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Abstract001

People are increasingly using Large Language002
Models (LLMs) to explain unfamiliar scientific003
concepts. However, it is unclear whether LLM-004
generated explanations are accurate, clear, and005
useful. In this paper, we investigate LLM-as-006
an-explainer by (1) evaluating the quality of007
LLM-generated concept explanations, and (2)008
aligning open-source LLMs to produce high-009
quality concept explanations. In particular, we010
collect a large-scale dataset of 31,160 explana-011
tions generated by ten LLMs covering concepts012
from six disciplines, including Social Science,013
Biomedical Science, Mental Health, Computer014
Science, Law and Policy, and Finance. Next,015
we design a principle-guided evaluation frame-016
work that systematically assesses the quality of017
LLM-generated explanations. Our human val-018
idation shows substantial agreement between019
the proposed evaluation framework and human020
results. Finally, we propose EXPDPO to align021
lightweight LLMs by learning from multi-level022
good and bad paired concept explanations. Ex-023
periments show that the aligned LLMs can out-024
perform their larger variants on this task.025

1 Introduction026

Recent Large Language Models (LLMs) have027

shown great proficiency in generating human-level028

responses. With the vast amount of human knowl-029

edge gleaned from training data, they are becoming030

primary sources for people seeking explanations of031

various scientific concepts (Xiong et al., 2024; Wu032

et al., 2024). As shown in Figure 1, asking LLMs033

appears to be a convenient and efficient fashion034

compared to traditional online searching. However,035

the lack of targeted evaluation makes the quality036

of LLM-generated concept explanations unclear.037

To bridge the gap, we pioneer the exploration of038

LLM-as-an-explainer.039

In fact, generating a “high-quality” explana-040

tion for an abstract scientific concept is a chal-041

lenging task. Bad explanations can mislead peo-042

Pluralism is the idea that
multiple groups, values,
identities, or ways of life
can legitimately coexist ...
Concrete example: "..."

What is Pluralism?

(a) Traditional Online Search (b) LLM-as-a-Explainer

Pluralism

...

Figure 1: Illustration of concept explanation using (a)
traditional online search and (b) LLM-as-an-Explainer.

ple, potentially causing misunderstanding and 043

harm (Lakkaraju and Bastani, 2020). In contrast, 044

a good explanation requires more than just factual 045

accuracy; it should be easy to follow with concise 046

language and real-world examples (Miller, 2019). 047

To systematically investigate existing LLMs’ capa- 048

bilities in explaining concepts, we follow a compre- 049

hensive research pipeline (see Figure 2), beginning 050

with the creation of a large-scale dataset, collect- 051

ing 31,160 explanations from ten LLMs for 3,116 052

scientific concepts. Those concepts are chosen 053

from Wikipedia, online dictionary, and related lit- 054

erature in six disciplines, including Social Science, 055

Biomedical Science, Mental Health, Computer Sci- 056

ence, Law and Policy, and Finance (Diener, 2000; 057

Topp et al., 2015; TOV, 2018). We then propose 058

a novel evaluation framework that adapts the 059

principle-guided evaluation paradigm, using dis- 060

tinct Large Reasoning Models (LRMs) guided with 061

fine-grained principles, such as “Utility" and “Ac- 062

cessibility", to thoroughly assess explanation qual- 063

ity. Finally, we investigate pathways for improve- 064

ment by aligning lightweight open-source models 065

using Supervised Fine-Tuning (SFT) and Direct 066

Preference Optimization (DPO) (Rafailov et al., 067

2023). Moreover, we propose EXPDPO, a DPO- 068

based method that employs a tailored reweighting 069

mechanism to align high-performing concept ex- 070

plainer models by balancing extreme preference 071

pairs (to preserve strong signals) and hard-negative 072

pairs (to refine subtle differences). 073
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Figure 2: Overview of the research pipeline. From left to right, we first collect a large-scale LLM-generated concept
explanation dataset. We then design fine-grained evaluation principles to assess the quality of collected explanations.
Finally, we align specialized lightweight models to generate high-quality concept explanations.

Our empirical results first validate that the074

principle-guided evaluation framework provides075

a reliable assessment that aligns with human eval-076

uators. Our analysis of the ten LLMs reveals per-077

formance disparities for explaining concepts across078

different domains. Most open-source LLMs show079

a relatively high likelihood of generating factu-080

ally inaccurate explanations. Moreover, among081

the best-performing models, such as o4-mini (Ope-082

nAI, 2025) and Gemini-2.5-flash (Comanici et al.,083

2025), exhibit shared weaknesses in providing prac-084

tical advice. To address these issues, we annotate085

sets of good and bad explanations and propose086

EXPDPO for improved model alignment of bet-087

ter scientific concept explanation. We empirically088

demonstrate that EXPDPO substantially improves089

the quality of the concept explanation in different090

settings. As illustrated in Figure 3 (examples of091

sociocentrism), compared to the larger base vari-092

ants (Qwen-3-8B and 14B), the lightweight aligned093

LLM (Qwen-3-4B-ExpDPO) can generate a high-094

quality explanation that is close to the expected095

patterns of a good scientific concept explanation.096

Our main contributions are as follows:097

• Novel Datasets: We develop a large-scale LLM-098

generated concept explanation dataset. It consists099

of 31,160 explanations generated by ten LLMs100

from six domains.101

• Principle-guided Evaluation: We design an102

evaluation framework with fine-grained princi-103

ples. We evaluate each concept explanation using104

both direct scoring and comparative ranking.105

• Empirical Experiments: We propose EXPDPO106

to train lightweight explanation models. We con-107

duct comprehensive experiments to show the con- 108

cept explanation quality improvements. 109

• Practical Implications: We provide in-depth 110

analyses on the effects of principles, domains, 111

and models. We discuss practical implications on 112

how to leverage LLM-as-an-explainer for various 113

downstream tasks. 114

2 Related Work 115

2.1 LLM-generated Explanations 116

LLM-as-an-Explainer has been increasingly used 117

to generate rationales and examples that make tech- 118

nical or abstract content more accessible. In the do- 119

main of Explainable Artificial Intelligence (XAI), 120

recent work explored using LLMs to transfer ML 121

explanation into human-readable narratives that are 122

more interpretable (Zytek et al., 2024). In the clin- 123

ical domain, a large-scale evaluation (Guo et al., 124

2025b) found that LLM-generated plain language 125

summaries of clinical notes can be rated highly 126

on perceived readability, but still underperform 127

human-written text in enhancing layperson com- 128

prehension. Moreover, Yu et al. (2025) examined 129

LLMs’ understanding of physical concepts at differ- 130

ent levels. Despite these advances, existing studies 131

lack comprehensive, cross-domain benchmarks for 132

systematically evaluating concept explanation qual- 133

ity and robustness. Our work addresses this gap 134

by providing a large-scale benchmark dataset for 135

concept explanations across diverse domains and 136

providing evaluations of ten popular LLMs. 137

2.2 Evaluation of LLM-generated Content 138

Traditional Evaluation Metric. Traditional 139

metrics like BLEU (Papineni et al., 2002) and 140
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CONCEPT EXPLANATIONS OF “SOCIOCENTRISM”

Qwen-3-4B. Sociocentrism keeps societies running by encouraging people to follow shared rules.
For example, someone might choose a career path because their community values it, like a girl
wanting to be a doctor to meet her family’s expectations, even if her passion is different.

