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Abstract001

Large Language Models (LLMs) have emerged002
as promising assistants for scientific writing.003
However, there have been concerns regarding004
the quality and reliability of the generated text,005
one of which is the citation accuracy and faith-006
fulness. While most recent work relies on007
methods such as LLM-as-a-Judge, the relia-008
bility of LLM-as-a-Judge alone is also in doubt.009
In this work, we reframe citation evaluation010
as a problem of citation attribution alignment,011
which assesses whether LLM-generated cita-012
tions match those a human author would in-013
clude for the same text. We propose CiteGuard,014
a retrieval-aware agent framework designed to015
provide more faithful grounding for citation016
validation. CiteGuard improves the prior base-017
line by 17%, and achieves up to 68.1% accu-018
racy on the CiteME benchmark, approaching019
human-level performance (69.7%). It also en-020
ables the identification of alternative but valid021
citations and demonstrates generalization abil-022
ity for cross-domain citation attribution.1023

1 Introduction024

“If I have seen further than others, it is by standing025

upon the shoulders of giants” — Isaac Newton.026

027

Scientific research often progresses by building028

on the foundation of prior knowledge. Therefore, a029

thorough and faithful literature review and citation030

attribution of claims are essential to understand the031

history and scope of a subject area, and ensure that032

new findings are properly contextualized (Salton033

and Bergmark, 1979; Snyder, 2019; Chigbu et al.,034

2023). However, conducting such practices has035

been increasingly difficult due to the rapid growth036

in the number of scientific publications (Larsen and037

Von Ins, 2010; Bornmann and Mutz, 2015). Re-038

cently, over 50 citation hallucinations were found039

1Our code is available at https://anonymous.4open.
science/r/CiteGuard-FCDC.

Figure 1: CiteGuard succeeds through expanded re-
trieval actions, whereas CiteAgent (Press et al., 2024)
fails due to OpenPDF access error.

Method Precision Recall F1

Zero-shot abstract 1.0 0.17 0.29
Few-shot abstract 1.0 0.16 0.27
Zero-shot full text 1.0 0.36 0.53
Few-shot full text 1.0 0.38 0.55

Table 1: ChatGPT-4o accuracy on citation attribution in
the CiteME benchmark.

in 300 ICLR 2026 submissions (Shmatko et al., 040

2025). 041

Large Language Models (LLMs) and LLM 042

agents have emerged as potentially useful tools to 043

alleviate the burden of researchers and support sci- 044

entific writing (Lu et al., 2024; Yamada et al., 2025; 045

Asai et al., 2024a; Wang et al., 2025). One of the 046

main concerns is hallucinations in LLM (Ji et al., 047

2023; Huang et al., 2025). For instance, LLMs can 048

generate up to 78-90% fabricated citations (Asai 049

et al., 2024a) and misattribute findings to incorrect 050

sources (Walters and Wilder, 2023). 051

Retrieval-augmented generation (Lewis et al., 052

2020; Fan et al., 2025) has been proposed to miti- 053
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Figure 2: CiteGuard takes an excerpt and performs searches to find a paper that best matches the missing citation.

gate hallucinations in LLM by retrieving external054

knowledge to validate the generated text during055

training data preparation or at inference time (Wang056

et al., 2024b; Asai et al., 2024a; Wang et al., 2024a,057

2025). LLM-as-a-Judge is often used to prepare058

training data (Asai et al., 2024a,b) or to evaluate059

generated text (Asai et al., 2024a; Wang et al.,060

2024b; He et al., 2025) as it is more scalable in prac-061

tice, despite the risk of bias and overdependence on062

LLMs’ capabilities (Ye et al., 2024; Thakur et al.,063

2024). LLM-as-a-Judge often assumes that the re-064

trieved knowledge used for the generation is avail-065

able, limiting the use case to evaluating retrieval-066

augmented output. Furthermore, it does not ac-067

count for situations where the evaluation requires068

grounding (Krumdick et al., 2025), such as broader069

textual understanding, cross-referencing multiple070

sources, or interpreting ambiguous claims.071

We conduct an evaluation of the reliability of072

LLM-as-a-Judge for citation attribution of human-073

written scientific claims and their references. Al-074

though LLMs can recognize apparently incorrect075

citations, they often reject correct citations due to076

limited domain-specific knowledge, resulting in a077

recall as low as 16-17% (Table 1). For instance,078

LLMs are are sensitive to minor variations in termi-079

nology (example in App. E). This could potentially080

lead to incorrect evaluation of existing methods and081

limit the performance of trained LLMs when the082

training data are filtered using LLM-as-a-Judge.083

We propose CiteGuard, an agent that provides084

more faithful and generalizable citation attribution085

through retrieval-augmented validation. Prior work,086

CiteAgent (Press et al., 2024) aims to accurately 087

cite scientific claims, although achieving accuracy 088

higher than direct prompting, CiteAgent’s accuracy 089

(35.3%), still falls short of human performance. 090

We propose additional tools (i.e, to search for the 091

context of the scientific claim and to perform a 092

more robust search for paper content) and resulting 093

in a +17% accuracy over CiteAgent under the same 094

settings. When paired with Deepseek-R1 (Guo 095

et al., 2025), CiteGuard can achieve performance 096

(68.1%) which approaches that of a human (69.7%). 097

Human evaluation indicates that CiteGuard can 098

suggest additional citations that were missed by 099

the original benchmark. Exploratory experiments 100

show that CiteGuard has the potential to generalize 101

to cross-domain and long paragraph settings. Our 102

contributions are: 103

• We propose CiteGuard, an agent that provides 104

faithful citation attribution by suggesting mul- 105

tiple appropriate references. 106

• We conduct a detailed analysis and collect hu- 107

man annotations of alternative citations that 108

are not captured by the current CiteME bench- 109

mark. We also collect 30 new samples to ex- 110

tend the benchmark to cover cross-domain 111

(biomedical) and long paragraph scenarios, 112

denoted as CiteMulti. 113

• We conduct experiments to show that Cite- 114

Guard significantly improves accuracy in find- 115

ing the correct reference, suggesting relevant 116

alternative citations, and that these abilities 117

have the potential to be generalized to cross- 118

domain and long paragraph scenarios. 119
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2 CiteGuard120

