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Abstract001

The accurate extraction of scientific measure-002
ments from literature is a critical yet challeng-003
ing task in AI4Science, enabling large-scale004
analysis and integration of quantitative research005
findings. However, Large Language Models006
(LLMs) frequently exhibit severe hallucina-007
tions, which significantly undermine the reli-008
ability of automated scientific document un-009
derstanding systems. To address this problem,010
we propose MEASHALU, a novel framework011
for mitigating scientific measurement halluci-012
nations through enhanced reasoning and tar-013
geted optimization. We first present a fine-014
grained taxonomy of measurement-specific hal-015
lucinations, categorizing errors across quan-016
tities, units, modifiers, and relations. Our017
approach incorporates a two-stage reasoning-018
aware fine-tuning strategy using augmented sci-019
entific data and process-based supervision. Fur-020
thermore, we introduce a progressive reward021
curriculum designed to penalize specific hallu-022
cination types, significantly improving extrac-023
tion faithfulness. Experimental results demon-024
strate that MEASHALU substantially reduces025
hallucination rates and improves overall accu-026
racy on the MeasEval benchmark. This work027
provides a targeted solution to a key bottle-028
neck in automated scientific knowledge extrac-029
tion, facilitating more trustworthy and scalable030
machine-assisted scientific literature analysis.031

1 Introduction032

The rapid expansion of scientific literature has cre-033

ated an unprecedented demand for reliable auto-034

matic extraction of quantitative knowledge, which035

lies at the core of modern AI4Science applica-036

tions such as large-scale meta-analysis, knowledge037

base construction, and autonomous scientific dis-038

covery (Hanson et al., 2024; Chen et al., 2025).039

Central to this process is scientific measurement040

extraction—the task of identifying numerical quan-041

tities, their units, modifiers, and their relationships042

Figure 1: Motivation of MeasHalu. To rectify parsing
failures, we propose a taxonomy-based approach to mit-
igate quantity and relation hallucinations.

to measured entities and properties. These quantita- 043

tive statements form the evidential backbone of ex- 044

perimental sciences across disciplines ranging from 045

materials science to biomedical research (Berrahou 046

et al., 2013; Kononova et al., 2021). Although re- 047

cent Large Language Models (LLMs) have demon- 048

strated remarkable generalization abilities, they 049

continue to perform unreliably on this task (Foppi- 050

ano et al., 2024): even minor hallucinations in quan- 051

tities or relations can invalidate entire experimental 052

conclusions, severely limiting the trustworthiness 053

of LLM-driven scientific understanding systems. 054

A key challenge underlying this failure is that 055

measurement hallucinations differ fundamentally 056

from general textual hallucinations. Unlike open- 057

domain factual errors, measurement hallucinations 058

exhibit fine-grained structural failures: models fab- 059

ricate nonexistent values, misassociate quantities 060

with wrong entities, overlook crucial qualifiers, or 061

distort relations between scientific variables (Saier 062

et al., 2024). Existing hallucination mitigation tech- 063

niques, such as retrieval augmentation (Lewis et al., 064
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2020), generic instruction tuning, or conversational065

verification (Polak and Morgan, 2024), remain in-066

sufficient, as they are not designed to enforce the067

strict grounding and structural consistency required068

by scientific measurements. Yet, despite the impor-069

tance of this problem, current research lacks both070

a systematic analysis of measurement-specific hal-071

lucination phenomena and targeted learning mech-072

anisms for their mitigation. For instance, even073

state-of-the-art LLM-based extraction systems of-074

ten compromise faithfulness by generating implicit075

information that is absent from the original text,076

such as inferring chemical formulas (Dagdelen077

et al., 2024).078

In this work, we present MEASHALU, a079

reasoning-enhanced framework that explicitly mod-080

els and suppresses scientific measurement halluci-081

nations in LLMs. Our central insight is that hallu-082

cinations in this domain arise from two intertwined083

sources: (1) unreliable quantitative reasoning that084

corrupts individual quantities and units, and (2)085

fragile long-range relational reasoning that breaks086

the alignment between quantities, entities, and sci-087

entific properties. MEASHALU addresses these088

failure modes through a unified learning pipeline089

that combines reasoning-aware supervised fine-090

tuning with targeted reinforcement learning via091

structured reward shaping, thereby internalizing092

scientific grounding constraints directly into model093

parameters.094

Concretely, MEASHALU introduces a fine-095

grained taxonomy of measurement hallucinations,096

and leverages this analysis to design a progres-097

sive optimization strategy: an initial supervised098

stage that standardizes quantitative reasoning and099

extraction structure, followed by Group Relative100

Policy Optimization (GRPO) with carefully con-101

structed rewards that penalize fabrication, out-of-102

scope predictions, misclassification, and relational103

incompleteness. Our framework is developed on104

top of the MeasEval annotation schema (Harper105

et al., 2021a) and integrates external quantity val-106

idators, including CQE (Almasian et al., 2023a)107

and Quantulum1, during training. Extensive ex-108

periments on the MeasEval benchmark and our109

newly constructed MeasEval-Ext dataset demon-110

strate that MEASHALU substantially reduces hallu-111

cination rates and consistently outperforms strong112

supervised baselines and proprietary LLMs. Fur-113

thermore, we show that MEASHALU functions as a114

1https://github.com/nielstron/quantulum3

reliable external measurement extraction tool that 115

significantly improves performance on downstream 116

embodied scientific tasks, validating its practical 117

utility for trustworthy AI4Science systems. 118

Our contributions are summarized as follows: 119

We provide the first fine-grained analysis of sci- 120

entific measurement hallucinations in large lan- 121

guage models, revealing their structural nature and 122

identifying two fundamental sources of failure: un- 123

reliable quantitative reasoning and fragile relational 124

grounding. 125

We propose MEASHALU, a unified reasoning- 126

enhanced learning framework that systematically 127

suppresses measurement hallucinations by integrat- 128

ing reasoning-aware supervised fine-tuning with 129

targeted reinforcement learning via structured re- 130

ward shaping. 131

We construct a new out-of-distribution eval- 132

uation benchmark, MEASEVAL-EXT, and 133

demonstrate through extensive experiments that 134

MEASHALU substantially reduces hallucination 135

rates and consistently outperforms strong super- 136

vised baselines and proprietary LLMs on scientific 137

measurement extraction. 138

We further show that MEASHALU serves as a 139

reliable external measurement extraction tool that 140

significantly improves performance on downstream 141

embodied scientific tasks, validating its practical 142

utility for trustworthy AI4Science systems. 143

2 Related Work 144

2.1 Hallucinations in Large Language Models 145

Hallucination, where language models gener- 146

ate ungrounded or factually incorrect content, 147

has been extensively studied in general-purpose 148

LLMs (Huang et al., 2025). Most prior work fo- 149

cuses on semantic and factual hallucinations in 150

open-ended generation (Ji et al., 2023), with typi- 151

cal taxonomies including fabrication, inconsistency, 152

and logical errors (Li et al., 2025). However, these 153

taxonomies are largely developed for free-form 154

text generation and do not capture the structural 155

requirements of measurement extraction, where 156

numerical faithfulness, unit consistency, and entity- 157

quantity relational grounding are essential. We 158

address this gap by proposing a fine-grained tax- 159

onomy of measurement-specific hallucinations and 160

designing mitigation mechanisms tailored to these 161

failure modes. 162
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2.2 General Information Extraction vs.163