Qwen-3-8B. Understanding sociocentrism helps us recognize biases that can divide people. For
example, someone might think their country’s traditions are superior, ignoring the value of other
cultures, which can create misunderstandings or conflict. Acknowledging this bias fosters empathy
and open-mindedness.

Qwen-3-14B. Sociocentrism can lead to prejudice because it makes people see their group as
the ‘norm’ and others as ‘different’ or ‘inferior.’ For example, someone from a small town might
think city life is chaotic, while a city dweller might view rural traditions as outdated — both sides
failing to see the value in each other’s perspectives.

Qwen-3-4B-ExpDPO. Sociocentrism is a kind of group-centered bias. [concise definition] We

all grow up learning what our family, community, or society treats as normal and correct, so it’s

easy to use those rules as the standard for everyone else. [simple language] When that

happens, we may automatically favor our own group’s interests or assume our group’s customs

are “just how things should be,” while other groups’ ways feel odd or wrong. [demonstration]
This doesn’t necessarily come from hostility, it often comes from familiarity, but it can create real

problems, like miscommunication, stereotyping, and unfair treatment. [implication] A useful

habit is to notice when you’re using your group as the default, ask what a behavior means in

someone else’s context, and judge actions with more than one social lens. [practical advice]

Figure 3: Comparison of Qwen-3-4B, 8B, 14B, and 4B-ExpDPO explanations of “sociocentrism”. Highlighted parts
of the explanation generated by Qwen-3-4B-ExpDPO indicate the components that satisfy the evaluation principles.

ROUGE (Lin, 2004) rely heavily on exact matching141

to evaluate models’ generation quality. Subsequent142

methods, such as BERTScore (Zhang et al., 2020)143

and BARTScore (Yuan et al., 2021), improve upon144

this by using contextual embeddings, but remain in-145

capable of capturing nuanced features (Post, 2018).146

LLM-based Evaluation. The advanced capabil-147

ities of LLMs have inspired a paradigm shift to-148

wards dynamic reference-free assessment (Wang149

et al., 2023). LLMs-as-evaluators, as one of the150

leading automated evaluation paradigms, has been151

widely adopted due to its ability to conduct nu-152

anced evaluations like humans (Zheng et al., 2023;153

Li et al., 2024). It has been used in domains like154

academic writing (Liu and Shah, 2023), code gen-155

eration (McAleese et al., 2024), and computational156

social science (Jiang et al., 2024), to evaluate the157

quality of open-ended generation. However, recent158

studies have revealed various biases and vulnerabil-159

ities of the LLMs-as-evaluators, raising concerns160

in this technique (Li et al., 2025).161

Principle-guided Evaluation. To address these162

limitations, researchers proposed principle-guided 163

LLM-based evaluation (Li et al., 2024), where a 164

set of comprehensive and well-designed rules or 165

rubrics is given to the LLM evaluator for improving 166

the assessment’s fairness and reliability. Following 167

studies further improve it by providing domain (Ye 168

et al., 2023) or sample-level principles (Kim et al., 169

2025; Gunjal et al., 2025; Viswanathan et al., 2025), 170

instructing LLM evaluators with more fine-grained 171

guidelines. Building on this line of work, we in- 172

troduce evaluation principles specific to concept 173

explanation: tailored principles that align the eval- 174

uator’s perspective with the needs of general users. 175

3 Research Pipeline 176

3.1 Collecting Concept Explanation Dataset 177

To systematically evaluate the quality of LLM- 178

generated concept explanations, we conduct a rig- 179

orous data collection procedure comprising the fol- 180

lowing steps: 181

Concept Selection. We start by compiling a com- 182
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prehensive list of concepts across six domains: So-183

