If there are only minor
errors2, we revise generated data to obtain high-
quality ones. Since some of the data may contain
numerous errors or unethical content that are not
easy to repair, we directly abandon these cases3.
Throughout all the 240 augmented data samples,
5% of them are revised, while 6.25% are aban-
doned. Finally, 93.75% (except the abandoned
ones) are added to the benchmark dataset, demon-
strating the overall high quality of augmented data
based on our method.

After quality control, the final seed benchmark
dataset of DyBenchEval contains 1,665 data pairs
of questions and answers. The data distributions of
different tasks and domains, as well as the length
of questions and answers, are shown in Table 2.

4.2 Multi-Aspect Evaluation Paradigm
To further assess the quality of LLMs’ generated
evaluation samples based on the seed dataset, we
devise evaluation metrics of three aspects, i.e., the
coherence of input questions (Cheng et al., 2024),
the correctness of output answers with respect to
corresponding questions (Chen et al., 2025a), and
the diversity of generated evaluation samples (Chen

2Our identified typical errors that correspond to the first
three aspects contain logical contradictions of questions, nu-
merical / knowledgeable errors of answers, and unfaithfulness
to the domain / task label. We also find some unethical content,
including violent, sexual, and hateful contents.

3The abandoned cases commonly encompass multiple
types of errors / unethical content throughout the questions
and answers (such as logical contradictions between multiple
pairs of conditions in the question and numerical errors in
multiple parts of the answer), which cannot be improved via
simple manual revision.
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Aspect Coherence Correctness

Method Pairwise Agreement Pointwise Agreement

Direct Prompting 0.66 0.71
CoT Prompting 0.82 0.84
Ours 0.90 0.89

Table 3: Agreement between automatic and manual
evaluation results on coherence and correctness.

et al., 2025b). These metrics comprehensively
judge the respective quality of questions and an-
swers, as well as the relationship between them.

Coherence. Coherence aims to measure whether
the sentences in the generated question are seman-
tically coherent without logical contradictions.

Correctness. Correctness is targeted at assessing
whether the generated answer is correct with re-
spect to the corresponding question.

Diversity. Diversity aims to evaluate whether the
generated questions and answers cover diverse lin-
guistic patterns and semantic information. Inspired
by Chen et al. (2025a), we categorize the diver-
sity metric into two parts, including external and
internal diversity. External diversity measures the
difference between the generated dataset and the
seed one, while internal diversity quantifies the
variation among the generated dataset.

For coherence and correctness, a strong LLM
is utilized to obtain the evaluation results (Zheng
et al., 2023). We design the evaluation prompts to
make the judge LLM decompose the aspect into
sub-aspects based on each sample and recompose
the results of each sub-aspect to acquire the final
automatic judgments. The evaluation score of co-
herence ranges from 1 to 10, while the evaluation
result of correctness is a binary classification la-
bel, where 1 / 0 denotes correct / wrong samples,
respectively. The prompt templates for coherence
and correctness are shown in Appendix E.

As for diversity, we follow the existing works
(Chen et al., 2025a) to adopt distinct n-grams (Dist-
n) (Li et al., 2016) and Vendi Score (Friedman and
Dieng, 2023) of generated datasets for measuring
internal diversity, while utilizing BLEU scores (Pa-
pineni et al., 2002) and semantic similarity (Sem-
Sim) (Chen et al., 2025b) to compute the diversity
of generated samples with respect to seed samples.
These metrics comprehensively capture both the
linguistic variation and semantic diversity.

5 Experiment

5.1 Agreement Evaluation

To assess the agreement between our LLM-as-a-
Judge methods and manual evaluation, we sample
200 data pairs from the DyBenchEval dataset ran-
domly for building a meta-evaluation seed dataset,
where 100 samples for coherence and the others for
correctness. We collect the generation results from
11 mainstream LLMs with different families and
scales, including GPT, Gemini, Claude, DeepSeek
(Liu et al., 2025), GLM (Zeng et al., 2024), Qwen
(Yang et al., 2025) and Llama (AI@Meta, 2024),
which vary from 8B to 685B. We employ Gemini-
3-Pro, which is one of the most effective LLMs cur-
rently, as our judge model to acquire the automatic
evaluation results of coherence and correctness.

For coherence, we follow Wen et al. (2024) to
adopt pairwise agreement. Specifically, given the
seed question-answering (QA) pair, two generated
QA pairs (denoted as A and B), the annotators are
required to select from 3 options based on the co-
herence of generated questions, i.e., A is better than
B, B is better than A, and tie. Then, the automatic
evaluation scores for these two questions are also
converted into pairwise comparison results, which
can be used to compute the agreement rate with
manual preference. As for correctness, given a gen-
erated QA pair, annotators are instructed to judge
whether the answer is correct with respect to the
question. Then, we can compute the agreement
between automatic metrics and human judgments.