Measurement Extraction164

Information extraction (IE) and named entity recog-165

nition (NER) are foundational NLP tasks (Nadeau166

and Sekine, 2007). While early systems relied on167

rule-based and feature-engineered pipelines, mod-168

ern approaches increasingly leverage neural archi-169

tectures and pre-trained language models. Never-170

theless, scientific measurement extraction poses ad-171

ditional constraints beyond conventional IE: mod-172

els must accurately capture numerical values, units,173

and modifiers, and preserve their structured rela-174

tions to measured entities and properties under175

strict grounding. These constraints make the task176

particularly sensitive to hallucinations and motivate177

learning objectives that explicitly penalize fabrica-178

tion, mis-scoping, and relational incompleteness.179

2.3 Scientific Measurement Extraction and180

Benchmarks181

Scientific information extraction has been ad-182

vanced by datasets such as SCIERC (Luan et al.,183

2018) and MEASEVAL (Harper et al., 2021b).184

Among them, MEASEVAL provides the most fine-185

grained annotation schema for scientific measure-186

ments, including quantities, units, modifiers, and187

their relations, and has become a key benchmark188

for evaluating measurement extraction systems. De-189

spite progress, numerically grounded and relation-190

consistent extraction remains challenging, espe-191

cially for complex sentences containing multiple192

measurements and implicit constraints. Our work193

builds on the MEASEVAL schema and targets these194

persistent failure modes with a hallucination-aware195

optimization framework.196

2.4 Mitigation Strategies for LLM197

Hallucinations198

A wide range of techniques have been proposed to199

reduce hallucinations in LLMs, including retrieval-200

augmented generation (RAG) (Lewis et al., 2020),201

supervised fine-tuning (SFT) (Zhou et al., 2023),202

chain-of-thought prompting (Wei et al., 2022),203

process-based supervision (Lightman et al., 2023),204

reinforcement learning from human feedback205

(RLHF) (Ouyang et al., 2022), and direct prefer-206

ence optimization (DPO) (Rafailov et al., 2023).207

While effective for open-ended generation, these208

methods are not explicitly designed to enforce the209

strict grounding and structural consistency required210

by scientific measurement extraction. In contrast,211

our approach integrates reasoning-aware SFT with 212

targeted reinforcement learning and structured re- 213

ward shaping, explicitly encoding measurement- 214

specific constraints to suppress hallucinations at 215

their structural root. 216

Despite significant progress in hallucination mit- 217

igation, prior work has neither systematically char- 218

acterized hallucinations in scientific measurement 219

extraction nor introduced specialized reward objec- 220

tives tailored to its error patterns. We bridge this 221

gap by unifying a fine-grained hallucination tax- 222

onomy with a progressive optimization framework 223

designed specifically for measurement-specific er- 224

ror suppression. 225

3 Methodology 226

Informed by our analysis in Section 2, we design 227

MEASHALU around a central hypothesis: scientific 228

measurement hallucinations arise from two funda- 229

mentally different failure modes—unreliable quan- 230

titative reasoning and fragile relational grounding. 231

Accordingly, our framework adopts a two-branch 232

mitigation strategy, targeting Quantity Hallucina- 233

tions and Relation-based Hallucinations respec- 234

tively. As illustrated in Figure 2, MEASHALU in- 235

tegrates progressive supervised fine-tuning with 236

hallucination-aware reinforcement learning, en- 237

abling the model to internalize strict scientific 238

grounding constraints directly into its reasoning 239

process. These hallucinations (see Table 8) signifi- 240

cantly undermine the reliability of LLMs for this 241

critical task. 242

3.1 Quantity Hallucination Mitigation 243

Unlike prior approaches that employ end-to-end 244

joint training for quantities and relations, our 245

method first trains quantity extraction indepen- 246

dently. Furthermore, following the SFT stage, we 247

incorporate a GRPO phase specifically driven by 248

hallucination-targeted rewards to further mitigate 249

hallucinations. 250

3.1.1 Progressive Supervised Fine-tuning 251

To endow the LLM with structured quantity reason- 252

ing capabilities, we adopt a progressive SFT strat- 253

egy. Specifically, we first utilize Daug to establish 254

foundational quantity reasoning skills, followed by 255

fine-tuning on Dtrace to ensure rigorous alignment 256

with MeasEval standards. The construction details 257

of these two datasets are elaborated below. 258
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Figure 2: Overview of our method consisting of two stages, Supervised Fine-Tuning & GRPO based Reinforcement
Learning.

Daug We curate an unlabeled corpus Xun from259

arXiv paper abstracts (Cohan et al., 2018). Lack-260

ing gold quantity annotations, we use Quantulum3261

(fqtm, 2) to extract quantity candidates, then lever-262

age an augmentation template Paug to promptM263

to verify these anchors and generate a reasoning264

trajectory haug. Formally, for x ∈ Xun:265

ỹ ← fqtm(x), haug ←M(x, ỹ;Paug) (1)266

where ỹ is noisy pseudo-labels from fqtm, and Paug267

guides M to filter false positives via semantics.268

Valid trajectories form Daug = {(x, haug)}20Ki=1 .269

Dtrace We leverage the MeasEval dataset with270

human-annotated gold quantity labels ygt, and271

adopt a traceback template Ptrace to guide reason-272

ing reconstruction: given ygt, the model generates273

a stepwise reasoning trajectory htrace leading to the274

gold conclusion, formulated as:275

htrace ←M(x, ygt;Ptrace) (2)276

To ensure correctness of the reasoning trajec-277

tory, we enforce strict consistency validation via278

I(·), where concl(·) extracts the final quantity from279

htrace. The filtered dataset is constructed as:280

Dtrace = {(x, htrace) | I
(
concl(htrace), ygt

)
= 1}

(3)281

2https://github.com/nielstron/quantulum3

The prompts Ptrace and Paug are provided in Ap- 282

pendix A. 283

3.1.2 Hallucination-targeted Reward 284

Function 285

The total reward R(y) is a weighted sum of four 286

components targeting distinct quantity-related hal- 287

lucinations: 288

R = w1rfmt + w2rscope + w3rfab + w4rmis (4) 289

Format compliance reward (rfmt): A binary re- 290

ward is assigned for strict adherence to the pre- 291

defined structure <ARABIC>, . . . , <CONCLUSION>, 292

enforcing schema compliance and parsability of 293

generated reasoning chains. 294

Out-of-scope hallucination penalty (rscope): A 295

penalty is imposed when the model extracts 296

out-of-scope entities—such as figure labels (e.g., 297

“Fig. 1”)—that do not constitute valid numerical 298

data. This mechanism utilizes pattern recognition 299

to identify and penalize specific noisy strings, while 300

simultaneously penalizing any generated answers 301

that fail to match the ground truth, ensuring that 302

the model avoids generating arbitrary numbers that 303

deviate from the objective definitions. 304

Fabrication hallucination penalty (rfab): This 305

penalty targets invalid quantity fabrication by veri- 306

fying each extracted entity against a hybrid phys- 307
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ical parser Tparse. A penalty is triggered if the ex-308