cial Science, Biomedical Science, Mental Health,184

Computer Science, Law and Policy, and Finance.185

Initial concepts are identified based on their rel-186

evance, popularity, and coverage in related lit-187

erature (Diener, 2000; Topp et al., 2015; TOV,188

2018). We further expand this list through cross-189

referencing synonyms and related terms from190

Wikipedia and the Oxford English Dictionary.191

The final dataset consists of 732 Social Science,192

1,011 Biomedical Science, 451 Mental Health, 407193

Computer Science, 299 Law and Policy, and 216194

Finance-related concepts.195

Model Selection. We select ten LLMs for generat-196

ing concept explanations. These include four larger197

API-based proprietary models known for their ad-198

vanced capabilities:199

• GPT-4.1-mini (Achiam et al., 2023).200

• OpenAI-o4-mini (OpenAI, 2025).201

• Gemini-2.5-flash (Comanici et al., 2025).202

• Deepseek-V3 (Liu et al., 2024).203

We also select six smaller open-source LLMs:204

• Qwen-3 (1.7B, 4B, 8B, and 14B) (Yang et al.,205

2025).206

• LLaMA-3.2-instruct (1B and 3B) (Grattafiori207

et al., 2024).208

This combination provides comprehensive cover-209

age across different model sizes, architectures, and210

training paradigms.211

User Prompt Selection. To ensure consistency212

and emulate realistic user-LLM interactions, we213

select a standardized prompt template:214

“Tell me about [concept]. Provide a clear215

explanation suitable for a layperson.”216

We test variants of concept explanation prompts.217

Given the similar responses provided by them, we218

use the above one to generate all concept explana-219

tions. More details can be found in Appendix C.220

Concept Explanation Generation. Applying the221

standard prompt template, we query each of the222

3,116 concepts using all selected LLMs, resulting223

in a total of 31,160 concept explanations. To mini-224

mize variability and randomness in model outputs,225

all generations are conducted by setting LLMs’226

temperature = 0 if available.227

3.2 Assessing Concept Explanation Quality 228

We employ a principle-guided LLM-based eval- 229

uation framework to assess concept explanation 230

quality, leveraging two powerful Large Reasoning 231

Models (LRMs) as judging LLMs, J = {J1, J2}, 232

where J1 is Gemini-2.5-Pro (Comanici et al., 2025) 233

and J2 is DeepSeek-R1 (Guo et al., 2025a). They 234

will assess the quality using Direct Scoring and 235

Comparative Ranking based on five predefined eval- 236

uation principles. Our prompt templates for evalua- 237

tion are included in Appendix D 238

Fine-Grained Evaluation Principles. To enhance 239

consistency and interpretability of the evaluation 240

process, inspired by previous work (Ye et al., 2023), 241

we carefully design five evaluation principles tai- 242

lored for broad usability: 243

• Accuracy: Provide an accurate definition of the 244

concept. 245

• Accessibility: Use of simple, everyday language. 246

• Conciseness: Brief and direct explanations with- 247

out unnecessary verbosity. 248

• Demonstration: Use of relatable analogies, sto- 249

ries, or real-world examples. 250

• Utility: Provision of actionable and practical ad- 251

vice, or implication. 252

Direct Scoring. Judging LLMs assign a score to 253

each explanation per principle. For a given con- 254

cept explanation Ei,j (for concept ci and generation 255

model Mj), each judging LLM Jl provides a score 256

Sl(Ei,j , v) ∈ [1, 5] for each principle v. The final 257

score for an explanation on a given principle is the 258

average score from J1 and J2: 259

S(Ei,j , v) =
1

2

2∑
l=1

Sl(Ei,j , v). (1) 260

To assess a model’s performance on a specific prin- 261

ciple, we average the scores S(Ei,j , v) across all 262

concepts C. The mean quality score for model Mj 263

on principle v is: 264

Q(Mj , v) =
1

|C|

|C|∑
i=1

S(Ei,j , v). (2) 265

For Accuracy, we prompt LLMs with a concept 266

definition from Wikipedia, Oxford English Dictio- 267

nary, or related literature as a reference, and instruct 268

them to score closeness relative to that definition. 269

Comparative Ranking. Two judging LLMs com- 270

pare each explanation against a baseline reference 271
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explanation Eref (i.e., Qwen-3-4B) per principle.272

For each principle v, the comparison yields an out-273

come O(Ei,j , v) ∈ {win, loss}. We involve a third274

judge model J3 (i.e., GPT-5.2) only when there is275

a conflict between J1 and J2 (e.g., J1 outputs win276

and J2 outputs loss). The final result is decided277

by majority vote. The win rate for model Mj on278

principle v is calculated as:279

W (Mj , v) =
|{Ei,j | O(Ei,j , v) = win}|

|C| (3)280

For Accuracy, the LLM assigns an outcome based281

on which explanation (Eref and Ei,j) is closer to282

the online definition. For example, if the baseline283

explanation Eref is closer to Wikipedia’s definition,284

the final outcome will be loss.285

Human Evaluation To validate the reliability of286

the proposed evaluation framework, we conduct a287

human evaluation using Direct Scoring and Com-288

parative Ranking. Specifically, we compare the289

LLMs’ evaluations against human annotations on290

20 randomly selected explanations for each disci-291

pline (i.e., 1,200 explanations in total). We recruit292

three annotators (all Ph.D. students) and develop293

an annotation tool with a simple UI. Annotators294

score each explanation using a 1–5 scale and pro-295

vide pairwise preferences (win/loss) on the same296

evaluation principles with randomized presenta-297

tion order and hidden model identities to reduce298

bias. We compute the inter-rater agreement using299

Cohen’s kappa (Cohen, 1960). More details are300

presented in Appendix A.301

3.3 Aligning Specialized Model302

We align lightweight LLMs to generate high-303

quality concept explanations using Supervised304

Fine-Tuning (SFT) and Direct Preference Opti-305

mization (DPO). We further propose EXPDPO306

tailored for our annotated preference data. These307

methods are applied separately to the same pre-308

trained base model (i.e., Qwen-3-4B) using the309

HuggingFace Transformers library1. We employ310

the ZeRO-32 from the DeepSpeed library for train-311

ing. We denote the base model being trained as312

Mθ. All models are fine-tuned on two A100 GPUs.313

More details can be found in Appendix B.314

3.3.1 Supervised Fine-Tuning.315

SFT aims to adapt the base model Mθ to generate316

outputs that conform to the format and style of317

1https://huggingface.co/Qwen/Qwen3-4B
2https://deepspeed.readthedocs.io/en/latest/

zero3.html

high-quality explanations. 318

SFT Data Preparation. We construct the SFT 319

dataset DSFT by applying a filtering process to 320

each concept explanation to select good responses. 321

For each concept, an explanation (Ei) will be in- 322

cluded in DSFT if it is ranked top-2 from the direct 323

scoring (descending order of overall scores) de- 324

scribed in Section 3.2. 325

SFT Objective. The base model Mθ is fine-tuned 326

on the curated dataset DSFT. For each concept, 327

we use the standardized prompt template contain- 328

ing the concept ci as the input prompt Pi and the 329

corresponding explanation as the target output Ei. 330

The SFT objective is to train Mθ by minimizing 331

the negative log-likelihood loss LSFT(θ): 332

LSFT(θ) = −
∑

(Pi,Ei)
∈DSFT

|Ei|∑
t=1

logP (Ei,t|Pi, Ei,<t; θ) (4) 333

where Ei,t is the t-th token of the target explanation 334

Ei. 335

3.3.2 Direct Preference Optimization. 336

DPO aligns the policy model using pairwise pref- 337

erences (Rafailov et al., 2023), encouraging the 338

model to assign higher likelihood to good explana- 339

tions than to bad ones. 340

DPO Data Preparation. We create two sets of 341

preference pairs: extreme pairs (Dext) and hard- 342

negative pairs (Dhard). 343

Extreme pairs. For each concept, we select ex- 344

tremely good and bad explanations: 345

• Eg
princple: the best explanation according to the 346

direct scoring for [principle]. 347

• Eb
principle: the worst explanations according to 348

the direct scoring for [principle]. 349

For example, a pair of explanations (Eg
accuracy, 350

Eb
accuracy) for concept ci contains the best and 351

worst explanations based on accuracy scores. 352

Hard-negative pairs. To encourage fine-grained 353

improvements, we select hard negative samples 354

that are difficult to distinguish from the good one: 355

• Eg
princple: the best explanation according to the 356

direct scoring for [principle]. 357

• Eb
principle: the near-top explanation (rank 3 or 4) 358

according to the direct scoring for [principle]. 359
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The final dataset is DDPO = Dext ∪ Dhard, con-360

taining multi-level preference data.361

DPO Objective. DPO optimizes the policy model362

to increase the likelihood of explanation Eg over363

Eb, guided by a frozen reference model (the origi-364

nal base model). The standard DPO loss is:365

LDPO(θ) = −E(P,Eg,Eb)[
log σ

(
rθ(P,E

g)− rθ(P,E
b)
)]