As shown in Table 3, we can observe that
our LLM-as-a-Judge method described in §4.2
achieves high agreements with manual evaluation
results, demonstrating the reliability of our auto-
matic metrics. The improvement of our method
over vanilla direct prompting and chain-of-thought
(CoT) prompting (Zheng et al., 2023) indicates the
contribution of our design on aspect decomposition,
which provides insights into the understanding of
aspects in complex evaluation scenarios.

5.2 Experimental Setting

We utilize our devised prompt combined with
Gemini-3-Pro as the judge model4 to measure the
performance of 11 mainstream LLMs, covering
closed-source and open-source ones:

4We additionally adopt GPT-5.2 as the judge model and
show the results in Appendix F, indicating almost the same
performance ranking.
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Aspect Coherence Correctness Diversity

Internal External

Metric LLM Judge (↑) LLM Judge (↑) Dist-2 (↑) Vendi (↑) BLEU-4 (↓) SemSim (↓)

Closed-Source Language Models

GPT-5.2-thinking 5.3081 0.7760 0.4940 36.09 0.1977 0.7369
Gemini-3-pro-preview 7.8420 0.9225 0.5440 38.82 0.1231 0.6224
Claude-opus-4-5-20251101-thinking 7.0384 0.9405 0.5259 38.89 0.2781 0.6953
Qwen3-Max 5.5387 0.8697 0.5806 39.83 0.2006 0.8028

Open-Source Language Models

DeepSeek-V3.2 6.4379 0.9099 0.5487 39.97 0.2419 0.7094
GLM-4.6 7.2366 0.8835 0.5171 40.42 0.2176 0.6375
Qwen3-235b-a22b-instruct-2507 6.1742 0.8462 0.6186 40.75 0.1655 0.7464
Qwen3-30b-a3b-instruct-2507 5.2006 0.7946 0.4982 41.61 0.2582 0.7920
Qwen3-8b 4.5273 0.7706 0.4772 40.92 0.3626 0.8202
Llama-3.1-70b-instruct 5.2979 0.7423 0.4390 40.38 0.3903 0.7264
Llama-3.1-8b-instruct 3.8583 0.5610 0.3516 16.78 0.2334 0.6947

Table 4: Coherence, correctness, and diversity of different LLMs on DyBenchEval. The coherence / correctness
score is computed via LLMs, where coherence ranges from 1 to 10 and correctness indicates a binary label including
correct (1) and incorrect (0) answers for each generated evaluation sample. The highest performance overall is bold,
while the highest performance among open-source models is underlined.

Closed-Source LLMs: Gemini-3-Pro (Comanici
et al., 2025), GPT-5.2, Claude-4.5, and Qwen3-
Max (Yang et al., 2025).
Open-Source LLMs: DeepSeek-V3.2 (Liu et al.,
2025), GLM-4.6 (Zeng et al., 2024), Qwen3-(8B,
30B, 235B) (Yang et al., 2025), Llama-3.1-(8B,
70B) (AI@Meta, 2024).

Note that these selected LLMs are the same as
the agreement evaluation in §5.1. We use greedy
search for reproducibility, and the maximum length
for generated evaluation samples is 8,192. For
the hyper-parameters of cross data filling, we set
nd = 2, nt = 2, ns = 1 and explore other numbers
of in-context examples in §5.6.

5.3 Main Result

We present the main results in Table 4. Firstly,
closed-source LLMs still have advantages over
open-source ones in most of the metrics, show-
ing their effectiveness on dynamic benchmarking.
However, the absolute performance still has a lot
of room for improvement. For example, the best-
performing LLM in coherence (i.e. Gemini-3-Pro)
only achieves the score of 7.8420 / 10. The quality
of generated questions needs further improving.

Secondly, LLMs perform differently in all these
metrics. Comparing coherence and correctness,
Gemini-3-Pro / Claude-4.5 achieves the best perfor-
mance, respectively. We also find that DeepSeek-
V3.2 whose coherence score is relatively unsatis-
factory obtains 0.9099 correctness score, beating

other open-source LLMs and even approaching the
best performance of closed-source LLMs. This
demonstrates that the abilities to generate coherent
questions and correct answers may not be highly
correlated. As for diversity, Qwen3-235B performs
notably well especially in the internal diversity.

Thirdly, LLMs with larger scales show bet-
ter performance (e.g., Qwen3 ranging from 8B
to 235B), preliminarily demonstrating the scaling
property of LLMs on dynamic benchmarking.

5.4 Analysis on Domain/Task-Level Score
Distribution

To analyze the difficulty and characteristics of dif-
ferent domains and tasks, we compute the average
scores across all the LLMs for each domain or task.
The results are shown in Table 5. For domains, we
observe that LLMs generally obtain high-quality
evaluation samples in humanity and social science,
while struggling in the domain of STEM. Since
the evaluation samples in STEM commonly have
professional backgrounds and may require com-
plex derivation, generating evaluation samples for
STEM seems more difficult than the other domains.