2.1 Problem Formulation121

We formulate the task of finding reference(s) for122

N excerpts x1, x2, ..., xN given a pool of n pos-123

sible reference candidates r1, r2, ...rn. We have124

a ground-truth labeling function y(xi) that can125

map any excerpt xi to a ground-truth reference126

r∗ : y(xi) = r∗. We also have another labeling127

function ŷ(xi) from human annotations that can128

map any excerpt xi to a set of k ground truth ref-129

erences r̂∗ = r̂1
∗, ..., r̂∗k: ŷ(xi) = r̂∗. This is dif-130

ferent from the CiteME (Press et al., 2024) setting,131

where there is only one ground truth reference.132

The goal of CiteGuard is to find a mapping func-133

tion fθ such that fθ(xi) ≈ y(xi),∀i = 1, ..., N .134

The accuracy is defined as:135

Acc(fθ) =
1

N

N∑
i=1

1[fθ(xi) = y(xi)] (1)136

The agreement is defined as:137

Agree(fθ) =
1

N

N∑
i=1

1[fθ(xi) ∩ ŷ(xi) ̸= ∅] (2)138

2.2 Reference Retrieval139

To obtain fθ, CiteGuard introduces new actions140

in addition to CiteAgent (Press et al., 2024). We141

provide the set of actions below (examples and142

prompts used can be found in App. A). These ac-143

tions are executed in a paper database D (i.e., Se-144

mantic Scholar), which we can query using a search145

query q, and the search result will be appended to146

R. Each paper P ∈ D contains a title and abstract147

content t ∈ P , and a body content, with text snip-148

pets denoted as pi ∈ P,∀i. The source paper that149

contains the excerpt is S. We present some of the150

examples for the actions in Figure 3.151

1. (search_)citation_count/relevance (adopted):152

Search for a query in the title and abstract fields,153

then sort the results by citation count/relevance,154

defined as155

Searchc(q,D) = argsortP∈D(count(t))156

Searchr(q,D) = argsortP∈D(rel(q, t))157

2. select (adopted): Select a paper from the search158

results, defined as159

Select(P ∈ R)160

3. find_in_text: Search for a query string within 161

the full text of a specified paper, defined as 162

Searcht(q, P ) = argsortp∈P (rel(q, p)) 163

164

4. ask_for_more_context: Retrieve the context 165

for an excerpt from the source paper, defined as 166

Searchcont(qi, S) = {qi−3, ..., qi+3}, qi ∈ S 167

168

5. search_text_snippet: Search for a query string 169

in the full text of papers, defined as 170

Searchsni(q,D) = argsortp∈P,P∈D(rel(q, p)) 171

2.3 Iterative Retrieval 172

Apart from finding only one reference, CiteGuard 173

can suggest multiple references when appropriate 174

to provide a better understanding of the current lit- 175

erature and facilitate comparative analysis. Every 176

run of CiteGuard suggests one appropriate refer- 177

ence, with subsequent runs searching for a new ap- 178

propriate reference. A researcher using this agent 179

can manually audit this iterative process and de- 180

cide when to stop or allow the agent to make the 181

decision. 182

Let Ak = {P (1), . . . , P (k)} denote the set of 183

papers selected during k iterations, and we define 184

the exclusion set Ek := Ak. At iteration k, the 185

searchable database is Dk := D \ Ek−1, i.e., all 186

retrieval actions that search over papers operate on 187

Dk. Concretely, we use the filtered versions of the 188

search actions: 189

Search¬Ec (q,D) = argsortP∈D\E
(
count(t)

)
, 190

Search¬Er (q,D) = argsortP∈D\E
(
rel(q, t)

)
, 191

Search¬Esni(q,D) = argsortp∈P, P∈D\E
(
rel(q, p)

)
. 192

Thus, once a paper P (k) is selected, it is ex- 193

cluded from all subsequent search_citation_count, 194

search_relevance, and search_text_snippet actions 195

by updating Ek ← Ek−1 ∪ {P (k)}. 196

3 Experiments 197

3.1 Benchmarking Citation Attribution for 198

Computer Science Excerpts 199

We evaluate CiteGuard on CiteME (Press et al., 200

2024), which contains 130 excerpts collected from 201

human-written manuscripts in different Computer 202
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Figure 3: Retrieving Actions. We define six retrieval actions to ensure the efficiency and accuracy of CiteGuard.

Easy(%) Medium(%) Med-Hard(%) Hard(%) All(%) ± σ Agree(%)

CiteAgent+GPT-4o - - - - 35.3* -

CiteGuard+GPT-4o 86.4 65.2 20.5 6.5 45.1 ± 2.7% 55.2
CiteGuard+DeepSeek-R1 95.5 87.0 71.8 15.2 68.1 ± 5.8% 66.7
CiteGuard+Gemini 81.8 43.5 16.7 0.0 34.2 ± 2.7% 40.6
CiteGuard+Kimi-K2 90.9 83.3 41.9 13.0 59.7 ± 2.1% 68.8
CiteGuard+Qwen3 81.6 68.8 43.6 10.1 53.1 ± 3.5% 62.5

Human - - - - 69.7* -

Table 2: CiteGuard accuracy in the CiteME benchmark averaged over 5 runs. In this table, ”Agree” denotes the
percentage of CiteGuard suggested citations that human annotations agree are relevant, and * denotes the number
reported by CiteAgent (Press et al., 2024).

Comparison ∆ Acc (%) P (∆ > 0) 95% CI

vs GPT-4o +17.7 0.99 [8.6, 25.9]
vs Gemini +31.2 1.00 [17.4, 37.7]
vs Qwen3 +18.9 0.99 [6.3, 25.1]
vs Kimi-K2 +5.4 0.87 [-3.9, 14.4]

Table 3: Bayesian paired comparisons (vs DeepSeek-
R1) among the CiteGuard variants from a single run
result.