,
(5)366

where rθ(P, y) = β log πθ(y|P )
πref (y|P ) is the implicit367

reward function, πθ is the policy model, πref is the368

reference model, σ(·) is the sigmoid function, and369

β controls the deviation from the reference model.370

The proposed EXPDPO. As discussed before, our371

preference data contains two types of pairs. We372

propose EXPDPO to jointly optimize over both373

types using a margin-weighted mixture objective:374

LExpDPO(θ) = −
∑

t∈{ext,hard}

λt E(P,Eg,Eb)∼Dt[
αt(∆) · log σ

(
rθ(P,E

g)− rθ(P,E
b)
)]

,

(6)375

where Dext and Dhard denote the sets of extreme376

and hard-negative pairs, respectively, and λext +377

λhard = 1 controls their relative contribution. For378

each pair associated with principle v, we define a379

score margin from direct scoring as:380

∆ = S(Eg, v)− S(Eb, v), (7)381

where S(·, v) ∈ [1, 5] is the direct score for prin-382

ciple v, and thus ∆ ∈ [0, 4]. We set αt(∆) to383

reflect the different roles of the two pair types: (i)384

extreme pairs provide high-confidence signals and385

are emphasized when the margin is large, while386

(ii) hard-negative pairs provide fine-grained super-387

vision and are emphasized when the margin is388

small. Concretely, we use αext(∆) =
(
∆
4

)γext
389

and αhard(∆) =
(

1
max(∆,ϵ)

)γhard
, where ϵ > 0390

avoids division-by-zero when ∆ = 0, and γext and391

γhard control the sharpness of reweighting. We set392

ϵ = 0.5 in all experiments.393

4 Experiments and Results394

In this section, we present our empirical results to395

answer the following research questions:396

• RQ1: Does the principle-guided evaluation397

framework provide human-level evaluation?398

• RQ2: How do the concept explanation capabili-399

ties among the evaluated LLMs?400

• RQ3: To what extent can the proposed EXPDPO401

improves LLM-generated concept explanation?402

4.1 Human Validation of the Principle-guided 403

Evaluation Framework (RQ1) 404

Figure 4 presents the level of agreement between 405

LLMs and human annotators. We observe that 406

results from the principle-guided evaluation frame- 407

work are very close to human evaluation in both 408

evaluation strategies. Moreover, there is no sig- 409

nificant inter-rater agreement discrepancy between 410

the six disciplines. This validates that our evalu- 411

ation framework can serve as a reliable proxy of 412

human annotators for evaluating multidisciplinary 413

scientific concept explanations. 414

4.2 Differences in Concept Explanation 415

Capability (RQ2) 416

We conduct comprehensive analyses of the evalu- 417

ated LLMs. Our results reveal significant dispari- 418

ties in LLMs’ capabilities based on several factors. 419

✦ Principle-wise Analysis. LLMs present uni- 420

fied weakness in Utility and distinct strengths in 421

other principles. As shown in Figure 5, while 422

the larger LLMs consistently outperform smaller 423

models across all evaluation principles, they ex- 424

hibit a shared weakness in providing practical ad- 425

vice (Utility). At the same time, each of these 426

models demonstrates particular strengths in spe- 427

cific principles. GPT-4.1-mini excels on Acces- 428

sibility, o4-mini achieves the highest scores for 429

factual Accuracy, DeepSeek-v3 is good at provid- 430

ing clear Demonstration and Concise explanations, 431

and Gemini-2.5-flash can generate Accurate defi- 432

nitions as well. Although larger LLMs generally 433

perform worse on Utility and Depth, Gemeni-flash- 434

2.5 and DeepSeek-v3 demonstrate relatively better 435

performances. Based on their overall performance 436

(Figure 5), we list the best and second best models 437

for each evaluation principle. 438

• Accuracy: o4-mini and Gemeni-flash-2.5 439

• Accessibility: o4-mini and DeepSeek-v3 440

• Conciseness: GPT-4.1-mini and o4-mini 441

• Demonstration: o4-mini and GPT-4.1-mini 442

• Utility: o4-mini and Gemeni-flash-2.5 443

✦ Domain-wise Analysis. Generating high-quality 444

concept explanations for social science, mental 445

health, biomedical science, and law and policy is 446

relatively more difficult for all evaluated LLMs. 447

This is reflected in the domain-specific radar plots 448

in Figure 5, where performance becomes “con- 449

tracted” in these domains. In contrast, computer 450

6



GPT-
4.1

-m
ini

o4
-m

ini

Dee
pS

ee
k-v

3

Gem
ini2

.5-
fla

sh

LLa
MA3.2

-1B

LLa
MA3.2

-3B

Qwen
3-1

.7B

Qwen
3-4

B

Qwen
3-8

B

Qwen
3-1

4B
0.4

0.5

0.6

0.7

0.8

0.9

1.0
Co

he
n'

s 
Inter-Rater Agreement (Direct Scoring)

Mental
BioMed

SocSci
CompSci

Law
Finance

GPT-
4.1

-m
ini

o4
-m

ini

Dee
pS

ee
k-v

3

Gem
ini2

.5-
fla

sh

LLa
MA3.2

-1B

LLa
MA3.2

-3B

Qwen
3-1

.7B

Qwen
3-4

B

Qwen
3-8

B

Qwen
3-1

4B

Inter-Rater Agreement (Comparative Ranking)

Mental
BioMed

SocSci
CompSci

Law
Finance
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Figure 5: Direct Scoring comparisons of ten LLMs’ concept explanations across six disciplines.