tracted string fails to be parsed as a valid physical309

or numerical quantity, preventing the model from310

inventing nonsensical values.311

Misclassification hallucination reward (rmis):312

A reward is assigned based on token-level preci-313

sion to mitigate misclassification hallucinations.314

This mechanism imposes a penalty if the model315

generates excessively long spans that erroneously316

incorporate surrounding components, such as the317

MeasuredEntity, into the quantity extraction.318

Detailed mathematical derivations and implemen-319

tation specifics for these reward components are320

provided in Appendix D.321

3.2 Relation-based Hallucination Mitigation322

The extraction of relation-based scientific mea-323

surements is particularly challenging due to long-324

range contextual dependencies that frequently in-325

duce hallucinations. Compared to traditional rule-326

based approaches that generate answers after ex-327

haustively processing complex constraints, our ap-328

proach first pinpoints the quantity-containing sen-329

tence, with subsequent reasoning anchored to this330

local context to extract the quantity and its re-331

lations—eliminating cross-sentence hallucination332

triggers. We implement this strategy via SFT for333

schema establishment and GRPO for hallucination-334

targeted alignment.335

3.2.1 Quantity-Guided Relation Extraction336

Given the document text x and a list of candidate337

quantities Qin, the extraction pipeline Ahalu fol-338

lows a two-stage chain-of-thought reasoning pro-339

cess.340

First, the model identifies the evidence sentences341

S = s1, . . . , sn that contain quantities in Qin:342

S ← Ahalu(x,Qin) (5)343

where S denotes the target sentences.344

The model then performs fine-grained reason-345

ing over S to resolve quantity attributes (e.g., units346

and modifiers) and associate them with their corre-347

sponding measured entities or properties, yielding348

the final structured relationsR.349

This two-stage reasoning is learned via super-350

vised fine-tuning on rule-derived traces from Mea-351

sEval annotations.352

3.2.2 Hallucination-targeted Reward 353

Function 354

While sentence-based extraction excels at local en- 355

tity identification, it often struggles to capture long- 356

range dependency chains (e.g., MeasuredEntity, 357

Qualifier), which frequently induces inference bias 358

and leads to the under-extraction of sparse com- 359

ponents. To mitigate these reasoning biases and 360

suppress the resulting hallucinations, we design a 361

composite reward function R optimized via GRPO. 362

The reward function are formulated as: 363

R = w1rfmt + w2rcomp + w3rmis (6) 364

The design rationale for each reward component is 365

detailed below: 366

Format compliance reward (rfmt) A composite 367

reward is assigned to enforce strict adherence to 368

the quantitative schema and ensure textual ground- 369

ing. It imposes two constraints: first, validating 370

the structural segmentation of reasoning sections 371

to prevent schema collapse; second, verifying that 372

each extracted sentence can be mapped to a valid 373

text span in the source document. 374

Relational completeness reward (rcomp) To mit- 375

igate inference-induced and role-definition halluci- 376

nations stemming from broken dependency links, 377

this reward is designed to enforce the structural 378

integrity of the reasoning chain. The mechanism 379

drives comprehensive exploration through a two- 380

tier incentive structure: (1) a stepwise reward for 381

incremental component extraction and a weighted 382

exploration term that prioritizes harder-to-predict 383

components to drive model exploration (2) a com- 384

pleteness bonus awarded only upon full recovery 385

of the gold-standard relation group to enforce the 386

structural integrity of the reasoning chain. 387

Misclassification hallucination reward (rmis) A 388

reward is assigned based on token-level precision 389

to mitigate misclassification hallucinations. This 390

mechanism imposes a penalty if the model gen- 391

erates excessively long spans that erroneously in- 392

corporate surrounding components. The detailed 393

mathematical formulations for these reward com- 394

ponents are provided in Appendix E. 395

4 Experiments 396

In this section, We evaluate our method on quan- 397

tity extraction and relation identification using the 398

MeasEval benchmark. Additionally, we introduce 399
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MeasEval-Ext, a specialized dataset annotated from400

recent literature to target novel units and complex401

expressions absent from the training distribution.402

Further analyses are conducted including entropy403

dynamic analysis and its utility as a functional tool404

within downstream embodied AI tasks.405

4.1 Effectiveness of Quantity Hallucination406

Mitigation Strategies407

Setup We utilize the Quantity subset of the Mea-408

sEval dataset as our primary evaluation benchmark.409

To verify the scalability and robustness of our ap-410

proach, we employ the Qwen2.5-Instruct series411

across three different scales (0.5B, 3B, and 7B) as412

the base models.413

Model Setting 0.5B 3B 7B

MeasHalu-Quant 0.749±0.006 0.812±0.006 0.849±0.006

w/o (Dtrace + GRPO) 0.475±0.011 0.481±0.001 0.465±0.011

w/o (Daug + GRPO) 0.408±0.028 0.346±0.008 0.397±0.027

w/o GRPO 0.596±0.008 0.539±0.002 0.585±0.018

Table 1: Quantity Information Extraction Performance
of 0.5B, 3B and 7B Models (Mean ± Std)