Method BioMed(%) Long Para.(%) All(%)

CiteAgent 26.6 40.0 31.1
CiteGuard 28.3 46.6 34.4

Table 4: Agent accuracy in the CiteMulti benchmark,
averaged over 3 runs using Kimi-K2.

Science domains (i.e., computer vision, natural lan-203

guage processing, algorithms, theory), where each204

excerpt contains exactly one missing citation. The205

task is for the LLM agent to suggest an appropriate206

paper to fill in the missing citation.207

3.2 Benchmarking Citation Attribution for 208

Cross-Domain Excerpts 209

To explore CiteGuard’s robustness on other scenar- 210

ios, we collect 10 long multi-citation paragraphs 211

from Computer Science literature in addition to the 212

CiteME excerpts. For cross-domain robustness, we 213

collect 20 additional excerpts from the biomedi- 214

cal domain, each containing a single missing cita- 215

tion. The test samples are collected from PubMed 216

and manually verified for availability on Semantic 217

Scholar to ensure solution feasibility. Test sam- 218

ples cover various biomedicine domains, including 219

cancer, epidemiology, microbiome, and microbial 220

genomics. The combined dataset is denoted as 221

CiteMulti. 222

3.3 Evaluation Strategies 223

For all the evaluations, we follow the same 224

hyperparameter settings (e.g., temperature) as 225

CiteAgent (Press et al., 2024). 226
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We evaluate CiteGuard on both closed- and227

open-source models, including non-reasoning228

(GPT-4o (Hurst et al., 2024), Kimi-K2 (Team229

et al., 2025), Qwen3 (Yang et al., 2025), Gem-230

ini 2.0 Flash (Cloud, 2025)) and reasoning model231

(DeepSeek-R1 (Guo et al., 2025)), taking the aver-232

age of 5 run results.233

3.4 Difficulty Level Labels234

We label the sample with difficulty levels using the235

following criteria from the results of a single run:236

• Easy (22 excerpts): Correct for all models237

• Medium (46 excerpts): Correct for more than238

three out of five models239

• Medium-Hard (39 excerpts): Correct for no240

more than two out of five models241

• Hard (23 excerpts): Incorrect for all models242

We present some examples of excerpts in the more243

difficult levels in App. C.244

3.5 Human Assessment245

To evaluate the quality of alternative citations sug-246

gested by CiteGuard, we manually inspect the sug-247

gested citations from a single run for all the differ-248

ent settings (see Fig. 16 and Fig. 11 for examples).249

For each sampled claim, we ask at least two ex-250

pert annotators with backgrounds in computer sci-251

ence and scientific writing to independently judge252

whether the list of suggested citations produced253

by CiteGuard, backed by different LLMs, is an254

appropriate alternative. We defined an alternative255

citation as “appropriate” if it provides equivalent or256

stronger evidence for the scientific claim compared257

to the original reference. Inter-annotator agreement258

reports 72.7%, indicating high consistency among259

human annotators.260

4 Results261

4.1 CiteGuard Accurately Grounds Scientific262

Claims Through Enhanced Actions263

Results in Table 2 demonstrate that CiteGuard sub-264

stantially outperforms CiteAgent, improving the ac-265

curacy of retrieving the oracle citation by 12.3% on266

CiteME when both are powered by GPT-4o. When267

backed by open-source models DeepSeek-R1 and268

Kimi-K2, CiteGuard achieves up to 65.4% accu-269

racy, approaching the 69.7% human performance270

reported in CiteME (Press et al., 2024).271

We also present the Bayesian paired comparison272

results among CiteGuard variants using per-sample273

correctness outcomes from a single run in Table 3. 274

As shown in the results, DeepSeek-R1 demon- 275

strates strong posterior evidence of improved ac- 276

curacy over GPT-4o, Gemini, and Qwen3 (with 277

P (∆ > 0) ≥ 0.99 and the 95% credible intervals 278

above zero), while its advantage over Kimi-K2 is 279

smaller and not conclusive (P (∆ > 0) = 0.87 280

and the 95% credible interval overlaps with zero). 281

Since per-sample predictions are unavailable for 282

the original CiteAgent-reported statistics, Bayesian 283

tests are not applicable. 284

This improvement is driven by CiteGuard’s ex- 285

tended retrieval actions (§ 2.2), which make cita- 286

tion search more flexible and robust. As illustrated 287

in Fig. 1, while CiteAgent relies heavily on the 288

read action that assumes reliable PDF access, Cite- 289

Guard succeeds through introducing two key new 290

actions: (1) ask_for_more_context enables the 291

agent to proactively query for additional claim con- 292

text when the initial snippet is insufficient, and (2) 293

search_text_snippet allows searching directly 294

within paper contents. 295

There are two key advantages of 296

search_text_snippet: 297

• When relevant information is not explicit in a 298

paper’s title or abstract, search_text_snippet 299

can retrieve matches from the main content, 300

whereas earlier search actions rely solely on 301

title and abstract matching 302

• It does not require PDF access, which is of- 303

ten unavailable or difficult to parse in Se- 304

mantic Scholar. When PDF access fails, 305

agents may rely only on titles and abstracts 306

and make ill-informed selections. In con- 307

trast, search_text_snippet retrieves text di- 308

rectly from paper content and excludes papers 309

without accessible content, leading to more 310

robust retrieval. 311

This step-by-step reasoning, together with more 312

advanced actions, enables CiteGuard to accurately 313

identify the oracle citation where CiteAgent fails, 314

improving the accuracy and robustness of scientific 315

claim grounding, particularly in real-world citation 316

retrieval with complex long-range contexts. 317

4.2 CiteGuard Effectively Suggests 318

Alternative Citations 319

Through manual assessment, CiteGuard showcases 320

its ability to generate high-quality alternative ci- 321

tations beyond the original reference (Table 2). 322

Concretely, by using aggregated human annota- 323
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tions as a new oracle, Table 2 computes the agree-324