science and finance exhibit more balanced shapes451

across principles. Through our human verification452

of the generated explanation, we observe that (1)453

social science concepts are often theory-based and454

context-dependent, leading models to be hard to455

produce actionable advice (i.e., lower Utility); (2)456

mental health concept explanations require precise457

boundaries to avoid overgeneralization; (3) biomed-458

ical concepts often require terminology discipline,459

where models suffer from explaining them in con-460

cise languages; and (4) law and policy concepts461

contain jurisdictional nuances, where models may462

remain fluent and readable but miss key legal excep-463

tions. These results suggest that improving concept464

explanation quality in social science, mental health,465

biomedical science, and law and policy likely re-466

quires additional domain-specific data.467

✦ Model-wise Analysis. We observe that the four468

larger API-based LLMs (GPT-4.1-mini, o4-mini,469

DeepSeek-v3, and Gemini-2.5-flash) form substan-470

tially larger radar polygons than the smaller open- 471

source models, indicating a clear scale effect as 472

expected. In Table 1, within the open-source mod- 473

els, we see a monotonic quality improvement with 474

model size. Notably, scaling shows relatively larger 475

gains on Accuracy and Accessibility, suggesting 476

that larger LLMs are better at generating accurate 477

definitions with simple language. In other words, 478

smaller models tend to generate shallow or inaccu- 479

rate explanations. Moreover, some smaller mod- 480

els provide fewer concrete examples (e.g., Qwen3- 481

1.7B), whereas others generate richer demonstra- 482

tions at the cost of verbosity (e.g., LLaMA3.2-1B). 483

4.3 Improvements of Specialized Concept 484

Explanation Models (RQ3) 485

We fine-tune the Qwen-3-4B base model using 486

SFT, DPO, and EXPDPO. We compare their perfor- 487

mance back on the same evaluation set. In partic- 488

ular, we begin with a pool of 1,200 concepts (200 489

per domain), split into 960 for training and 240 490
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Model Mental BioMed SocSci CompSci Law Finance Overall

Larger API-based Models

GPT-4.1-mini 88.5 92.3 84.7 98.5 83.1 97.2 90.7
o4-mini 87.4 90.8 85.3 96.3 85.8 98.4 90.7
DeepSeek-v3 89.1 91.7 85.9 89.3 80.5 89.6 87.7
Gemini-2.5-flash 86.2 91.8 83.8 91.2 85.2 87.2 87.6

Smaller Open-source Models

LLaMA-3.2-1B-Instruct 12.4 18.7 7.5 22.3 18.6 23.4 17.2
LLaMA-3.2-3B-Instruct 35.2 55.3 25.1 35.2 41.0 42.1 39.0
Qwen-3-1.7B 22.7 48.3 13.6 28.3 22.5 20.4 26.0
Qwen-3-8B 65.0 80.5 53.2 76.2 69.2 78.2 70.4
Qwen-3-14B 78.4 88.7 65.9 87.7 75.3 80.1 79.4

Table 1: Comparative Ranking comparisons of LLMs’ concept explanation. All results indicate win rates (%)
against the Qwen-3-4B baseline. Bold and underline values indicate the best and second-best results, respectively.

Model In-Domain OOD

Larger API-based Models

GPT-4.1-mini 4.07 -
o4-mini 4.11 -
DeepSeek-v3 4.14 -
Gemini-2.5-flash 4.09 -

Smaller Open-source Models

LLaMA-1B-Inst. 1.90 -
LLaMA-3B-Inst. 2.46 -
Qwen-3-1.7B 2.10 -
Qwen-3-8B 2.75 -
Qwen-3-14B 2.88 -
Qwen-3-4B 2.73 -

Lightweight Aligned Models

Qwen-3-4B-SFT 3.22 (+17.9%) 2.90 (+6.2%)
Qwen-3-4B-DPO 3.29 (+20.5%) 3.01 (+10.3%)
Qwen-3-4B-ExpDPO 3.46 (+26.7%) 3.18 (+16.5%)

Table 2: Direct Scoring results (averaged scores of all
principles and domains) are presented. Relative perfor-
mance gains over Qwen-3-4B are shown in parentheses.

held out for evaluation. Using the annotated SFT491

and DPO data described in Section 3.3, we train492

the base model and test with in-domain and out-of-493

domain (OOD) settings. For the in-domain setting,494

we train and test aligned models using data from495

all six domains. For OOD, we train the model on496

five domains and test it on the remaining domain.497

✦ ExpDPO is the most effective approach. As498

shown in Table 2, SFT and DPO can already499

achieve substantial gains over the Qwen-3-4B500

model. Qwen-3-4B-SFT increases the in-domain501

score by 0.49 points (+17.9%) and the OOD score502

by 0.17 points (+6.2%), completely outperforming503

the Qwen-3-8B and 14B. Qwen-3-4B-ExpDPO im-504

proves even further, adding 0.73 points (+26.7%)505

for in-domain and 0.45 points (+16.5%) for OOD.506

Figure 3 illustrates a case study of LLM-generated 507

explanations of “sociocentrism” (more examples 508

are included in Appendix E). We can observe that 509

Qwen-3-4B-ExpDPO can generate relatively high- 510

quality explanations compared to the base models. 511

✦ Stronger generalization to unseen domains. 512

Table 2 shows that Qwen-3-4B-ExpDPO general- 513

izes beyond the training domains compared to SFT 514

and DPO. This finding is consistent with the role 515

of weighted multi-level preference-based optimiza- 516

tion. ExpDPO explicitly contrasts multi-level good 517

and bad explanations and encourages the model to 518

internalize domain-agnostic subtle signals, which 519

are less sensitive to domain shifts. 520

5 Conclusion and Future Work 521

In this paper, we systematically evaluate the quality 522

of LLM-generated concept explanations. We build 523

a large-scale scientific concept explanation dataset, 524

develop a principle-guided evaluation framework, 525

and propose EXPDPO for aligning lightweight 526

models for better concept explanations. Our find- 527

ings reveal shared weaknesses and unique strengths 528

of LLMs’ concept explanation capability. Finally, 529

we demonstrate that using EXPDPO and our pref- 530

erence data can substantially improve the quality 531

of generated concept explanations. Looking for- 532

ward, LLM-as-an-explainer can bring several bene- 533

fits. For normal users, it enables efficient concept 534

learning and understanding without extensive on- 535

line searching. For scientific research, high-quality 536

explanations can serve as (1) a representation of 537

additional context and knowledge (e.g., knowledge 538

graph construction); (2) a synthetic training signal 539

for data augmentation; and (3) a semantic supervi- 540

sion for tasks such as reasoning and retrieval. 541
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Limitations542