As for tasks, LLMs are generally good at open-
domain tasks, such as task-oriented role play, open-
domain QA, and writing ability. These tasks may
hardly involve uncommon knowledge and be not
limited to specific topics, providing sufficient space
for new evaluation data generation. For compari-
son, code generation and professional knowledge
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Aspect Coherence Correctness Diversity

Internal External

Metric LLM Judge (↑) LLM Judge (↑) Dist-2 (↑) Vendi (↑) BLEU-4 (↓) SemSim (↓)

Domain

STEM 5.4752 0.7621 0.5603 20.36 0.2847 0.7565
Humanity 5.9148 0.8317 0.6157 49.43 0.2125 0.7068
Social Science 6.2256 0.8495 0.5844 31.79 0.2399 0.7067
Others 5.8256 0.8358 0.5208 29.20 0.2285 0.7332

Task

Fundamental Language Ability 6.0474 0.7581 0.6156 41.84 0.2188 0.6866
Open-Domain QA 6.0529 0.8859 0.5379 52.45 0.1831 0.6838
Writing Ability 6.0973 0.8740 0.6942 34.79 0.1717 0.7190
Reasoning Ability 5.7871 0.8023 0.6953 38.76 0.2215 0.6872
Task-Oriented Role Play 6.1278 0.8494 0.5050 16.53 0.2836 0.7759
Professional Knowledge 5.7146 0.7449 0.4737 28.35 0.2788 0.7463
Code Generation 5.1989 0.8355 0.6140 8.58 0.3284 0.7794

Table 5: Average performance over all the models in terms of each domain and task. The highest scores of each
metric across the domains / tasks are bold, while the lowest scores are underlined.

are the most difficult tasks, which require complex
code structure understanding and domain-specific
knowledge utilization, respectively.

5.5 Analysis on Performance Ranking for
Specific Domains/Tasks

To provide guidance for LLM selection in specific
domains and tasks, we comprehensively show the
performance of top-3 LLMs for each pair of do-
mains and tasks in Table 9 of Appendix D due to the
paper limit. The results demonstrate that Gemini-3-
Pro beats other LLMs in coherence scores of most
domains and tasks, indicating its superior perfor-
mance on high-quality question generation. How-
ever, for correctness especially in the hard tasks
such as code generation, professional knowledge,
and reasoning ability, Claude-4.5 and DeepSeek-
V3.2 nearly dominate all the domains, suggesting
their strong abilities in problem solving.

5.6 Analysis on Cross Data Filling

To further analyze the effectiveness of our proposed
cross data filling method, we conduct an ablation
study on two important factors, i.e., the number
and source of in-context examples. For the num-
ber of examples, we select the alternative option
in {3, 7} besides 5 in our main experiment. As for
the example source, we explore the settings where
in-context examples are from only the same task /
domain / cell. We randomly sample 100 data from
the augmented dataset and adopt similar evaluation
metrics including coherence, correctness, and inter-
nal diversity. Since it is not necessary to consider

Aspect Coherence Correctness Diversity
(Internal)

Metric LLM Judge LLM Judge Dist-2

Ours 6.87 0.99 0.5985

Number of In-Context Examples

w/ 3 ICL Examples 6.78 0.98 0.5929
w/ 7 ICL Examples 6.89 0.99 0.6048

Source of In-Context Examples

w/ Same Domain 6.72 0.95* 0.5321
w/ Same Task 6.71 0.92** 0.5625
w/ Same Cell 6.29** 0.93* 0.5474*

Table 6: Coherence, correctness, and internal diversity
of augmented data via cross data filling. * indicates that
the corresponding performance is significantly lower
than our method with p < 0.05 based on paired boot-
strap resampling (Konietschke and Pauly, 2014), while
** denotes p < 0.01.

the in-context examples in the assessment of aug-
mented samples, we do not use external diversity.

The results in Table 6 show that the performance
improves as the number of in-context examples
increases. Since 5 examples have achieved accept-
able performance compared with 7 examples, we
choose this setting in our main experiment consid-
ering the API cost. As for the example source, if
the examples are all from the same domain / task
/ cell, the quality of generated evaluation samples
degrades in all the metrics. Thus, our method incor-
porates in-context examples of different sources to
generate overall high-quality evaluation samples.
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6 Conclusion

In this work, we propose DyBenchEval, a com-
prehensive evaluation suite for LLM-as-Dynamic-
Benchmarking, involving a benchmark dataset with
4 domains and 7 tasks and multi-aspect evaluation
metrics on the coherence, correctness, and diver-
sity of generated evaluation samples. Extensive
experiments on 11 mainstream LLMs reveal LLMs’
deficiencies across various domains and tasks for
future improvement, and provide guidance for the
selection of LLMs in different scenarios.