ment between CiteGuard’s suggested citations and325

human judgments. Across models, CiteGuard326

achieved substantial alignment with human evalu-327

ations, demonstrating its potential to identify rele-328

vant alternative literature.329

Notably, this ability is model-agnostic: both330

proprietary models like GPT-4o and open-source331

models like Qwen3 can effectively identify rele-332

vant alternatives. Fig. 16 demonstrates CiteGuard’s333

backward reasoning ability based on the excerpt.334

Fig. 11 further shows the lateral reasoning ca-335

pacity of CiteGuard, where CiteGuard effectively336

identifies highly related work as the oracle refer-337

ence suggested. We include some examples and338

more details about the human assessment process339

in App. D.340

4.3 CiteGuard Can Generalize to341

Cross-Domain Citation Attribution342

Results in Table 4 demonstrate CiteGuard’s poten-343

tial to generalize it’s ability to ground scientific344

claims to cross-domain and long paragraph scenar-345

ios. We note that the performance gain of Cite-346

Guard over the CiteAgent baseline on CiteMulti347

is smaller than that observed on CiteME. This is348

likely due to domain-specific distribution shifts and349

differences in citation styles. We discuss the lim-350

itations associated with the search engine in the351

limitations section.352

5 Analysis353

5.1 Effectiveness of Multi-Run354

To evaluate CiteGuard’s performance with itera-355

tive run ability enabled, we present the result of356

CiteGuard + Kimi-K2 on the CiteMe benchmark357

in Table 9. The result demonstrates that CiteGuard358

with iterative runs consistently improves accuracy,359

with diminishing yet still meaningful gains as the360

number of iterations increases. For the excerpt361

where only one particular citation is appropriate362

and is selected in prior runs, CiteGuard sometimes363

refuses to suggest a paper after exceeding the num-364

ber of actions, as the papers from the filtered search365

result are not relevant.366

5.2 Effectiveness of Each Action367

To demonstrate the contribution of each newly368

added action, we perform an ablation study369

for the two actions ask_for_more_context and370

search_text_snippet and present the result below.371

As shown in Table 7, introducing either action leads 372

to a substantial improvement over the CiteAgent 373

baseline, indicating that both additional context 374

elicitation and external evidence retrieval are ef- 375

fective for citation verification. In particular, the 376

search_text_snippet action yields a larger individ- 377

ual gain, suggesting that access to retrieved textual 378

evidence is particularly important. When both ac- 379

tions are enabled, CiteGuard achieves the highest 380

accuracy, indicating that the two actions comple- 381

ment each other. 382

5.3 Retrieval vs Long-Context 383

To demonstrate the effect of retrieving only rele- 384

vant parts of the paper versus providing the full 385

paper text, we run the CiteGuard+Kimi-K2 agent, 386

replacing the "find_in_text" action with the "read" 387

action and present the results in Table 8. With the 388

"read" action, the accuracy increased by 3.07%, at 389

the cost of 2× more tokens. The number of tokens 390

can be as large as 4× as shown in App.G.2. 391

Although reading the full paper content in con- 392

text can provide some benefits, it is at the cost of 393

significantly more tokens. When using CiteGuard, 394

users would need to determine whether to use re- 395

trieval or long-context based on the token budget. 396

5.4 Tradeoffs of Human in the Loop 397

When we perform the evaluation, 398

ask_for_more_context does not take input 399

from users, but instead returns the paragraph in the 400

source paper that contains the excerpt (with the 401

citation masked). However, for applications where 402

the excerpt is not taken from a paper but provided 403

by a researcher in the process of writing, the user 404

would have to provide some additional context 405

manually if needed. 406

We perform an ablation study by removing 407

ask_for_more_context action; the performance 408

difference is subtle (2%), but may be impor- 409

tant, depending on the use case. Although 410

ask_for_more_context and the full list of actions 411

are provided as default, there is an option to remove 412

some of the actions, making CiteGuard applicable 413

to different use cases. 414

5.5 Reasoning vs Non-Reasoning Models 415

Table 2 shows that the difference of open-sourced 416

reasoning (DeepSeek-R1) and non-reasoning 417

model (Kimi-K2) in overall performance; how- 418

ever, its advantage is not conclusive under Bayesian 419

paired testing (P = 0.87) as shown in Table 3. 420
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Model Avg. Input Tokens Avg. Output Tokens Avg. Cost / Sample ($) Platform

GPT-4o 17,931.8 1,705.8 0.12 OpenAI
DeepSeek-R1 (671B / 37B) 15,004.9 1,771.4 0.005 DeepSeek
Gemini-2.0-Flash 19,064.9 1,449.4 0.00 Google (free tier)
Kimi-K2 (1T / 30B) 15,451.4 826.7 0.017 Together AI
Qwen3 (235B / 22B) 14,598.8 936.8 0.003 Together AI

Table 5: Average token usage and API cost per sample for each evaluated model. Numbers are averaged over the
evaluation set. Model sizes are reported as total parameters / activated parameters where applicable.

# of Iterations Accuracy (%)

1 60.0
2 70.0% (+ 10.0%)
3 75.4% (+ 5.4%)

Table 6: CiteGuard+Kimi-K2 accuracy difference on
the CiteME benchmark when using iterative runs.

Method Accuracy (%)

CiteAgent 36.2%
CiteGuard (+ ask_for_more_context) 53.1%
CiteGuard (+ search_text_snippet) 57.7%
CiteGuard (+ both) 59.7%

Table 7: Accuracy difference on the CiteME benchmark
when using different sets of actions.