Results Our full model MEASHALU-QUANT414

achieves consistent performance advantages across415

all model scales in Table 1. Compared to the416

baseline without GRPO，the integration of GRPO417

drives SOTA results of 0.749, 0.812, and 0.849418

for 0.5B, 3B, and 7B models, validating that419

our rule-based reward system enables stable anti-420

hallucination alignment even for low-capacity mod-421

els.422

Using only gold-standard data (w/o (Daug +423

GRPO)) gives the lowest scores (e.g., 0.346 for 3B),424

showing models cannot capture complex multi-425

domain quantitative annotation rules without prior426

measurement extraction schema scaffolding.427

The single first stage (w/o (Dtrace + GRPO))428

brings marginal gains from data scaling but is sub-429

optimal, while (w/o GRPO) delivers substantial430

improvements (e.g., 3B score raised to 0.539). It431

confirms that the 1st stage initializes quantitative432

schema adherence, while the 2nd stage enhances433

generalization across diverse scientific contexts by434

leveraging multi-domain scientific knowledge.435

4.2 Effectiveness of Relation-based436

Hallucination Mitigation Strategies437

In this section, we evaluate our relation-based438

hallucination mitigation method on the MeasE-439

val dataset and MeasEval-Ext, a newly annotated440

dataset containing novel expressions absent from 441

MeasEval, designed to assess the model’s general- 442

ization and robustness. 443

Setup We use the Qwen2.5-Instruct models 444

(0.5B, 3B, 7B) to assess performance across pa- 445

rameter scales. Although MeasEval is a high- 446

quality benchmark, its limited size and dated 447

sources underrepresent emerging units. To eval- 448

uate robustness under distribution shift, we intro- 449

duce MeasEval-Ext, annotated strictly following 450

the MeasEval schema. 451

We employ an adversarial strategy by selecting 452

recent literature containing novel units and com- 453

plex expressions absent from the training distri- 454

bution, rigorously testing model generalization be- 455

yond memorized vocabulary. Annotations followed 456

MeasEval guidelines (see Appendix C for agree- 457

ment analysis). 458

Results over MeasEval Table 2 compares com- 459

plex quantitative relation extraction on the MeasE- 460

val test set. MEASHALU-7B achieves an overall F1 461

of 0.512, closely matching the competition winner 462

LIORI (Davletov et al., 2021) (0.519)3, and sub- 463

stantially outperforming other supervised baselines 464

such as CONNER (Cao et al., 2021) (0.473) and 465

Counts (Gangwar et al., 2021) (0.432). 466

Our model also surpasses state-of-the-art propri- 467

etary LLMs (e.g., GPT-5, Gemini-2.5-Pro). Even 468

with optimized sentence-based prompting, GPT-5 469

reaches only 0.406 F1, leaving MEASHALU-7B 470

ahead by over 10 points. This result highlights 471

the necessity of our quantitative domain alignment 472

pipeline (SFT + composite reward optimization) 473

for mitigating relational Quantity hallucinations. 474

Across all baseline LLMs, sentence-based 475

prompting consistently outperforms rule-based 476

prompting (e.g., Gemini-2.5-Pro improves from 477

0.359 to 0.440), supporting our hypothesis that 478

sentence-level localized reasoning is more effective 479

than rigid global rule-based deduction for complex 480

quantitative relation extraction. 481

As shown in Table 3, the results on MeasEval- 482

Ext expose a significant performance gap: while 483

general LLMs exhibit non-uniform shifts—often 484

struggling with novel expressions—MEASHALU 485

demonstrates robust generalization to unseen dis- 486

tributions, substantially widening its lead over all 487

baselines. Detailed statistics with standard devia- 488

tions can be found in Table 9 and Table 10. 489

3LIORI uses a six-model ensemble and does not release
weights.
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Model Overall
Quantities Entities Properties Qualifiers

Quantity Unit Modifier ME HasQuantity MP HasProperty Qualifier Qualifies

Top Ranked Systems from the MeasEval Competition

Baseline 0.239 0.827 0.561 0.000 0.053 0.075 0.064 0.007 0.005 0.000
Counts 0.432 0.861 0.804 0.614 0.406 0.311 0.245 0.183 0.077 0.064
CONNER 0.473 0.855 0.719 0.523 0.398 0.424 0.437 0.257 0.000 0.000
LIORI 0.519 0.861 0.722 0.642 0.437 0.482 0.467 0.318 0.163 0.092

Rule-based Prompting

Qwen2.5-7b-inst 0.171 0.491 0.478 0.106 0.088 0.045 0.057 0.000 0.040 0.017
Qwen2.5-72b-inst 0.286 0.644 0.826 0.236 0.196 0.147 0.164 0.001 0.076 0.021
DeepSeek-R1 0.253 0.569 0.586 0.240 0.216 0.163 0.163 0.024 0.085 0.029
DeepSeek-V3 0.271 0.657 0.768 0.214 0.239 0.135 0.113 0.001 0.085 0.014
Gemini-2.5-Pro 0.359 0.712 0.784 0.464 0.306 0.266 0.287 0.090 0.146 0.076
GPT-5 0.371 0.804 0.742 0.395 0.361 0.270 0.355 0.020 0.152 0.052

Sentence-based Prompting

Qwen2.5-7b-inst 0.073 0.151 0.160 0.027 0.066 0.059 0.044 0.031 0.003 0.005
Qwen2.5-72b-inst 0.212 0.403 0.516 0.232 0.204 0.137 0.113 0.087 0.038 0.012
DeepSeek-R1 0.304 0.589 0.711 0.356 0.260 0.198 0.182 0.118 0.113 0.057
DeepSeek-V3 0.320 0.567 0.726 0.355 0.303 0.225 0.226 0.149 0.019 0.000
Gemini-2.5-Pro 0.440 0.782 0.882 0.486 0.436 0.376 0.386 0.280 0.143 0.056
GPT-5 0.406 0.724 0.817 0.500 0.397 0.351 0.355 0.226 0.138 0.042

MeasHalu-0.5B 0.333 0.649 0.734 0.277 0.292 0.254 0.249 0.175 0.240 0.048
w/o GRPO 0.312 0.649 0.717 0.239 0.263 0.241 0.238 0.140 0.069 0.022

MeasHalu-3B 0.448 0.806 0.861 0.446 0.380 0.399 0.384 0.262 0.093 0.038
w/o GRPO 0.433 0.782 0.850 0.449 0.370 0.377 0.365 0.245 0.084 0.043

MeasHalu-7B 0.512 0.848 0.860 0.607 0.455 0.472 0.442 0.310 0.170 0.100
w/o GRPO 0.479 0.846 0.863 0.610 0.429 0.433 0.397 0.272 0.155 0.063

Table 2: Experimental results over the MeasEval Benchmark.Comparing MeasHalu with competition leaders and
rule/sentence-based LLM baselines. Top ranks are shaded orange (1st), yellow (2nd), and teal (3rd).

Model Overall
Quantities Entities Properties Qualifiers

Quantity Unit Modifier ME HasQuantity MP HasProperty Qualifier Qualifies

Rule-based Prompting

GPT-5 0.383 0.833 0.706 0.357 0.400 0.282 0.310 0.046 0.135 0.019
DeepSeek-R1 0.252 0.553 0.514 0.217 0.213 0.169 0.141 0.045 0.099 0.052
DeepSeek-V3 0.312 0.724 0.726 0.234 0.270 0.189 0.121 0.012 0.113 0.037
Gemini-2.5-Pro 0.386 0.766 0.707 0.444 0.351 0.312 0.291 0.151 0.140 0.055
Qwen2.5-72b 0.296 0.675 0.747 0.203 0.246 0.187 0.142 0.000 0.091 0.066
Qwen2.5-7b 0.181 0.501 0.353 0.148 0.108 0.078 0.069 0.001 0.038 0.006

Sentence-based Prompting

GPT-5 0.402 0.750 0.759 0.458 0.435 0.303 0.303 0.239 0.100 0.070
DeepSeek-R1 0.324 0.622 0.648 0.255 0.299 0.235 0.215 0.146 0.075 0.069
DeepSeek-V3 0.299 0.521 0.565 0.229 0.296 0.229 0.209 0.155 0.053 0.048
Gemini-2.5-Pro 0.462 0.827 0.832 0.444 0.472 0.399 0.402 0.332 0.100 0.072
Qwen2.5-72b 0.202 0.343 0.383 0.183 0.207 0.145 0.127 0.106 0.048 0.050
Qwen2.5-7b 0.033 0.065 0.056 0.022 0.030 0.028 0.017 0.008 0.016 0.020

MeasHalu-7B 0.578 0.861 0.832 0.539 0.555 0.551 0.522 0.459 0.159 0.097

Table 3: Experimental results over the MeasEval-Ext.