Limitations

We discuss the limitations of our work as follows:
(1) Similar to other LLM-based evaluation meth-
ods, our proposed metrics on coherence and cor-
rectness are also faced with the self-enhancement
bias (Zheng et al., 2023), which indicates the pref-
erence on the generated texts from the same base
model. This bias commonly exists in various LLMs.
We argue that multiple LLM-based evaluators with
different base models may be utilized to alleviate
self-enhancement bias. Since there does not exist a
satisfactory solution currently, we leave this part as
important future work.
(2) Although DyBenchEval has already covered
multiple domains, the domain category is still
coarse-grained, which includes several subdomains.
Thus, the number of data samples at each subdo-
main may be not sufficient enough. We will further
enlarge our benchmark dataset to reflect the LLMs’
performance more stably and precisely.
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A Dataset List in DyBenchEval

We collect a large number of datasets to construct
DyBenchEval, ensuring the quality and diversity.
The detailed dataset list is shown as follows ac-
cording to the domain categories, each of which
contains the datasets from all the tasks:

• STEM: SciERC (Luan et al., 2018), PubMed
(Dernoncourt and Lee, 2017), BigPatent
(Sharma et al., 2019), TruthfulQA (Lin et al.,
2022), Qasper (Dasigi et al., 2021), ExpertQA
(Malaviya et al., 2024), PeerRead (Kang et al.,
2018), SciGen (Moosavi et al., 2021), MATH
(Hendrycks et al., 2021c), GSM8K (Cobbe
et al., 2021), AIME24 (MAA, 2024), Math-
Dial (Macina et al., 2023), ABCD (Chen
et al., 2021a), DDXPlus (Fansi Tchango et al.,
2022), SciBench (Wang et al., 2024b), The-
oremQA (Chen et al., 2023), SciEval (Sun
et al., 2024), MBPP (Austin et al., 2021), Hu-
manEval (Chen et al., 2021b), DS-1000 (Lai
et al., 2023).

• Humanity: BookSum (Kryscinski et al.,
2022), WikiBio (Stranisci et al., 2023), Bill-
Sum (Eidelman, 2019), LegalBench (Guha
et al., 2023), Natural Questions (Kwiatkowski
et al., 2019), ROCStories (Mostafazadeh et al.,
2016), ELI5 (Fan et al., 2019), Writing-
Prompts (Huang et al., 2024), LogiQA (Liu
et al., 2020), ReClor (Yu et al., 2020b), Strate-
gyQA (Geva et al., 2021), RoleBench (Wang
et al., 2024a), LexGLUE (Chalkidis et al.,
2022), MMLU (Hendrycks et al., 2021b),
Apps (Hendrycks et al., 2021a).

• Social Science: CNN-DailyMail (Hermann
et al., 2015), FiQA (Maia et al., 2018),
NewsQA (Trischler et al., 2017), Enron Email
Dataset (Klimt and Yang, 2004), MAUD
(Wang et al., 2023), RACE (Lai et al., 2017),
ESConv (Liu et al., 2021), FinQA (Chen et al.,
2021c), FPB (Malo et al., 2014), Spider (Yu
et al., 2018), BIRD (Li et al., 2023).

• Others: E2E (Novikova et al., 2017), SAM-
Sum (Gliwa et al., 2019), DialogRE (Yu
et al., 2020a), Yahoo! Answers (Zhang et al.,
2015), Social IQA (Sap et al., 2019), Wiki-
How (Koupaee and Wang, 2018), DeepWrit-
ing (Mao et al., 2025), CommonsenseQA
(Talmor et al., 2019), PIQA (Bisk et al.,
2020), Cosmos QA (Huang et al., 2019), Mul-
tiWOZ (Budzianowski et al., 2018), SGD
(Rastogi et al., 2020), Taskmaster-1 (Byrne
et al., 2019), CaSiNo (Chawla et al., 2021),
EmpatheticDialogues (Rashkin et al., 2019),
CoNaLa (Yin et al., 2018), IFTTT Recipes
(Quirk et al., 2015).

B Illustration of Dataset Embeddings

To demonstrate the effectiveness of dataset embed-
dings, we first use k-means clustering and com-
pute commonly-used clustering metrics including
normalized mutual information (NMI) (Strehl and
Ghosh, 2002) and fowlkes-mallows index (FMI)
(Fowlkes and Mallows, 1983) compared with the
domain and task labels, respectively. We adopt
the scikit-learn toolkit (Pedregosa et al., 2011) to
implement the clustering algorithm as well as the
metrics. All the hyper-parameters are set as default
values. The results in Table 7 show that the dataset
embeddings indeed capture some latent informa-
tion of the corresponding domains and tasks.

We further provide a 2D heatmap to illustrate the
embedding similarities between different datasets.
Figure 3 shows that the datasets of the same domain
resemble each other. It is notable that the task
of code generation deviates from other tasks in
the embedding space, possibly due to the essential
difference between texts and codes.