Our work has several limitations. First, our bench-543

mark covers concept explanations from six scien-544

tific disciplines, but it does not cover other dis-545

ciplines, cultures, or languages, and may under-546

represent emerging concepts. Second, the actual547

outcomes of learning from LLM-generated expla-548

nations and online searching are not clear. Con-549

trolled human studies and field experiments are550

needed to assess real-world impacts. Third, we551

only test the effectiveness of SFT, DPO, and the552

proposed EXPDPO for this task. Other alignment553

methods, such as Group Relative Policy Optimiza-554

tion (GRPO) (Shao et al., 2024), remain unclear.555

Ethical Considerations556

Our human validation is conducted by three anno-557

tators who are Ph.D. students and coauthors of this558

paper (Appendix A). No sensitive personal data is559

collected. We acknowledge that LLM-generated560

concept explanations may be biased and harmful.561

We provide content warnings and opt-outs to the562

annotators throughout the whole study. We ob-563

tained Institutional Review Board (IRB) approval564

from our university to conduct an annotation task565

with prolific annotators. To prevent unnecessary566

computational cost and promote reproducibility,567

we use lightweight open-source models for post-568

training alignment. We apply efficient fine-tuning569

techniques to reduce the GPU overload. We will570

release the full dataset, codes, and models to the571

public to facilitate future research.572
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Appendix754

A Human Validation755

We validate the results of the proposed principle-756

guided LLM-based evaluation framework with hu-757

man annotators.758

A.1 Annotators759

We use three annotators, all of whom are Ph.D.760

students in Computer Science and coauthors of761

this paper. The study involves only reading LLM-762

generated text and assigning ratings; we do not763

collect sensitive or personally identifying informa-764

tion. Since the annotators are authors, no monetary765

compensation is involved.766

A.2 Annotation Tool767

As shown in Figure 6 and 7 (using Acceptance and768

Commitment Therapy as an example), we devel-769

oped an annotation tool with a simple UI for both770

evaluation strategies:771

• Direct scoring: given a concept explanation, an-772

notators assign ordinal scores (1–5) for each prin-773

ciple.774

• Comparative ranking: given a concept and two775

corresponding explanations (from model A and776

B), annotators select A better or B better for777

each principle.778

To reduce presentation bias, the tool hides model779

identities and randomizes the left/right order of780

A/B in pairwise comparisons.781

A.3 Sampling Details782

We validate on a subset of the benchmark to cover783

all evaluated domains and models.784

Direct scoring. For each domain, we uniformly785

sample n = 20 concepts and evaluate the corre-786

sponding explanations. In total, Nds = 20×|M|×787

|D| items.3 Each explanation is annotated by three788

annotators.789

Comparative ranking. For each domain, we sam-790

ple n = 20 concepts and construct an explana-791

tion pair for each concept. The reference expla-792

nation from Qwen-3-4B will be compared against793

the other nine explanations. Therefore, we have794

Ncr = 20 × |D| × 9 comparison pairs. Each pair795

is annotated by three annotators.796

3In our experiments, |M| = 10 and |D| = 6, giving
Nds = 1200.

Score Anchor description (applies to each princi-
ple)

1 Very Poor - Fails to meet the principle.
2 Poor - Significant shortcomings in meeting the

principle.
3 Adequate - Meets basic requirements but could

be improved.
4 Good - Mostly meets the principle with minor

shortcomings.
5 Excellent - Fully meets the principle

Table 3: Rubric anchors for human and LLM annotators.

A.4 Evaluation Rubric 797

Annotators follow the same principle definitions 798

as the LLM evaluator and use a shared rubric with 799

anchors for 1–5 scores (Table 3). Before formal 800

annotation, we conduct a short calibration round on 801

a small set of examples to align interpretations of 802

each principle, then finalize the rubric used for the 803

main validation. Annotators are allowed to use any 804

resources (except LLMs) to check the ACCURACY 805

of LLM-generated concept explanations. 806

A.5 Human Results 807

Direct scoring. For each evaluated concept expla- 808

nation, we averaged scores from all three annota- 809

tors as the final score. 810

Comparative ranking. For each evaluated concept 811

explanation, we take the result of the majority vote 812

from three annotators as the final result. 813

A.5.1 Calculation of Cohen’s κ. 814

Since both human and LLM evaluations produce 815

real-valued scores on a 1–5 scale, we discretize 816

them by rounding to the nearest integer before com- 817

puting κ. Formally, for any score s ∈ [1, 5], we 818

compute s̃ = round(s) = ⌊s+ 0.5⌋. For 819

example, 4.1 → 4 and 4.9 → 5. We apply the 820

same rounding rule to both the human score and 821

the LLM score, and then compute Cohen’s κ on 822

the final discrete labels s̃ ∈ {1, 2, 3, 4, 5}. 823

B Implementation Details 824

SFT implementation: 825

• Batching: per-GPU batch size = 4, gradient ac- 826

cumulation = 2 (effective batch size 8). 827

• Optimizer: AdamW, initial Learning Rate = 1× 828

10−5, cosine decay scheduler with 10% warmup. 829

• Training: 3 epochs, BF16 enabled, logging every 830

10 steps, checkpoint every 5k steps. 831
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Figure 6: UI for Direct Scoring.

Figure 7: UI for Comparative Ranking.

DPO and ExpDPO implementation:832

• Batching: per-GPU batch size = 1, gradient ac-833

cumulation = 4 (effective batch size 4).834

• Optimizer: AdamW, initial Learning Rate = 5×835

10−6, cosine decay with 10% warmup.836

• Training: 3 epochs, BF16 enabled, logging every837

10 steps, checkpoint every 5k steps.838

C Prompt Templates of Explanation839

Generation840

This section details the alternative user prompt tem-841

plates we tested in addition to the standardized842

prompt used in the main experiments. All prompt843

templates are gathered from coauthors in this paper844

and college students. Overall, we find that these845

prompts produce highly similar explanation out-846

puts across models. The generated explanations847

largely preserve the same core definition and sup-848

plementary narratives, with differences primarily849

in surface-level phrasing (e.g., synonyms and sen-850

tence ordering). Therefore, we adopt a single stan-851

dardized prompt in the benchmark to ensure con-852

sistency and emulate realistic Human-LLM inter-853

actions. Given a concept [concept], we evaluate854

the following prompt templates:855

• P1: “Tell me about [concept]. Provide a clear 856

explanation suitable for a layperson.” 857

• P2: “What does [concept] mean? Please explain 858

it in simple terms for a general audience.” 859

• P3: “Explain [concept] in plain language for 860

someone without background knowledge.” 861

• P4: “In a few sentences, explain [concept] to a 862

non-expert.” 863

• P5: “Explain [concept] for a layperson.” 864

• P6: “I am not familiar with [concept], please 865

explain to me.” 866

• P7: “I am stupid, please explain [concept] to 867

me.” 868

• P8: “My friend does not understand [concept], 869

please explain to him/her.” 870

Across models and domains, we observe the fol- 871

lowing consistent patterns when switching between 872

different prompt templates: (1). The primary def- 873

inition and interpretation of the concept are typ- 874

ically unchanged. (2) Differences are mainly at 875

the lexical level and rather than substantive content 876

changes. (3) Most importantly, the relative evalua- 877

tion results under our evaluation framework remain 878

consistent across these prompt variants. Based on 879
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these findings, we use the standardized prompt (P1)880