4.3 Further Analysis490

Mechanism of Hallucination Suppression via491

Entropy Dynamics Inspired by Cui and Ding492

(2025), we quantify Cognitive Hesitation via en-493

tropy dynamics, adapting the analysis to our task by494

distinguishing the quantity group (Quantity, Unit,495

Modifier) from the relation group (MeasuredEntity, 496

MeasuredProperty, qualifier). 497

We focus on tokens strictly bounded by square 498

brackets (e.g., parsing 70 m from the tagged se- 499

quence ...surface form [70 m]...). To capture 500

micro-level certainty, we report four key statistics: 501
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Bracket Entropy Mean (HB) and Std (σB) measure502

the average confidence level; Spike Rate (RB) for503

the proportion of brackets containing high-entropy504

tokens; and Sample Spike Ratio (Rsample) quanti-505

fies the proportion of samples containing at least506

one high-risk fluctuation.507

Group Metric w/o GRPO MeasHalu Change

Quantity

HB 0.0071 bits 0.0034 bits ↓ 52.1%
σB 0.0729 0.0477 ↓ 34.6%
RB 0.16% 0.32% -
Rsample 0.77% 1.54% -

Relation

HB 0.1147 bits 0.0662 bits ↓ 42.3%
σB 0.3253 0.2359 ↓ 27.5%
RB 13.01% 5.23% ↓ 59.8%
Rsample 33.85% 14.62% ↓ 56.8%

Table 4: Fine-grained Entropy Statistics by Semantic
Role.

Table 4 reveals a clear dichotomy in hallucina-508

tion suppression across semantic roles. 1) Quantity509

Group Stability: SFT is already near-deterministic510

(H ≈ 0.0071). GRPO further compresses resid-511

ual uncertainty (H ≈ 0.0034) with negligible512

spike fluctuations (Rsample ≈ 1.54%). 2) Relation513

Group Sharpening: GRPO reduces the spike ratio514

from 33.85% to 14.62% and lowers mean entropy515

by 42.3%. These results indicate that relational516

reasoning, which is highly ambiguous under SFT,517

becomes substantially more stable under GRPO.518

We attribute this improvement to the directed col-519

lapse induced by GRPO, which truncates long-tail520

uncertainty and enforces convergence toward deter-521

ministic facts.522

Subsequently, to illustrate the effect of GRPO523

training on reasoning stability more intuitively, we524

select high-entropy points in the reasoning process525

for a case study. Details are in Appendix B.526

Application for Embodied AI Tasks To validate527

the practical value of our fine-grained extraction528

for embodied AI, we adapt OpenExp (Liu et al.,529

2024) to a text-to-action generation task, where530

models generate executable chemical action se-531

quences (e.g., ADD . . . (100 mg)) from unstructured532

experimental text, mimicking real-world automated533

laboratory scenarios.534

We construct OpenExp-Action-100, a dataset of535

100 diverse instances, by using unstructured ex-536

perimental narratives as inputs and OpenExp’s lin-537

earized action sequences as gold-standard outputs.538

To enable controlled comparison, we further define539

three experimental settings: Baseline (no augmen-540

tation), Gemini-Aug (quantity relations extracted 541

by Gemini) and MeasEval-Aug (quantity relations 542

extracted by MeasHalu). 543

Model Source Val
BLEU LEV ROUGE

B-2 B-4 50% R-1 R-2 R-L

Gemini-2.5-Pro
MeasHalu 14.67 58.72 44.23 60.00 71.71 54.24 66.51
Gemini 12.67 58.26 43.99 59.67 71.28 54.21 66.49
None 0.33 51.78 37.23 37.33 62.92 46.25 58.90

DeepSeek-R1
MeasHalu 10.67 58.99 43.01 61.33 71.62 52.79 65.85
Gemini 10.33 58.28 42.37 56.67 71.13 52.31 65.65
None 8.67 38.32 26.21 22.00 59.12 42.32 53.56

GPT-5
MeasHalu 16.33 51.55 37.43 52.33 71.00 51.62 65.47
Gemini 13.33 50.61 36.56 48.33 70.73 51.31 65.06
None 1.35 50.39 39.39 50.17 66.31 52.53 62.76

Table 5: Performance on OpenExp-Action-100 with
MeasEval-formatted quantity–relation context from dif-
ferent sources (MeasHalu vs. Gemini). Best scores per
model are in bold.

Table 5 shows that injecting structured quan- 544

tity relations significantly improves Structural Va- 545

lidity (Val, executable/logical consistency), with 546

MeasEval-Aug (82.3%) outperforming Gemini- 547

Aug and Baseline. The modest BLEU improve- 548

ment (19.8 vs. 16.3) stems from gold-standard 549

granularity mismatch. Specifically, OpenExp’s 550

minimalist annotations omit critical details (e.g., 551

anhydrous) that our extraction retains. For embod- 552

ied AI, structural validity—rather than textual over- 553

lap—is pivotal; MeasEval-formatted extraction en- 554

sures this validity by capturing critical details, pro- 555

viding constraints for executable instructions and 556

practical utility for perception-to-action pipelines. 557

Table 11 in the Appendix shows the full table with 558

standard deviations. 559

5 Conclusion 560

The proposal of MEASHALU marks a significant 561

step forward in systematically characterizing mea- 562

surement hallucinations in large language models 563

within the scientific extraction domain. Experimen- 564

tal results on both in-distribution and newly anno- 565

tated out-of-distribution benchmarks (MeasEval- 566

Ext) show that MEASHALU substantially improves 567

robustness and consistently outperforms strong su- 568

pervised baselines and state-of-the-art large lan- 569

guage models. Ultimately, MEASHALU proves to 570

be a reliable external tool that drives significant 571

gains in downstream applications, validating its 572

utility for embodied AI and AI4Science. 573
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Limitations574

Despite advances achieved in this paper, MeasHalu575

has notable limitations. First, even though576

MeasHalu outperforms all existing baselines, the577

extraction performance for sparse components (e.g.,578

qualifiers, F1 = 0.170) remains low, hindered by579

limited annotated data and ambiguous semantic580

dependencies in scientific text. Second, the frame-581

work’s generalization to low-resource languages582

or domain-specific jargon (e.g., niche engineering583

units) is untested, as current training data focuses584

on English scientific literature. Third, processing585

ultra-long documents with nested measurement re-586

lations may introduce computational inefficiencies,587

as the sentence-based reasoning strategy requires588

contextual localization for each quantity.589
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A Prompt template756

Prompt for Ptrace

Instruction:
You are an expert in extracting structured annotations
from text. I have an text input and you need to extract all
the quantities within it. I need you to strictly follow the
format with six specific sections: ARABIC-QUANTITY,
NUMERIC-QUANTITY, TIME-QUANTITY,
CHANGE-QUANTITY, CHANGE-QUANTITY,
FORMULA-QUANTITY, CONCLUSION.
To explain further: In ARABIC-QUANTITY, outline a
step-by-step thought process you use to extract quantity
in arabic form. In NUMERIC-QUANTITY, outline a
step by step thought process . . . In CONCLUSION, give
the final answer in a tsv format explained below.
I will provide you with the quantities extracted using the
quantulum library for your reference, the information
provided by Quantulum is standardized. You need to
find the original text in the passage and fill in the tsv
form. Also, the quantulum information maybe incorrect,
You can’t follow it completely.