As demonstrated in the example (Fig. 4), a421

reasoning model tends to question itself ("But422

note:...However,...") and consider other avail-423

able actions, while a non-reasoning model would424

be more confident in its action ("I can still425

be confident that..."). Although the agent426

backed by both models eventually arrived at dif-427

ferent citations, both are deemed correct through428

human assessment, demonstrating that CiteGuard429

is not dependent on reasoning ability.430

5.6 CiteGuard vs Paper Finders431

An alternative to finding potential references using432

CiteGuard is to use a paper finder. We run AI2 Pa-433

per Finder (AI2, 2025) on CiteME and present the434

results in Table 10. AI2 Paper Finder searches and435

ranks the documents, which can result in a long list436

of papers, while CiteGuard operates in a setting that437

only produces one suggestion at a time. Therefore,438

we report AI2 Paper Finder’s accuracy by taking439

the top k-ranked documents, and CiteGuard’s top k440

performance from k separate (non-iterative) runs.441

We argue that CiteGuard matches Paper Finder in442

terms of accuracy, if not surpassing it. In partic-443

ular, the top 10 accuracy is 5.4 percentage points444

below the top 1 accuracy of CiteGuard+DeepSeek-445

R1, demonstrating that CiteGuard is more reliable,446

Method Accuracy (%) Avg # of Tokens

read 63.1 33,544.68
find_in_text 60.0 15,451.43

Table 8: CiteGuard+Kimi-K2 accuracy difference on
the CiteME benchmark when using different actions to
get information from the paper content.

Method Accuracy (%)

CiteGuard (w/o ask_for_more_context) 57.7%
CiteGuard (w/ ask_for_more_context) 59.7%

Table 9: CiteGuard+Kimi-K2 accuracy difference on
the CiteME benchmark when using different actions.

Top 1 Top 10

AI2 Paper Finder 38.5 60.0

Ours+Gemini 36.9 44.7
Ours+DeepSeek-R1 65.4 71.5

Table 10: AI2 Paper Finder (AI2, 2025)’s accuracy (%)
on CiteME compared to CiteGuard.

which is likely because it incorporates the context 447

of the excerpt. 448

5.7 Cost Analysis 449

We provide the average number of tokens and the 450

API cost per sample for each model we evaluated 451

in Table 5. Overall, CiteGuard incurs relatively 452

modest inference cost. The best-performing model, 453

DeepSeek-R1, has an average API cost of approxi- 454

mately $0.005 per citation, which is substantially 455

lower than GPT-4o ($0.12 per citation). These 456

results suggest that CiteGuard’s performance im- 457

provements are achieved without incurring dispro- 458

portionate inference cost, supporting its practicality 459

and scalability. 460

6 Related Work 461

6.1 Retrieval-Augmented Generation and 462

LLMs for Scientific Research 463

Retrieval Augmented Generation (RAG) models 464

were first introduced as models that can combine 465
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DeepSeek-R1: ... But note: the excerpt says
"the raw image could be fed directly into the
reinforcement learning algorithm through a
series of convolutions". This is exactly what
DQN did. However, let’s break it down: -
The citation is likely for the method of using
convolutions to process raw images in RL,
not necessarily the entire RL algorithm...

Kimi-K2: ...I can still be confident that its
abstract already declares it is the first deep
learning model to successfully learn control
policies directly from high-dimensional sen-
sory input, where input is raw pixels...

Figure 4: CiteGuard thought example when backed
by reasoning model (DeepSeek-R1) and non-reasoning
model (Kimi-K2)