for all scientific concept explanation generation.881

D Prompt Templates of Explanation882

Evaluation883

This section details the prompt templates we used884

for the proposed principle-guided evaluation frame-885

work in this study:886

• Figure 8: Prompt template for Direct Scoring.887

• Figure 9: Prompt template for Comparative888

Ranking.889

E Case Studies890

This section illustrates qualitative case studies of a891

mental health concept explanations (i.e., Confirma-892

tion Bias) and their corresponding direct scoring893

and comparative ranking results:894

• Figure 10: Examples of concept explanations895

of confirmation bias generated by ten popular896

API-based and open-source LLMs.897

• Figure 11: Examples of concept explanations of898

confirmation bias generated by three lightweight899

aligned LLMs.900

• Figure 12: Assessment results on GPT-4.1-901

Mini’s concept explanation of confirmation bias902

using Gemini-2.5-Pro-as-a-evaluator.903
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PROMPT TEMPLATES:

Direct Scoring Prompt.
Role: You are an expert evaluator assessing explanations of concepts for a layperson without
sufficient knowledge of the field. Your task is to assess the quality of the explanation based on five
key principles.

Concept: [Concept]; Explanation: [Explanation]; Reference Definition: [Definition]

Evaluation Principles:

• Accuracy: Analyze the “Explanation” to identify the sentence(s) that define the concept. The
“Explanation” provides a faithful and accurate definition compared to the “Reference Definition”.

• Accessibility: It uses simple, everyday words and avoids technical jargon, acronyms, or academic
phrasing.

• Conciseness: It is direct and to the point, delivering valuable information without unnecessary
verbosity that could cause the user to lose interest.

• Demonstration: It uses analogies, stories, or real-world examples that connect the concept to
experiences the layperson would understand.

• Utility: It provides concrete, practical steps or suggestions that the user can realistically
implement in their life.

Scoring Guide (1-5 for each principle):

• 5 = Excellent - Fully meets the principle

• 4 = Good - Mostly meets the principle with minor shortcomings

• 3 = Adequate - Meets basic requirements but could be improved

• 2 = Poor - Significant shortcomings in meeting the principle

• 1 = Very Poor - Fails to meet the principle

Output Format:

• Accuracy: <score>

• Accessibility: <score>

• Conciseness: <score>

• Demonstration: <score>

• Utility: <score>

Provide only the scores in the “Output Format” with no additional text or explanation.

Figure 8: Prompt Templates for Direct Scoring.
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PROMPT TEMPLATES:

Comparative Ranking Prompt.
Role: You are an expert evaluator assessing explanations of concepts for a layperson without
sufficient knowledge of the field. Your task is to compare the quality of two explanations based on
five key principles.

Concept: [Concept]; Explanation: [Explanation]; Reference Explanation: [Reference
Explanation]; Reference Definition: [Definition]

Evaluation Principles:

• Accuracy: Analyze the “Explanation” and “Reference Explanation” to identify the sentence(s)
that define the concept. The “Explanation” and “Reference Explanation” provide faithful and
accurate definitions compared to the “Reference Definition”.

• Accessibility: It uses simple, everyday words and avoid technical jargon, acronyms, or academic
phrasing.

• Conciseness: It is direct and to the point, delivering valuable information without unnecessary
verbosity that could cause the user to lose interest.

• Demonstration: It uses analogies, stories, or real-world examples that connect the concept to
experiences the average person would understand.

• Utility: It provides concrete, practical steps or suggestions that the user can realistically
implement in their life.

Comparison Result (Win, Loss for each principle):

• Win = The quality of “explanation” is better than “Reference Explanation”

• Loss = The quality of “Reference Explanation” is better than “Explanation”

Output Format:

• Accuracy: <result>

• Accessibility: <result>

• Conciseness: <result>

• Demonstration: <result>

• Utility: <result>

Provide only the results in the “Output Format” with no additional text or explanation.

Figure 9: Prompt Templates for Comparative Ranking.
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MENTAL HEALTH CONCEPT: CONFIRMATION BIAS

DeepSeek-V3. Confirmation bias is when people unconsciously favor information that aligns with what they already
believe and disregard anything that challenges those beliefs. This matters because it can trap us in rigid ways of
thinking, making it harder to learn, adapt, or see situations objectively. For instance, someone convinced that their diet
is healthy might only focus on studies supporting their choices while ignoring research highlighting potential risks,
potentially harming their long-term well-being. Recognizing this bias helps us stay open to new perspectives and make
better-informed decisions.

Gemini-2.5-Flash. Confirmation bias is a common mental shortcut where we tend to notice, interpret, and
remember information that supports what we already believe, while often overlooking or dismissing anything that
challenges our existing views. Think of it like a mental filter that selectively lets in information that confirms our current
opinions. This bias is crucial to understand for our mental well-being because it can trap us in narrow ways of thinking,
making it hard to learn new things or change our minds, even when faced with new evidence. For example, if you’re
convinced a particular diet is the best, you might only read articles praising it and ignore any research that suggests
otherwise. This selective attention can prevent us from seeing the full picture, leading to poor decisions, reinforced
stereotypes, and a struggle to adapt our perspectives, ultimately limiting our personal growth and our ability to interact
effectively and empathically with a diverse world.

GPT-4.1-Mini. Confirmation bias is the natural tendency to favor information that supports what we al-
ready believe while disregarding anything that challenges those beliefs. This bias matters because it can shape our
view of the world in a way that isn’t fully accurate, potentially leading to poor decisions and limiting our ability to
grow or understand others. For example, a person convinced that a particular food is unhealthy might only notice and
remember evidence that agrees with them, ignoring research that says otherwise. Recognizing this bias helps us stay
open-minded and make better choices for our mental well-being.

o4-Mini. Confirmation bias is our mind’s habit of focusing on evidence that supports what we already think
and dismissing anything that challenges us. This bias can keep us stuck in wrong assumptions, affect our decisions, and
maintain unhelpful beliefs that harm our well-being. For example, if someone believes a coworker dislikes them, they
might remember every slight glance and ignore dozens of friendly interactions, strengthening their worry without valid
proof.