Here’s how the format should look: <ARABIC-
QUANTITY> [Provide a chain-of-thought explanation
of how you extract all quantities in the arabic forms]
</ARABIC-QUANTITY> <NUMERIC-QUANTITY>
. . . <CONCLUSION>[State the final answer in a tsv for-
mat explained below format. . . ] </CONCLUSION>

Task Definition: Extract Quantities
1. Annotation of Quantities: . . .
2. Example Process: . . .
Output Format (TSV Fields): . . .
Final Output Example: . . .
The reference answer from quantulum: . . .

Prompt for Paug

Instruction:
You are an expert in extracting structured annotations
from text. I have an text input and you need to extract all
the quantities within it. I need you to strictly follow the
format with six specific sections: ARABIC-QUANTITY,
NUMERIC-QUANTITY, TIME-QUANTITY,
CHANGE-QUANTITY, CHANGE-QUANTITY,
FORMULA-QUANTITY, CONCLUSION.
To explain further: In ARABIC-QUANTITY, outline a
step-by-step thought process you use to extract quantity
in arabic form. In NUMERIC-QUANTITY, outline a
step by step thought process . . . In CONCLUSION, give
the final answer in a tsv format explained below. It
is crucial that you adhere to this structure exactly as
outlined and that the final answer in the CONCLUSION
matches the standard correct answer precisely.

Here’s how the format should look: <ARABIC-
QUANTITY> [Provide a chain-of-thought explanation
of how you extract all quantities in the arabic forms]
</ARABIC-QUANTITY> <NUMERIC-QUANTITY>
. . . <CONCLUSION>[State the final answer in a tsv for-
mat explained below format. . . It is crucial that you ad-
here to this structure exactly as outlined and that the final
answer] </CONCLUSION>

Task Definition: Extract Quantities
1. Annotation of Quantities: . . .
2. Example Process: . . .
Output Format (TSV Fields): . . .
Final Output Example: . . .
The gold answers: . . .

757
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B Case Study: High-Entropy Token758

Suppression by GRPO759

To better understand the effect of GRPO, we exam-760

ine a representative sample:761

Input:762

Samples were then annealed in air in a763

pre-heated furnace at temperatures up to764

798 °C for times chosen to ensure com-765

plete iron diffusion through the sample.766

Gold Standard Annotation:767

• Quantity: up to 798 °C768

• Unit: °C769

• Modifiers: ["IsRange"]770

• MeasuredProperty: annealed in air in771

a pre-heated furnace at temperatures772

• MeasuredEntity: Samples773

SFT Output:774

We can find the quantity with surface775

form [up to 798 °C], it has unit [°C]. The776

modifier for the quantity are [IsRange].777

This quantity is used to describe the en-778

tity [furnace]. The entity has the follow-779

ing property [temperatures].780

Here, the red token indicates a high-entropy to-781

ken (entropy = 1.39), and the top-5 candidate to-782

kens with probabilities are listed in the first column783

of Table 6.784

GRPO Output:785

We can find the quantity with surface786

form [up to 798 °C], it has unit [°C]. The787

modifier for the quantity are [IsRange].788

This quantity is used to describe the en-789

tity [Samples]. The entity has the follow-790

ing property [temperatures].791

There is no high-entropy token in the model’s792

output after the GRPO training. The top-5 can-793

didate tokens with probabilities at the [Samples]794

position are shown in the second column of Table 6.795

Analysis: GRPO successfully suppresses the796

high-entropy token observed in SFT, assigning the797

correct token Samples with high confidence and798

eliminating uncertainty, demonstrating improved799

reasoning stability and more deterministic output.800

w/o GRPO GRPO
Rank Candidate Prob Candidate Prob

1 f 0.547 Samples 0.847
2 Samples 0.376 ‘ Samples 0.115
3 ‘ Samples 0.051 f 0.037
4 samples 0.015 samples 0.0013
5 pre 0.011 _samples 0.0001

Table 6: Comparison of Top-5 candidate tokens at the
target position between SFT and GRPO outputs.

C MeasEval-Ext and its Annotation 801

Details 802

The annotations are drawn from recent research 803

papers that postdate the original MeasEval corpus. 804

A distinct advantage of this data source is its ad- 805

versarial selection strategy: unlike the randomized 806

distribution in the original dataset, we deliberately 807

curated 135 text segments(the same as the MeasE- 808

val evaluation dataset) containing novel units and 809

complex quantity expressions absent from the 810

training distribution. This design ensures that the 811

dataset strictly tests the model’s ability to identify 812

and ground quantities based on semantic context 813

rather than memorized vocabulary. 814

To ensure high data quality, we enlisted re- 815

searchers from our laboratory as annotators. The 816

annotation process strictly followed the official 817

MeasEval Annotation Guidelines. All samples 818

were independently labeled by two annotators to 819

capture the dense quantity-centric information. Fol- 820

lowing the initial annotation, results were reviewed 821

and reconciled during an adjudication meeting to 822

resolve disagreements and reach a final consensus. 823

The consistency of the dataset is validated by the 824

Inter-Annotator Agreement (IAA). As shown in Ta- 825

ble 7, the Krippendorff’s Alpha scores (e.g., 0.921 826

for Quantity) indicate strong agreement, compara- 827

ble to the original MeasEval benchmarks. 828

Annotation Class Krippendorff’s α

Quantity 0.921
MeasuredEntity 0.639
MeasuredProperty 0.584
Qualifier 0.416

Table 7: Inter-Annotator Agreement (Krippendorff’s
Alpha) for MeasEval-Ext
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D Quantity Phase Reward829