C Implementation Details of Semantic
Diversity Metrics

We adopt the Vendi Score (Friedman and Dieng,
2023) and semantic similarity (Chen et al., 2025b)
as the semantic diversity metrics for internal and
external diversity, respectively. For Vendi Score,
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Similarity Heatmap Grouped by Task
diagonal included in color scale, min=0.3177, max=1.0000

source: heatmap_matrix_28x28.csv
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Figure 3: A 2D heatmap of embedding similarities between the datasets of different domains and tasks.

Metric NMI FMI

Task 0.5435 0.2996
Domain 0.3208 0.3509

Table 7: Normalized mutual information (NMI) and
fowlkes-mallows index (FMI) compared with the do-
main and task labels, respectively.

we use the official code which adopts SimCSE
(Gao et al., 2021) as the embedding model. As for
semantic similarity, we adopt Qwen3-Embedding-
8B (Zhang et al., 2025) as the embedding model.

D Detailed Results of Performance
Ranking

We present the detailed results of performance rank-
ing for each domain and task in Table 9, including
top-3 LLMs with their coherence and correctness
scores. These results support the necessity to dis-
tinguish all the domain-task pairs from another per-

Judge Model Gemini-3-Pro GPT-5.2

Closed-Source Language Models

GPT-5.2-thinking 5.3081 5.1790
Gemini-3-pro-preview 7.8420 5.9399
Claude-opus-4-5 7.0384 5.7015
Qwen3-Max 5.5387 5.2054

Open-Source Language Models

DeepSeek-V3.2 6.4379 5.5319
GLM-4.6 7.2366 5.7261
Qwen3-235b-a22b-instruct-2507 6.1742 5.4378
Qwen3-30b-a3b-instruct-2507 5.2006 5.0294
Qwen3-8b 4.5273 4.9015
Llama-3.1-70b-instruct 5.2979 5.2018
Llama-3.1-8b-instruct 3.8583 4.5796

Table 8: Coherence of different LLMs on DyBenchEval
with Gemini-3-Pro / GPT-5.2 as the judge model.

spective. For example, GLM-4.6 and Qwen3-Max
outperform Claude-4.5 in terms of correctness on
code generation for social science, while Claude-
4.5 dominates the code generation task for most of
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STEM Humanity Social Science Other ALL Domains
Model Score Model Score Model Score Model Score Model Score

Fundamental Coherence Gemini 8.4500 Gemini 7.9000 GLM 8.3559 Gemini 7.4000 Gemini 8.0084
Language Ability Claude 7.8000 DeepSeek 6.8167 Gemini 8.2881 GLM 6.7667 GLM 7.1757

GLM 7.2833 Claude 6.6167 Claude 7.3559 Claude 6.6333 Claude 7.1004

Correctness Claude 0.7667 Gemini 0.8333 Claude 0.9661 Gemini 0.9333 Gemini 0.8619
DeepSeek 0.7333 DeepSeek 0.7667 Gemini 0.9661 DeepSeek 0.9167 Claude 0.8410
Gemini 0.7167 Llama-3.1-70b 0.7500 Qwen3-Max 0.9153 Claude 0.9167 DeepSeek 0.8285

Open-Domain QA Coherence Gemini 8.7167 Gemini 7.7541 Gemini 8.4359 Gemini 7.6000 Gemini 8.0955
GLM 7.7833 Claude 7.3607 Claude 8.2308 GLM 7.0333 Claude 7.4091
Claude 7.7167 GLM 7.2131 GLM 7.6667 Claude 6.6167 GLM 7.4000

Correctness Gemini 1.0000 Gemini 1.0000 Claude 1.0000 Claude 0.9833 Gemini 0.9955
DeepSeek 0.9833 Claude 0.9836 Gemini 1.0000 DeepSeek 0.9833 Claude 0.9773
Claude 0.9500 Qwen3-235b 0.9508 DeepSeek 0.9744 Gemini 0.9833 DeepSeek 0.9682

Writing Ability Coherence Gemini 9.2069 GLM 7.7167 Gemini 8.6167 Gemini 7.9333 Gemini 8.3571
Claude 8.3448 Gemini 7.7000 GLM 7.6833 GLM 7.6667 GLM 7.8445
GLM 8.3276 Claude 7.0000 Claude 7.6000 Claude 7.0500 Claude 7.4916

Correctness Claude 0.9310 Claude 1.0000 Gemini 1.0000 Claude 1.0000 Gemini 0.9832
GLM 0.9310 GLM 1.0000 Qwen3-Max 0.9833 Gemini 1.0000 Claude 0.9790
Gemini 0.9310 Gemini 1.0000 Claude 0.9833 GLM 0.9667 GLM 0.9622

Reasoning Ability Coherence Gemini 6.4333 Gemini 8.0167 Gemini 8.1333 Gemini 7.8667 Gemini 7.6125
DeepSeek 6.0833 Claude 7.6000 Claude 7.4667 GLM 7.6333 GLM 6.9625
GLM 5.7667 GLM 7.4167 GLM 7.0333 Claude 7.1833 Claude 6.9625