parametric and non-parametric memory (Lewis466

et al., 2020). Recently, RAG has shown to be a467

promising direction toward mitigating hallucina-468

tions and other challenges in knowledge-intensive469

tasks for LLMs (Borgeaud et al., 2022; Gao et al.,470

2023). One application is the use of LLMs/LLM471

Agents to assist human researchers, such as knowl-472

edge discovery, proposing ideas, carrying out exper-473

iments, scientific writing, conducting reviews, or474

even transforming paper into interactive agents (Lu475

et al., 2024; Yamada et al., 2025; Miao et al., 2025).476

As part of the effort to mitigate the hallucination is-477

sue in LLMs for scientific writing, RAG-aware fine-478

tuned LLMs for literature summaries have been479

introduced (Asai et al., 2024a; Wang et al., 2025).480

6.2 Citation Suggestion481

There have been different approaches to citation482

recommendation before the era of LLMs, including483

information retrieval (Färber and Sampath, 2020)484

and neural networks (Ebesu and Fang, 2017; Yang485

et al., 2018; Jeong et al., 2020). These methods re-486

quire re-training and do not account for the rapidly487

updating paper database. In light of this, LLM488

agentic workflow (Press et al., 2024) has been489

proposed to enable access to a real-time paper490

database.491

In this work, we adopted the CiteAgent (Press492

et al., 2024) framework, where retrieval is per-493

formed through tool calls to the Semantic Scholar494

API, which we treat as a black box for retrieval.495

This approach would benefit from further improve-496

ments in the retrieval pipeline of the API. The497

framework is built to enable multiple rounds of 498

retrieval and reading, with the choice of action de- 499

pendent on the agent’s own decision following its 500

thought, similar to the ReAct approach (Yao et al., 501

2023). CiteGuard uses RAG to provide better eval- 502

uation for LLM-generated literature summaries. 503

6.3 LLM-as-a-Judge 504

Evaluation of LLM-generated text has traditionally 505

been carried out by humans. Collecting human an- 506

notations is costly and not scalable. To overcome 507

this issue, LLM-as-a-Judge was introduced to au- 508

tomate the evaluation process (Zheng et al., 2023). 509

Due to the improved scalability, LLM-as-a-Judge 510

has been widely used to evaluate LLM-generated 511

scientific writing. For instance, OpenScholar (Asai 512

et al., 2024a) uses LLM-as-a-Judge to filter and 513

refine LLM-synthesized training data. However, 514

LLM-as-a-Judge exhibits bias (Ye et al., 2024; Gu 515

et al., 2024) or sensitivity to prompt (Thakur et al., 516

2024). Moreover, LLM-as-a-Judge often requires 517

a text snippet of the citation under review, which 518

limits its use case for scenarios where the text snip- 519

pets used during generation are not available. In 520

this work, we explore expanding LLM-as-a-Judge 521

to include RAG to alleviate biases and provide a 522

more robust evaluation in cases where relevant text 523

snippets are not directly available. A similar idea 524

is Agent-as-a-Judge (Zhuge et al., 2024) targeting 525

the task of automated code generation for AI devel- 526

opment. 527

7 Conclusion and Future Directions 528

We observe the limitation in using LLM-as-a-Judge 529

for citation attribution of scientific writing and pro- 530

pose CiteGuard agent to provide a more faithful ci- 531

tation attribution through retrieval-augmented vali- 532

dation. We show the reliability of CiteGuard in find- 533

ing correct citations to be approaching human per- 534

formance, and the alternative citations suggested 535

by CiteGuard are deemed relevant by human anno- 536

tators. We further demonstrate CiteGuard’s ability 537

to generalize across domains. 538

Faithful attribution is critical to the integrity of 539

scientific communication, and the research commu- 540

nity is placing increasing emphasis on accurate, ver- 541

ifiable citation attribution. We envision CiteGuard 542

as one of the components in future scientific writ- 543

ing and review pipelines, to mitigate hallucinated 544

citations and promote more trustworthy scholarly 545

literature. 546
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Limitations547