The total reward R(y) is a weighted sum of four830

components for mitigating distinct Quantity hal-831

lucination types, which includes the Format Re-832

ward (rfmt), the Out-of-Scope Penalty (rscope), the833

Fabrication Penalty (rfab) and the Misclassification834

Penalty (rmis):835

R(y) = rfmt(y)+rscope(y)+rfab(y)+rmis(y) (7)836

rfmt To enforce output schema compliance, we val-837

idate the sequential semantic tags Stags =838

{<ARABIC>, . . . , <CONCLUSION>} via regex839

pattern Pstruct. The binary reward is:840

rfmt(y) = I

(
y ≡ Pstruct

)
(8)841

rscope Constrains out-of-scope entities(e.g.,842

“Fig. 1”) via local patterns C(e) and global843

precision Pans:844

rscope = −λloc

∑
e

C(e) + βscopePans (9)845

rfab Prohibiting invalid quantity fabrication via846

parsers combining CQE(Almasian et al.,847

2023b) and Quantulum4 Tparse, the penalty848

includes grounding constraints:849

rfab(y) = −λfab

∑
e∈Ey

I

(
Tparse(e) = ∅

)
(10)850

rmis Mitigating span boundary errors via851

token-level precision Ptok, the reward is:852

rmis(y) = F̄1tok − λmis · (1− Ptok) (11)853

E Relation Phase Reward854

While the sentence-based extraction excels at lo-855

cal entity identification (e.g., Units, Modifiers), it856

suffers from failures in capturing long-range de-857

pendency chains (e.g., MeasuredEntity, Measured-858

Property, Qualifier), inference bias, and under-859

extraction of sparse components. To address these860

issues, enforce logical completeness, suppress861

Quantity hallucinations, and incentivize sparse862

component retrieval, we design a composite reward863

function R(y) optimized via GRPO. The total re-864

ward is a weighted sum of three dedicated compo-865

nents (Format & Grounding Reward (rfmt)), Rela-866

tion Completeness & Exploration Reward (rcomp),867

4https://github.com/nielstron/quantulum3

and Misclassification Penalty (rmis)), that target 868

distinct quantitative extraction flaws: 869

R(y) = rfmt(y) + rcomp(y) + rmis(y) (12) 870

The reward components are elaborated as follows 871

with explicit optimization objectives and mathemat- 872

ical formulations: 873

rfmt To enforce structural consistency, we validate 874

the existence of analysis sections Sy and ad- 875

herence to the SFT schema FSFT. The binary 876

reward is: 877

rfmt(y) = I

(
Sy ̸= ∅ ∧ y |= FSFT

)
(13) 878

rcomp Drives comprehensive exploration by 879

aligning predicted groups p with gold groups 880

g. To prevent partial extraction, we 881

incentivize full recovery via stepwise 882

matching, closure bonuses, and weighted 883

component bonuses: 884

rcomp(y) =
∑
p∼g

(
λstep|p ∩ g|︸ ︷︷ ︸

Stepwise

+βfullI(g ⊆ p)︸ ︷︷ ︸
Closure

)
+ λexp

∑
c
wcF1ans

c︸ ︷︷ ︸
Weighted Exploration

(14)

885

where weights w prioritize harder-to-predict 886

dependencies to ensure no critical node is 887

missed. 888

rmis Suppresses over-broad spans by penalizing 889

token-level precision loss (1− Ptok): 890

rmis(y) = F1tok − (1− Ptok) (15) 891
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https://github.com/nielstron/quantulum3


Type Fabrication Out-of-Scope Misclassification Inference Bias Role Definition

Quantity Generates fictitious
values absent from
the source text, or
yields extracted
strings that contain
no valid numerical
content.

Extracts invalid
numerical tokens,
including figure
citations (e.g., “Fig.
4”) or scientific
nomenclature con-
taining digits (e.g.,
“4S RNA”).

Generates ex-
cessively long
spans that erro-
neously incorporate
surrounding compo-
nents, such as the
MeasuredEntity.

– –

Relation – – Generates exces-
sively long spans
that erroneously
incorporate sur-
rounding context
or unrelated text
segments.

Propagates errors
from preceding
components (e.g.,
incorrect Measure-
dEntity will result in
cascading hallucina-
tions in properties
and qualifiers).

Fails to distinguish
semantic roles, fre-
quently inverting the
MeasuredEntity and
MeasuredProperty.

Table 8: Taxonomy of Hallucinations in Information Extraction

Model Overall
Quantities Entities Properties Qualifiers

Quantity Unit Modifier ME HasQuantity MP HasProperty Qualifier Qualifies

Top Ranked Systems from the MeasEval Competition

Baseline 0.239 0.827 0.561 0.000 0.053 0.075 0.064 0.007 0.005 0.000
Counts 0.432 0.861 0.804 0.614 0.406 0.311 0.245 0.183 0.077 0.064
CONNER 0.473 0.855 0.719 0.523 0.398 0.424 0.437 0.257 0.000 0.000
LIORI 0.519 0.861 0.722 0.642 0.437 0.482 0.467 0.318 0.163 0.092

Rule-based Prompting

Qwen2.5-7b-inst 0.171±0.028 0.491±0.052 0.478±0.075 0.106±0.011 0.088±0.021 0.045±0.015 0.057±0.008 0.000±0.000 0.040±0.012 0.017±0.006

Qwen2.5-72b-inst 0.286±0.028 0.644±0.035 0.826±0.026 0.236±0.115 0.196±0.038 0.147±0.028 0.164±0.042 0.001±0.002 0.076±0.019 0.021±0.011

DeepSeek-R1 0.253±0.008 0.569±0.002 0.586±0.002 0.240±0.018 0.216±0.017 0.163±0.014 0.163±0.003 0.024±0.010 0.085±0.015 0.029±0.002

DeepSeek-V3 0.271±0.008 0.657±0.018 0.768±0.010 0.214±0.003 0.239±0.009 0.135±0.014 0.113±0.011 0.001±0.002 0.085±0.004 0.014±0.004

Gemini-2.5-Pro 0.359±0.008 0.712±0.007 0.784±0.035 0.464±0.009 0.306±0.009 0.266±0.007 0.287±0.021 0.090±0.009 0.146±0.018 0.076±0.014

GPT-5 0.371±0.004 0.804±0.013 0.742±0.018 0.395±0.020 0.361±0.003 0.270±0.005 0.355±0.014 0.020±0.004 0.152±0.019 0.052±0.006

Sentence-based Prompting

Qwen2.5-7b-inst 0.073±0.006 0.151±0.008 0.160±0.007 0.027±0.001 0.066±0.009 0.059±0.010 0.044±0.010 0.031±0.010 0.003±0.004 0.005±0.006

Qwen2.5-72b-inst 0.212±0.002 0.403±0.006 0.516±0.005 0.232±0.010 0.204±0.005 0.137±0.007 0.113±0.008 0.087±0.005 0.038±0.011 0.012±0.007

DeepSeek-R1 0.304±0.004 0.589±0.016 0.711±0.021 0.356±0.030 0.260±0.011 0.198±0.012 0.182±0.006 0.118±0.008 0.113±0.030 0.057±0.019

DeepSeek-V3 0.320±0.006 0.567±0.013 0.726±0.005 0.355±0.016 0.303±0.006 0.225±0.018 0.226±0.022 0.149±0.002 0.019±0.009 0.000±0.000