Correctness DeepSeek 0.9833 Claude 0.9833 Gemini 0.9333 Claude 0.9833 Claude 0.9542
Claude 0.9333 Gemini 0.9667 Claude 0.9167 GLM 0.9833 DeepSeek 0.9333
GLM 0.7833 DeepSeek 0.9500 DeepSeek 0.9000 Gemini 0.9333 GLM 0.8875

Task-Oriented Coherence Gemini 8.3167 Gemini 8.5085 Gemini 8.8167 Gemini 7.2833 Gemini 8.2301
Role Play GLM 7.2833 Claude 8.3051 Claude 7.4333 GLM 6.8167 GLM 7.2343

DeepSeek 6.7667 GLM 7.9831 GLM 6.8667 DeepSeek 6.2667 Claude 7.0544

Correctness Gemini 1.0000 Claude 1.0000 Claude 1.0000 Gemini 0.8333 Gemini 0.9540
DeepSeek 0.9833 GLM 1.0000 Gemini 0.9833 Claude 0.8167 Claude 0.9456
Claude 0.9667 Gemini 1.0000 DeepSeek 0.9667 GLM 0.7500 DeepSeek 0.9121

Professional Coherence Claude 6.5000 Gemini 7.3667 Gemini 8.3625 Gemini 7.8621 Gemini 7.4651
Knowledge GLM 6.3833 GLM 7.0833 GLM 7.8500 GLM 7.5345 GLM 7.2597

Gemini 5.9833 Claude 6.7500 Claude 7.6750 Claude 6.8103 Claude 6.9922

Correctness Claude 0.9667 Claude 0.9000 DeepSeek 0.8875 Gemini 1.0000 Claude 0.9186
DeepSeek 0.9667 DeepSeek 0.8833 Claude 0.8625 Claude 0.9655 DeepSeek 0.9109
GLM 0.7667 Qwen3-Max 0.8667 Qwen3-Max 0.8250 Qwen3-Max 0.9310 Gemini 0.8411

Code Generation Coherence Gemini 6.1167 Gemini 7.7843 Gemini 7.9667 Gemini 6.8500 Gemini 7.1558
GLM 5.8167 GLM 7.1961 GLM 7.6167 GLM 6.5500 GLM 6.7792
Claude 5.5000 Claude 7.0980 Claude 7.0833 Claude 5.5167 Claude 6.2684

Correctness Claude 0.9667 Claude 0.9608 GLM 0.9833 Claude 1.0000 Claude 0.9740
DeepSeek 0.9500 Gemini 0.9608 Qwen3-Max 0.9833 Gemini 1.0000 Gemini 0.9697
Gemini 0.9500 DeepSeek 0.9216 Claude 0.9667 GLM 0.9500 GLM 0.9264

All Tasks Coherence Gemini 7.5957 Gemini 7.8613 Gemini 8.3708 Gemini 7.5407 Gemini 7.8420
GLM 6.9426 GLM 7.2749 GLM 7.5885 GLM 7.1411 GLM 7.2366
Claude 6.8565 Claude 7.2482 Claude 7.5215 Claude 6.5311 Claude 7.0384

Correctness Claude 0.9258 Gemini 0.9440 Claude 0.9498 Gemini 0.9545 Claude 0.9405
DeepSeek 0.9258 Claude 0.9343 Gemini 0.9426 Claude 0.9522 Gemini 0.9225
Gemini 0.8493 DeepSeek 0.9051 DeepSeek 0.9187 GLM 0.8995 DeepSeek 0.9099

Table 9: Top-3 LLMs for each domain and task in terms of coherence and correctness, where each LLM binds with
a color for readability.

the other domains. This demonstrates that although
Claude-4.5 possesses strong general capabilities
of generating codes, its understanding of social
science problems may degrade the overall perfor-
mance. This distinction validates the importance of
distinguishing the evaluation of different domains
for each task.

E Prompt Template Design

We provide the prompt templates for cross data
filling, LLM generation, and the evaluation of co-
herence / correctness in Figure 4, 5, 6, and 7, re-
spectively.

F Detailed Results with Different Judge
Models

To show the effect of different judge models, we ad-
ditionally adopt GPT-5.2 as the judge model to mea-
sure the coherence of all the LLMs. From Table
8, the spearman correlation between the evaluation
results of the two judge models is 0.9909, showing
almost the same performance ranking. We observe
that Gemini-3-Pro still achieves the best perfor-
mance with GPT-5.2 as the judge model, prelimi-
narily demonstrating that its superior performance
is not due to the self-enhancement bias (Zheng
et al., 2023).
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# Role Definition
 You are a professional dataset generation engine.Your responsibility is to generate NEW, ORIGINAL, 
and HIGH-QUALITY dataset samples that strictly satisfy the explicitly defined Task and domain 
requirements.
 You MUST prioritize the formal definitions below over any example content.