Currently, the implementation of CiteGuard is548

based on the Semantic Scholar API, which causes549

CiteGuard’s performance to be limited by the cov-550

erage of the database and the ability of the retrieval551

pipeline of the API. One future direction of Cite-552

Guard is enabling the use of other research litera-553

ture databases and retrieval pipelines. Although we554

have shown that CiteGuard agent works well with555

both open-sourced and closed-sourced, both rea-556

soning and non-reasoning models, we have not yet557

explored its performance on smaller open-sourced558

models (e.g., models with less than 1B parameters)559

due to the limitation of time. We plan to conduct560

such an analysis and evaluate how much CiteGuard561

depends on the models’ size.562

Ethical considerations563

Our work aims to promote a more faithful ci-564

tation attribution for scientific writing, regard-565

less of machine-generated or human-generated.566

The framework relies on Large Language Mod-567

els, which may exhibit systemic biases in research568

communities, such as geographic and linguistic bi-569

ases. Although our method is model-agnostic, we570

acknowledge that mitigating these biases is still an571

open challenge. Future work includes better rep-572

resentation of under-cited or non-English sources.573

Our framework uses Semantic Scholar, which is an574

open-access research tool for scientific literature,575

through its API. We have not used any private or576

sensitive data. All human annotators (including the577

authors) participated in a voluntary manner, with578

their identities kept anonymous during the analy-579

sis.580
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A CiteGuard773

A.1 Prompts774

The system prompt (Fig. 5) and examples provided775

in the prompt for each newly added actions (Fig. 6,776

Fig. 7 and Fig. 8) are presented below.777

B Examples of CiteGuard Short778

Trajectories779

We evaluate the risk of contamination which means780

the models are aware of the citation beforehand781

and does not use search tools to accomplish the782

task. We manually select some successful short783

trajectories which are more likely to be an indica-784

tion of contamination and put the examples in Fig.785

9 and 10. Although these successful trajectories786

are short, we have not found any instances where787

the agent knows the ground-truth citation in ad-788

vance and directly searches for the target citation.789

Instead, in these trajectories, both agents compose790

a generic search query and identify the appropriate791

references from the list of search results.792

C Difficulty Level Labels793

• Easy: Several studies demonstrate the fragility794

of convolutional networks on simple corrup-795

tions. For example, [CITATION] apply im-796

pulse noise to break Google’s Cloud Vision797

API. (Ground-Truth: Google’s cloud vision798

api is not robust to noise)799

• Medium: To address this, [CITATION]800

introduced Adversarial Filtering (AF). An801

overview is shown in Figure 2. The key idea802

is to produce a dataset D which is adversarial803

for any arbitrary split of (D_train), (D_test).804

(Ground-Truth: Swag: A Large-Scale Adver-805

sarial Dataset for Grounded Commonsense806

Inference)807

• Medium-Hard: Even if we assume fixed fil-808

ters using a combination of the above, our809

probabilistic formulation still allows learning 810

the parameters of the GSM experts from data 811

as outlined below. Consequently, we do not 812

need to tune the trade-off weights between the 813

brightness and gradient constancy terms by 814

hand as in [CITATION]. (Ground-Truth: High 815

Accuracy Optical Flow Estimation Based on 816

a Theory for Warping) 817

• Hard: RCA [CITATION] is intermediate be- 818

tween PCA and LDA in its use of labeled data. 819

Specifically, RCA makes use of so-called 820

“chunklet” information, or subclass member- 821

ship assignments. (Ground-Truth: Adjust- 822

ment learning and relevant component analy- 823

sis) 824

D Human Assessment On CiteGuard 825

Alternative Citations 826

Examples in Fig. 1, 11, and 16, suggest that Cite- 827

Guard’s extended retrieval actions and strategies 828

not only improve the accuracy of original citation 829

retrieval, but also expand the searching capacity 830

to identify functionally equivalent references, sup- 831

porting richer scholarly grounding with enhanced 832

accuracy and robustness. Importantly, our man- 833

ual analysis (Table 2 and Figures 11 & 16) reveals 834

that CiteGuard is capable of both lateral reason- 835

ing (Fig. 11) and backward reasoning (Fig. 16), 836

behaviors that traditional citation retrieval systems 837

typically lack. 838

• Backward Reasoning: While focusing on 839

more recent publications, CiteGuard is capa- 840

ble of identifying citations of previous years 841

written by the same author (Fig. 16). 842

• Lateral Reasoning: CiteGuard suggests peer 843

or related work along with its identification 844

of best-match citations (Fig. 11), providing 845

effective citation finding and alternative sug- 846

gestions. 847

E LLM-As-A-Judge Failure 848

Evaluation Prompt. For the evaluation of Open- 849

Scholar citation attribution, we guide the LLM 850

judge through the prompt in Fig. 12. 851

Failure Example We show how LLM judge can 852

fail in its evaluation of assessment as a result of 853

missing terminology nuances (Fig.13). 854
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You are given an excerpt from a paper, where a citation was deleted. I’m trying to find the citation
(ignore the word [CITATION], that’s just where the citation was deleted from. You will be asked to
help me find the paper from which the citation was deleted. You are equipped with the following
tools that will help you in your task: you can search, you can select to find a keyword in a paper
from the search results, or you can select a paper as your final answer.
<FORMAT_INSTRUCTIONS>
Your responses have to include one of the actions above. Before you take any action, provide your
thoughts for doing so. Do not include anything other than your thoughts and an action in your
responses. You must include exactly one action in your responses.
Keep in mind that you can only find keyword in papers or select papers after you search. You
can always search, and then search again. You can also find different keywords in a few papers
consecutively, without searching again (as long as the papers appeared in your last search).
If your search does not return any relevant results, please try the following: 1. Adjust your query to
focus on individual parts of the claim separately, rather than the entire sentence. It is likely that
the citation supports only the immediate preceding concept, not the full claim. Use simpler, more
general search queries with fewer words (around 3). 2. Avoid overly specific or plural terms—use
base forms of key concepts to improve match quality. For example, “We apply contrastive learning
to improve the representation quality of a ResNet-based encoder [CITATION].", the citation is most
likely for ResNet instead of covering both contrastive learning and ResNet. 3. Change to search
by text snippets. You should respond with the following, and use the paper title to do subsequent
search.

Figure 5: CiteGuard System Prompt

F LLM Generation Failure855

By examining LLM-generated outputs, we also856

observe failures due to their lack of important el-857

ements. For example, Fig. 14 illustrates an LLM858

generation failure as a result of missing alternative859

citations.860

G Examples of CiteGuard861

G.1 Suggestion On Alternatives.862

CiteGuard is capable of suggesting meaningful al-863

ternatives (Fig.11, and Fig.16). An example of a864

case where alternative citations are not appropriate865

is as follows.866

• Zephyr-7B-Beta [CITATION] is an867

instruction-tuned version of Mistral-7B.868

(Ground-Truth: Zephyr: Direct Distillation of869

LM Alignment)870

G.2 Retrieval vs Long-Context.871

We present an example of the CiteGuard+GPT-4o872

agent when using the "read" action instead of the873

"find_in_text" action in Fig. 15, where the number874

of tokens can be as large as 4x. This is due to the875

additional tokens required when reading multiple876

full papers in context.877

H Human Annotators 878

All human annotators are graduate students pursu- 879

ing master’s or doctoral computer science degrees 880

at universities where English is the primary lan- 881

guage of instruction. 882

The annotators evaluated suggested citations 883

along two axes: 884

• Relevance: Whether the cited paper gen- 885

uinely supports the claim. 886

• Sufficiency: Whether the suggested citation 887

can reasonably replace the original in schol- 888

arly writing. 889

Each human annotator was informed that 890

the data collected would be used for a paper 891

submission. The instruction given to the human 892

annotators is as follows: 893

894

Please review each excerpt below and: 895

1. Select all papers that would be suitable for use 896

as citations in the given excerpt context 897

2. If none of the papers are suitable, please 898

choose "None of the above" 899

12



The excerpt is from paper title "Learning Deep Features for Discriminative Localization": In this
section, we evaluate the localization ability of CAM when trained on the ILSVRC 2014 benchmark
dataset [CITATION]
You would respond with: { "reason": "The excerpt is not sufficient to determine whether the citation
refers to the ILSVRC 2014 benchmark dataset or the CAM’s localization ability. Let’s ask for
more context to clarify the scope of the citation.", "action": { "name": "ask_for_more_context",
"query": "In this section, we evaluate the localization ability of CAM when trained on the ILSVRC
2014 benchmark dataset [CITATION]" "paper_title": "Learning Deep Features for Discriminative
Localization" } }
You will then be given the following input: 3. Weakly-supervised Object Localization In this
section, we evaluate the localization ability of CAM when trained on the ILSVRC 2014 benchmark
dataset [20]. We first describe the experimental setup and the various CNNs used in Sec. 3.1. Then,
in Sec. 3.2 we verify that our technique does not adversely impact the classification performance
when learning to localize and provide detailed results on weakly-supervised object localization.
You would respond with: { "reason": "With the additional context, it is now clear that the citation
refers specifically to the ILSVRC 2014 benchmark dataset. The cited paper seems to be the
ImageNet dataset paper. We’ll do a search to make sure.", "action": {...} }

Figure 6: CiteGuard ask_for_more_context Prompt

You would then reply: { "reason": "Paper cbb19236820a96038d000dc629225d36e0b6294a seems
to directly mention the ILSVRC 2014 benchmark in the abstract. Though we can use ILSVRC
2014 as the query, but fewer words is better, so we only use ILSVRC as the query.", "action": {
"name": "find_in_text", "paper_id": "cbb19236820a96038d000dc629225d36e0b6294a" "query":
"ILSVRC" }}
You would then be given the following input:
Based on this work, we attended the competition of ILSVRC 2014 [26]

Figure 7: CiteGuard find_in_text Prompt

You should respond with the following, and use the paper title to do subsequent search: { "reason":
"Due to the unsuccessful paper search, let’s search by text snippets instead", "action": { "name":
"search_text_snippet", "query": "ILSVRC 2014" } } You will then be given the following input: -
Title: Spatial Pyramid Pooling in Deep Convolutional Networks for Visual Recognition Section:
Abstract Snippet: In ImageNet Large Scale Visual Recognition Challenge (ILSVRC) 2014, our
methods rank #2 in object detection and #3 in image classification among all 38 teams.