Gemini-2.5-Pro 0.440±0.011 0.782±0.003 0.882±0.003 0.486±0.011 0.436±0.017 0.376±0.020 0.386±0.028 0.280±0.025 0.143±0.019 0.056±0.010

GPT-5 0.406±0.008 0.724±0.007 0.817±0.017 0.500±0.027 0.397±0.002 0.351±0.006 0.355±0.009 0.226±0.002 0.138±0.026 0.042±0.031

MeasHalu-0.5B 0.333±0.006 0.649±0.004 0.734±0.013 0.277±0.013 0.292±0.014 0.254±0.013 0.249±0.010 0.175±0.011 0.240±0.293 0.048±0.002

w/o GRPO 0.312±0.008 0.649±0.001 0.717±0.019 0.239±0.006 0.263±0.004 0.241±0.017 0.238±0.017 0.140±0.004 0.069±0.009 0.022±0.007

MeasHalu-3B 0.448±0.007 0.806±0.012 0.861±0.010 0.446±0.010 0.380±0.005 0.399±0.010 0.384±0.009 0.262±0.008 0.093±0.004 0.038±0.010

w/o GRPO 0.433±0.010 0.782±0.014 0.850±0.003 0.449±0.009 0.370±0.006 0.377±0.017 0.365±0.019 0.245±0.002 0.084±0.006 0.043±0.015

MeasHalu-7B 0.512±0.004 0.848±0.001 0.860±0.008 0.607±0.006 0.455±0.008 0.472±0.009 0.442±0.012 0.310±0.005 0.170±0.005 0.100±0.009

w/o GRPO 0.479±0.005 0.846±0.002 0.863±0.004 0.610±0.015 0.429±0.004 0.433±0.016 0.397±0.016 0.272±0.012 0.155±0.012 0.063±0.010

Table 9: Experimental results over the MeasEval Benchmark.Comparing MeasHalu with competition leaders and
rule/sentence-based LLM baselines. Top ranks are shaded orange (1st), yellow (2nd), and teal (3rd).
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Model Overall
Quantities Entities Properties Qualifiers

Quantity Unit Modifier ME HasQuantity MP HasProperty Qualifier Qualifies

Rule-based Prompting

GPT-5 0.383±0.004 0.833±0.021 0.706±0.017 0.357±0.031 0.400±0.004 0.282±0.003 0.310±0.020 0.046±0.011 0.135±0.017 0.019±0.012

DeepSeek-R1 0.252±0.006 0.553±0.016 0.514±0.046 0.217±0.018 0.213±0.005 0.169±0.009 0.141±0.015 0.045±0.006 0.099±0.009 0.052±0.018

DeepSeek-V3 0.312±0.003 0.724±0.014 0.726±0.011 0.234±0.009 0.270±0.014 0.189±0.003 0.121±0.005 0.012±0.003 0.113±0.018 0.037±0.006

Gemini-2.5-Pro 0.386±0.009 0.766±0.005 0.707±0.012 0.444±0.026 0.351±0.014 0.312±0.014 0.291±0.028 0.151±0.017 0.140±0.017 0.055±0.006

Qwen2.5-72b 0.296±0.007 0.675±0.012 0.747±0.010 0.203±0.025 0.246±0.015 0.187±0.015 0.142±0.004 0.000±0.000 0.091±0.014 0.066±0.009

Qwen2.5-7b 0.181±0.009 0.501±0.016 0.353±0.031 0.148±0.037 0.108±0.015 0.078±0.010 0.069±0.012 0.001±0.001 0.038±0.025 0.006±0.004

Sentence-based Prompting

GPT-5 0.402±0.007 0.750±0.002 0.759±0.005 0.458±0.007 0.435±0.013 0.303±0.007 0.303±0.010 0.239±0.018 0.100±0.016 0.070±0.011

DeepSeek-R1 0.324±0.013 0.622±0.021 0.648±0.018 0.255±0.012 0.299±0.014 0.235±0.019 0.215±0.008 0.146±0.013 0.075±0.015 0.069±0.014

DeepSeek-V3 0.299±0.012 0.521±0.023 0.565±0.020 0.229±0.007 0.296±0.017 0.229±0.012 0.209±0.016 0.155±0.008 0.053±0.004 0.048±0.004

Gemini-2.5-Pro 0.462±0.007 0.827±0.009 0.832±0.007 0.444±0.010 0.472±0.014 0.399±0.012 0.402±0.006 0.332±0.015 0.100±0.002 0.072±0.003

Qwen2.5-72b 0.202±0.006 0.343±0.008 0.383±0.006 0.183±0.007 0.207±0.012 0.145±0.012 0.127±0.007 0.106±0.010 0.048±0.001 0.050±0.007

Qwen2.5-7b 0.033±0.003 0.065±0.002 0.056±0.005 0.022±0.005 0.030±0.001 0.028±0.006 0.017±0.005 0.008±0.003 0.016±0.007 0.020±0.007

MeasHalu-7B 0.578±0.002 0.861±0.003 0.832±0.012 0.539±0.005 0.555±0.006 0.551±0.008 0.522±0.006 0.459±0.007 0.159±0.021 0.097±0.004

Table 10: Experimental results over the MeasEval-Ext.

Inference Model Context Source Validity
BLEU LEV ROUGE

B-2 B-4 50% R-1 R-2 R-L

Gemini-2.5-Pro
MeasHalu 14.67±2.31 58.72±0.23 44.23±0.29 60.00±2.00 71.71±0.18 54.24±0.32 66.51±0.26

Gemini 12.67±1.53 58.26±0.60 43.99±0.67 59.67±3.06 71.28±0.39 54.21±0.55 66.49±0.44

None 0.33±0.58 51.78±0.32 37.23±0.36 37.33±6.66 62.92±0.39 46.25±0.27 58.90±0.26

DeepSeek-R1
MeasHalu 10.67±1.53 58.99±0.37 43.01±0.56 61.33±2.89 71.62±0.19 52.79±0.12 65.85±0.40

Gemini 10.33±0.58 58.28±0.73 42.37±0.61 56.67±2.89 71.13±0.38 52.31±0.36 65.65±0.31

None 8.67±1.15 38.32±1.02 26.21±0.99 22.00±5.29 59.12±0.31 42.32±0.21 53.56±0.41

GPT-5
MeasHalu 16.33±2.52 51.55±0.29 37.43±0.52 52.33±3.51 71.00±0.39 51.62±0.27 65.47±0.32

Gemini 13.33±2.08 50.61±0.72 36.56±0.81 48.33±4.04 70.73±0.80 51.31±0.64 65.06±0.66

None 1.35±1.54 50.39±0.58 39.39±0.78 50.17±2.33 66.31±0.35 52.53±0.40 62.76±0.44

Table 11: Performance comparison on the OpenExp-Action-100 dataset. Models are provided with MeasEval-
formatted quantities and relations generated by different sources (MeasHalu vs. Gemini) as context. The best
scores for each model are highlighted in bold.

Figure 3: Comparison of Sentence-based and Rule-based Reasoning Approaches
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