# 1. Explicit Generation Requirements (HIGHEST PRIORITY)
 ## Target domain: {target_domain_disp}
 {domain_spec}
 ### Sub-domain Selection Protocol (MANDATORY)
 Sub-domain selection mode:
 **{sub_domain_mode}**
 {selected_sub_domain_block}
 ## Target Task: {target_task_disp}
 {task_spec}

# 2. Output Contract (STRICT)
 Generate exactly ONE complete dataset sample.
 The sample must:
 - Be self-contained
 - Be answerable
 - Have a clearly identifiable correct output
 - Strictly match the target task and the sub-domain
 DO NOT generate multiple questions.
 DO NOT include meta explanations.

# 3. Reference Examples (LOW PRIORITY)
 The following examples are provided only to help calibrate language style, complexity, and realism.
 You MUST NOT:
 - Copy entities, facts, or structures
 - Rephrase or adapt example content
 - Infer requirements from examples
 ### Example 1
 [Domain: {target_domain_disp}] | [Task: {target_task_disp}]
 {shot1_content}
 ### Example 2
 [Domain: {shot2_domain_disp}] | [Task: {target_task_disp}]
 {shot2_content}
 ### Example 3
 [Domain: {shot3_domain_disp}] | [Task: {target_task_disp}]
 {shot3_content}
 ### Example 4
 [Domain: {target_domain_disp}] | [Task: {shot4_task_disp}]
 {shot4_content}
 ### Example 5
 [Domain: {target_domain_disp}] | [Task: {shot5_task_disp}]
 {shot5_content}

# Final Instruction
 Generate ONE new dataset sample that strictly satisfies:
 - the target task
 - the target domain
 - the selected or derived sub-domain
 Focus on reasoning depth, institutional realism, and correctness.

Prompt on data augmentation

Figure 4: Prompt template design for cross data filling.
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# Role
You are an Advanced Data Augmentation Architect. Your goal is to generate a high-quality "Parallel 
Test Case" based on a provided SEED DATA entry.

# Objective
The SEED DATA is likely contaminated (memorized by models). You must create a **new** problem-
answer pair that tests the *exact same* underlying skill or logic as the seed, but looks different 
enough to bypass memorization.

# 1. Degrees of Freedom (Where you MUST be creative)
You are granted freedom to modify the following elements to ensure the new data is fresh and 
diverse:
* **Context Re-skinning:** Completely change the story or setting. (e.g., If the seed is about 
"calculating trajectory of a missile", you can change it to "calculating the path of a magic spell" 
or "robot arm movement", provided the math remains applicable).
* **Variable Perturbation:** You may alter specific numbers, entity names, or attributes, as long 
as the change does not break the logic. (e.g., Change "3 red balls" to "5 blue crystals", adjusting 
the answer accordingly).
* **Input Format:** You may slightly vary how the information is presented (e.g., changing a list 
to a paragraph description), provided it remains clear.

# 2. Strict Anchors (Where you MUST NOT deviate)
Despite the freedom above, you must strictly adhere to the seed's core essence:
* **Core Logic Invariance:** The specific reasoning step, algorithm, or knowledge point required to 
solve the problem must remain identical. Do not simplify or complicate the underlying logic.
* **Difficulty Anchoring:** The cognitive load required to solve the new problem must match the 
seed. Do not turn a 2-step reasoning problem into a 5-step one, or vice versa.
* **Category Consistency:** If the seed is a "coding task", the output must be code. If it is 
"information extraction", the output must be extraction.

# 3. Quality Assurance
* The new Question must be unambiguous.
* The new Answer must be rigorously derived from the new Question.
* **Avoid Hallucination:** Ensure the new domain is logically sound.

# Output Format
Output ONLY a single valid JSON object (compact JSONL format).
The structure must match the seed keys.

# Input Seed Data
{{SEED_DATA}}

# Action
Based on the guidelines above, generate the new JSONL line now. **Double-check that your generated 
Output is the mathematically/logically correct solution to your generated Input.**

Prompt on main experiment

Figure 5: Prompt template design for LLM generation in our main experiment.
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You are a Senior Benchmark Security Expert. Your goal is to rigorously evaluate a "Rewritten 
Question" to ensure it serves as a valid, uncontaminated test case for LLMs.

### Input Data
**Original Seed Question:**
{seed}
**Rewritten Question:**
{rewrite}

### Evaluation Protocol
You must follow a strict 3-step evaluation process using the **Fixed Scoring Standards** provided 
below.

#### Step 1: Dimension Definition & Analysis
First, identify 3-4 critical dimensions for evaluating this specific type of question (e.g., 
"Degree of Disguise", "Logic Preservation", "Solvability").
For **EACH** dimension:
1.  Analyze the rewrite's performance.
2.  Assign a sub-score (1-10) for that specific dimension.