Figure 8: CiteGuard search_text_snippet Prompt

I Use of AI Assistants900

The AI assistant (i.e., Grammarly) is used for the901

writing of this manuscript. All content was crit-902

ically reviewed and revised by human authors to903

ensure scientific accuracy and originality.904
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system: ...

user: You are now given an excerpt. Find me the paper cited in the excerpt, using the tools described
above. Please make sure that the paper you select really corresponds to the excerpt: there will be
details mentioned in the excerpt that should appear in the paper. If you read an abstract and it seems
like it could be the paper we’re looking for, read the paper to make sure. Also: sometimes you’ll
read a paper that cites the paper we’re looking for. In such cases, please go to the references in
order to find the full name of the paper we’re looking for, and search for it, and then select it.
In the spirit of transductive bandits [CITATION] we consider a more general setting where answers
are sets of arms. The set of actions and the set of answers can be different.

assistant: {"reason": "The excerpt mentions ’transductive bandits’ as the key concept that the
citation refers to. Since this is a specific term, I’ll start by searching for papers on transductive
bandits to find the foundational work.", "action": {
"name": "search_relevance",
"query": "transductive bandits"
}}

user: ...

assistant: {"reason": "The excerpt introduces ’transductive bandits’ as an existing concept and
extends it to a setting where answers are sets of arms. Among the search results, Paper ID
4f0d485cbcde840533f23f0c8b0f3fa1ca2d74df directly introduces the transductive linear bandit
problem, explicitly defining the scenario where measurement vectors (actions) and items (answers)
can be different sets. This matches the excerpt’s description of distinct action/answer sets. Other
papers either apply transductive learning in different domains (e.g., text classification, video
segmentation) or focus on variants like federated bandits without defining the core concept.",
"action": { "name": "select", "paper_id": "4f0d485cbcde840533f23f0c8b0f3fa1ca2d74df" }}

Figure 9: CiteGuard+Deepseek Short trajectory (history length: 5)
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system: ...

user: You are now given an excerpt. Find me the paper cited in the excerpt, using the tools described
above. Please make sure that the paper you select really corresponds to the excerpt: there will be
details mentioned in the excerpt that should appear in the paper. If you read an abstract and it seems
like it could be the paper we’re looking for, read the paper to make sure. Also: sometimes you’ll
read a paper that cites the paper we’re looking for. In such cases, please go to the references in
order to find the full name of the paper we’re looking for, and search for it, and then select it.
Our evaluation follows the protocol of [CITATION], a recent inpainting model that introduces a
specialized architecture relying on Fast Fourier Convolutions [8]

assistant: Okay, now I need to locate the paper that (a) is specifically an image-inpainting model and
(b) centres its method on Fast Fourier Convolutions. Because the excerpt does not specify the title,
I’ll start by issuing a highly-targeted search that includes both key phrases.{"reason": "The excerpt
identifies the missing citation as recent inpainting model that introduces a specialised architecture
relying on Fast Fourier Convolutions [8]. The query must combine both aspects inpainting task
and Fast Fourier Convolutions to find the exact paper.", "action": {"name": "search_relevance",
"query": "Fast Fourier Convolution inpainting model"}}

user: ...

assistant: {"reason": "The excerpt calls for the recent inpainting model whose key novelty is
Fast Fourier Convolution, and abstract fdf7012ebe9d4c4d2d93004613e7a19f69a83a93 directly
fits that description: it introduces a network that uses fast Fourier convolutions (FFCs) to obtain
image-wide receptive fields for large-hole inpainting.", "action": { "name": "select", "paper_id":
"fdf7012ebe9d4c4d2d93004613e7a19f69a83a93" }}

Figure 10: CiteGuard+Kimi-K2 Short trajectory (history length: 5)

Excerpt: For a comprehensive evaluation, we test on 19 datasets spanning a wide range of object,
scene and fine-grained categories: ImageNet [18], StanfordCars [43], UCF101 [68], Caltech101
[25], Caltech256 [32], Flowers102 [56], OxfordPets [CITATION], Food101 [7], SUN397 [75],
DTD [14], EuroSAT [37], FGVCAircraft [51], Country211 [61], CIFAR-10 [44], CIFAR-100 [44],
Birdsnap [5], CUB [72], ImageNet-Sketch [73] and ImageNet-R [38]."

Oracle Reference: Cats and dogs (2012)
CiteGuard Suggestion: The truth about cats and dogs (2011)

Figure 11: Example of CiteGuard Suggested Alternative Citations
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As an Attribution Validator, your task is to
verify whether a given reference can support
the given claim. A claim can be either a
plain sentence or a question followed by
its answer. Specifically, your response
should clearly indicate the relationship:
Attributable, Contradictory or Extrapolatory.
A contradictory error occurs when you
can infer that the answer contradicts the
fact presented in the context, while an
extrapolatory error means that you cannot
infer the correctness of the answer based on
the information provided in the context.

Claim: claim
Reference: reference

Figure 12: OpenScholar citation attribution evaluation
prompt to LLM

Claim: This technique of lower bounding
mutual information is known as Variational
Information Maximization [CITATION].

Reference: The IM Algorithm: A
variational approach to Information
Maximization. . . .

LLM judgement: Extrapolatory. Cannot in-
fer the correctness of the answer based on
the information provided in the context.

Figure 13: LLM mistakenly judges a correct citation
correct due to the slight difference in terminology

However, LLMs . . . may lack compara-
tive analysis, organizational structure, and
key elements (Li et al. 2024). To address
these challenges, . . . , ChatCite, . . . (Li et
al. 2024).

Figure 14: Example of an issue in a LLM-generated
text: missing alternative citations (multiple papers other
than ChatCite also address comparative analysis)

Excerpt: A second consideration is how
to treat the image itself: the raw image
could be fed directly into the reinforcement
learning algorithm through a series of
convolutions[CITATION].

CiteGuard-Read:
Total Input Tokens(75900)
Select: Reward learning from human
preferences and demonstrations in Atari

CiteGuard-Find-In-Text:
Total Input Tokens(19182)
Select: Fully Convolutional Network with
Multi-Step Reinforcement Learning for Im-
age Processing

Figure 15: CiteGuard example when using "read" vs
"find_in_text"

Excerpt: We learn π using behavioral
cloning [CITATION], which optimizes π
by minimizing the negative log-likelihood
of actions given the images and language
instructions.

Oracle reference:
Alvinn: An autonomous land vehicle in a
neural network (1988)
CiteGuard suggestion:
A Framework for Behavioural Cloning
(2001)

Figure 16: Alternative citation suggested by CiteGuard,
both are relevant according to human annotations.
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