LLaMA-3.2-1B-instruct. Confirmation bias is a cognitive bias that occurs when we selectively seek out
and give more weight to information that confirms our existing beliefs, while ignoring or downplaying information
that contradicts them. This can lead to a distorted view of reality, as we tend to focus on the evidence that supports
our preconceived notions, rather than considering alternative explanations. For example, a person who believes that
climate change is a hoax may selectively read news articles that support their view, while ignoring or downplaying
articles that contradict their opinion, ultimately reinforcing their existing belief.

LLaMA-3.2-3B-instruct. Confirmation bias is like having a favorite sports team - you tend to watch games
that support your team’s wins and ignore the losses. In real life, this bias can lead to poor decision-making and a
narrow perspective. For example, if you’re a fan of electric cars, you might only read articles about their benefits and
ignore studies that highlight their limitations. By recognizing confirmation bias, you can make more informed decisions
and consider a wider range of perspectives.

Qwen-3-1.7B. This bias helps us make quick decisions by focusing on what we already believe, but it can
lead to poor judgment. For example, if you think ice cream causes cavities, you might ignore studies showing no link.
It’s a natural part of thinking, but it can cloud our ability to see reality clearly.

Qwen-3-4B. Confirmation bias skews our decisions by making us ignore contradictory evidence. For exam-
ple, if you believe a product is great, you might remember its positives but overlook its flaws, leading to poor choices.
It’s a mental shortcut that can cloud objectivity, like a chef who only tastes a dish once and assumes it’s perfect,
ignoring feedback from others.

Qwen-3-8B. Confirmation bias can skew our decisions and understanding by making us overlook facts that
challenge our views. For example, someone who believes in a certain political candidate might only follow news
sources that praise them, missing important criticisms, which can lead to poor judgment.

Qwen-3-14B. It’s like only listening to news that agrees with your opinions and tuning out the rest. This
can lead to poor decisions or misunderstandings because you’re not considering all the facts. For example, if you think
a certain political candidate is the best, you might only follow news that praises them, even if other sources show flaws.
This bias keeps you stuck in your own version of reality, making it harder to learn or change your mind.

Figure 10: Ten LLMs’ explanations of a mental health concept Confirmation Bias.
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MENTAL HEALTH CONCEPT: CONFIRMATION BIAS

Qwen-3-4B-SFT. Confirmation bias is when people tend to focus on information that confirms
what they already believe and ignore or question the validity of information that challenges their
views. This bias matters because it can limit a person’s ability to think critically, consider new
ideas, and make balanced decisions, which can affect their mental well-being and relationships.
For example, if someone believes that a certain type of food causes them allergies, they might only
pay attention to any symptoms they feel after eating that food and disregard any times they ate it
without issues, reinforcing their original belief.

Qwen-3-4B-DPO. It shapes how we process information, often leading to flawed deci-
sions. For instance, someone who only follows news sources matching their political views might
miss alternative viewpoints, reinforcing their existing stance despite contradictory facts.

Qwen-3-4B-ExpDPO. Confirmation bias is the tendency to search for and focus on in-
formation that supports what you already believe, while overlooking evidence that disagrees. It’s a
normal feature of how brains simplify a complex world. However, in mental health, it can make
anxiety, low mood, or low self-esteem feel “proven” even when the full picture is mixed. For
example, if you believe you’re failing, you may zoom in on mistakes and dismiss compliments or
successes, which strengthens the belief and can shape your choices. A practical way to counter
confirmation bias is to treat your belief like a hypothesis: deliberately collect evidence on both
sides, consider alternative explanations, and ask what you would notice if your belief were wrong.
Over time, this balanced approach can reduce emotional intensity and support more accurate,
compassionate self-understanding.

Figure 11: Three lightweight aligned LLMs’ explanations of a mental health concept Confirmation Bias.
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EVALUATION RESULTS OF CONFIRMATION BIAS FROM GEMINI-2.5-PRO:

LLM’s prompt for Direct Scoring:
Role: You are an expert evaluator assessing explanations of concepts for a layperson without
sufficient knowledge of the field. Your task is to assess the quality of the explanation based on five
key principles.

Concept: [Confirmation Bias]

Explanation: [Confirmation bias is the natural tendency to favor information that sup-
ports what we already believe while disregarding anything that challenges those beliefs ...]

Reference Definition: [Confirmation bias is a cognitive heuristic characterized by the
systematic tendency of individuals to preferentially seek, interpret, and recall information in a
manner that confirms their preexisting beliefs or hypotheses, while giving disproportionately
less consideration to alternative possibilities or contradictory evidence.]

Evaluation Principles: “...”; Scoring Guide: “...”; Output Format: “...”

Provide only the scores in the “Output Format” with no additional text or explanation.

LLM’s response:
Accuracy: <5>; Accessibility: <4>; Conciseness: <4>; Demonstration: <5>; Utility: <5>

LLM prompt for Comparative Ranking:
Role: You are an expert evaluator assessing explanations of concepts for a layperson without
sufficient knowledge of the field. Your task is to compare the quality of two explanations based on
five key principles.

Concept: [Confirmation Bias]

Explanation: [Confirmation bias is the natural tendency to favor information that sup-
ports what we already believe while disregarding anything that challenges those beliefs ...]

Reference Explanation: [Confirmation bias skews our decisions by making us ignore
contradictory evidence. For example, ...]

Reference Definition: [Confirmation bias is a cognitive heuristic characterized by the
systematic tendency of individuals to preferentially seek, interpret, and recall information in a
manner that confirms their preexisting beliefs or hypotheses, while giving disproportionately
less consideration to alternative possibilities or contradictory evidence.]

Evaluation Principles: “...”; Comparison Result: “...”; Output Format: “...”

Provide only the results in the “Output Format” with no additional text or explanation.

LLM response:
Accuracy: <Win>; Accessibility: <Win>; Conciseness: <Win>; Demonstration: <Win>;
Utility: <Win>

Figure 12: LLM evaluators’ prompt template and results on explanation of Confirmation Bias (generated by
GPT-4.1-Mini). We evaluate it with Gemini-2.5-Pro using Direct Scoring and Comparative Ranking. The reference
example is from Qwen-3-4B.
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