#### Step 2: Synthesis against Fixed Standards
Synthesize your dimensional analysis and map the *overall quality* to the following strict 
standards. Do not deviate from these definitions:
* **Score 1-2 (Invalid Question)**
    The rewrite is not a functional problem (e.g., gibberish, not a question at all).
* **Score 3-4 (High Similarity)**
    The rewrite is too similar to the original seed; it is practically identical with no meaningful 
variation.
* **Score 5-6 (Surface-Level Substitution)**
    The rewrite performs only simple noun replacements (e.g., changing names or objects). Crucially, 
the overall domain, theme, and structural framework remain unchanged.
* **Score 7-8 (Deep Transformation & Decontamination)**
    The rewrite undergoes a drastic transformation in context, variables, and setting. It is almost 
impossible to identify the connection to the original question. The magnitude of change is 
significantly larger than the 5-6 range, ensuring that a model exposed to the original question 
cannot solve this rewrite simply by recalling its memory.
* **Score 9-10 (Super-Human Excellence)**
    The quality is even better than the 7-8 range. The rewrite significantly exceeds the question-
setting standards of human domain experts.

#### Step 3: Final Verdict
Determine the final integer score based on the standards above.

### Output Requirements
Output your response in the following XML format:
<dimensional_analysis>
[Define 3-4 dimensions. For each, provide analysis and a sub-score]
1. Dimension Name: ...
   - Analysis: ...
   - Sub-score: [x/10]
2. Dimension Name: ...
   - Analysis: ...
   - Sub-score: [x/10]
...
</dimensional_analysis>

<synthesis_and_reasoning>
[Explain why the rewrite fits into a specific score range of the Fixed Standards based on the 
dimensions above]
</synthesis_and_reasoning>

<final_verdict>
[Output the final integer score (1-10) in the exact format below:]
###FINAL_RESULT: [[n]]

(Replace 'n' with your integer score, e.g., 1, 6, 10).
</final_verdict>

Prompt on coherence experiment

Figure 6: Prompt template design for the evaluation of coherence.
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You are an expert Data Quality Assurance Specialist. Your task is to verify the **Correctness** of 
the "Answer" within the modified data using a rigorous Chain-of-Thought process.

**Input Data:**
Original Data (Reference Only):
\"\"\"
{seed}
\"\"\"

Modified Data (Target for Evaluation):
\"\"\"
{rewrite}
\"\"\"

**Evaluation Protocol:**

**CRITICAL GUARDRAIL 1: INDEPENDENCE**
* **IGNORE the Original Data's content for verification.** The Modified Data may have changed 
numbers, logic, or facts.
* **Evaluate the Modified Data as a STANDALONE entity.** You must recalculate or re-verify the 
answer strictly based on the information provided in the "Modified Data".
* *Example:* If Original says "1+1=2" and Modified says "1+2=3", the Modified data is **CORRECT** 
(Pass). Do not compare it to the Original.

**CRITICAL GUARDRAIL 2: FOCUS**
* **IGNORE Question Quality:** Do not judge if the question is simple or weird.
* **IGNORE Style:** Do not judge the writing quality.
* **FOCUS ONLY:** Is the Answer objectively correct relative to the Question *in the Modified Data*?

**Step 1: Data Parsing & Extraction (From Modified Data Only)**
Analyze the **Modified Data** to lock in the target for evaluation:
* **Domain A (Explicit Q&A):** If the text clearly separates a Question and an Answer, identify 
them directly.
* **Domain B (Unstructured/Narrative):** If no explicit Q&A structure exists, you must **EXTRACT** 
a valid pair from the content:
    * *Extracted Question:* What is the core problem/topic presented in the **Modified Data**?
    * *Extracted Answer:* What is the specific solution provided in the **Modified Data**?

**Step 2: Autonomous Dimension Generation & Analysis**
Based on the content type of the **Modified Data**, **self-define** 3 specific dimensions to judge 
the correctness of the Answer.
* *Action:* Define the dimension name (e.g., "Math Logic", "Code Syntax", "Historical Fact", 
"Internal Consistency"), then evaluate the Answer against it using **only** the Modified Data's 
context.

**Step 3: Synthesis**
Synthesize the results from your 3 self-defined dimensions.
* **Result 1 (Pass):** The answer is objectively correct and logically sound based on the new 
data's premises.
* **Result 0 (Fail):** The answer is factually wrong, contains calculation errors, or is logically 
invalid within the modified text.

**Response Template:**
### Reasoning Process:
* **Phase 1: Extraction (Based on Modified Data)**
    * *Target Question:* [Extracted Question]
    * *Target Answer:* [Extracted Answer]
* **Phase 2: Multi-Dimensional Analysis**
    * *Dimension 1 [[Self-Defined Name]]:* [Detailed Check based on new context...]
    * *Dimension 2 [[Self-Defined Name]]:* [Detailed Check based on new context...]
    * *Dimension 3 [[Self-Defined Name]]:* [Detailed Check based on new context...]
* **Phase 3: Synthesis**
    * *Summary:* [Is the answer correct according to the modified question?]

###FINAL_RESULT: [[x]]

Prompt on correctness experiment

Figure 7: Prompt template design for the evaluation of correctness.

40363


