
Beyond Accuracy: Diagnosing Large Multimodal Models Reasoning
Failures in Multimodal Physics

Anonymous ACL submission

Abstract001

Current evaluations of multimodal large lan-002
guage models in physics rely predominantly003
on final answer accuracy, implicitly equating004
correct answers with correct reasoning. This005
assumption overlooks the structured nature of006
physics problem solving, which requires the007
accurate perception of visual scenes, the cor-008
rect interpretation of problem descriptions, and009
the principled application of physics concepts.010
This work addresses the mentioned gap by011
introducing a diagnostic evaluation for multi-012
modal physics reasoning that goes beyond final013
answer mathcing based accuracy. We propose014
a fine-grained error taxonomy that disentangles015
perception, explanation, concept selection, and016
value interpretation errors, and apply it con-017
sistently across physcis reasoning settings and018
input modalities. Rather than ranking models,019
our analysis focuses on revealing how and why020
errors arise. Rather than ranking models, our021
study provides mechanistic insights into how022
and why multimodal reasoning breaks down,023
establishing a foundation for more rigorous and024
interpretable assessment of physics reasoning025
systems.026

1 Introduction027

Reasoning is a fundamental component of intelli-028

gent behavior, requiring the integration of obser-029

vations, background knowledge, and logical infer-030

ence to derive valid conclusions (Yu et al., 2024;031

Huang and Chang, 2023; Walton, 1990). In scien-032

tific domains such as physics, reasoning addition-033

ally demands structured manipulation of symbolic034

representations, equations, and diagrams, where035

correctness depends not only on conceptual knowl-036

edge but also on faithful interpretation of visual037

and quantitative information. In multimodal set-038

tings, scientific reasoning therefore hinges on the039

alignment between visual perception and analyti-040

cal deduction, enabling models to ground physics041

principles in diagrammatic representations.042

multimodal large language models (MLLMs) 043

capabilities remain limited in physics problems 044

that require precise diagram grounding, context- 045

sensitive application of physics laws, and multi- 046

step quantitative reasoning. While advances in 047

training and post-training have significantly im- 048

proved text-only mathematical and logical reason- 049

ing in LLMs (Hendrycks et al., 2021; Lightman 050

et al., 2023), analogous progress in multimodal 051

scientific reasoning has been far more uneven, par- 052

ticularly in physics-intensive settings (Liu et al., 053

2024). 054

Chain-of-Thought (CoT) (Wei et al., 2023) 055

prompting has emerged as a widely adopted tech- 056

nique for improving performance on complex rea- 057

soning tasks by encouraging models to generate 058

intermediate reasoning steps to further amplify this 059

capability, achieving higher final answer accuracy 060

across a range of benchmarks (Seßler et al., 2024; 061

Xu et al., 2025). However, increased accuracy and 062

more fluent explanations do not necessarily imply 063

faithful or correct reasoning (Zheng et al., 2025b; 064

Tyen et al., 2024). In multimodal tasks (Bi et al., 065

2025; Huang et al., 2025), errors in visual ground- 066

ing or early conceptual interpretation can propagate 067

through reasoning chains, producing confident but 068

incorrect output or explanations that are difficult to 069

detect. 070

We present a diagnostic evaluation of multi- 071

modal physics reasoning that disentangles percep- 072

tion and reasoning failures beyond final answer 073

accuracy as discussed in section (§5 and §6). We 074

introduce a unified error taxonomy covering per- 075

ception and reasoning-level errors in §3 and a cor- 076

responding evaluation protocol for step-level analy- 077

sis in §4.4. we analyze models under both caption- 078

based and direct visual input settings (§4.3 and §5) , 079

and show that improved visual grounding enhances 080

perception but does not reliably resolve conceptual 081

reasoning errors. 082
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Work Multimodal Physics-specific Perception vs Reasoning Step-level Analysis

(Lightman et al., 2023) No No No Yes
(Turpin et al., 2023) No No No Yes
(Liu et al., 2024) Yes Partial No No
(Xiang et al., 2025a) Yes Yes Partial No

This work Yes Yes Yes Yes

Table 1: Comparison with prior work along modality, domain specificity, and evaluation granularity. Partial
indicates limited coverage.

Figure 1: The figure highlights how incorrect scene interpretation as shown in red leads to different perception
reasoning failures from left to right. (a) Description error: The model incorrectly collapses the control and working
circuits into a single series circuit, misreading the relay structure. (b) Explanation error: Mechanical armature
motion is falsely treated as an electrical resistance that regulates current and capacitor charging. (c) Value error:
Numerical values (e.g., resistances, capacitance, voltage) are hallucinated despite not being specified in the diagram.

2 Multimodal Physics Benchmarks083

2.1 MDK12084

MDK12-Bench (Zhou et al., 2025) is a large-scale085

multimodal benchmark derived from real-world086

K–12 educational assessments. It spans multi-087

ple academic disciplines; in this work, we use088

the physics subset, which contains 6,827 labeled089

knowledge points with difficulty annotations, de-090

tailed solution explanations, and year-based parti-091

tions, enabling fine-grained evaluation of physics092

reasoning.093

2.2 PHYSICS094

PHYSICS (Zheng et al., 2025a) is a large-scale095

dataset for structured physics problem solving, con-096

sisting of 16,568 expert-authored and reviewed097

problems across five domains: mechanics, electro-098

magnetism, thermodynamics, optics, and modern099

physics. Problems span four difficulty levels (ba-100

sic, intermediate, advanced, and Olympiad) and are101

designed to evaluate symbolic reasoning, equation102

selection, and multi-step derivations.103

2.3 PhysReason 104

PhysReason (Zhang et al., 2025) is a multimodal 105

benchmark for evaluating step-wise physics reason- 106

ing. It consists of 1,200 curated problems drawn 107

from international physics competitions and col- 108

lege entrance examinations, spanning four diffi- 109

culty levels (Knowledge, Easy, Medium, Hard). 110

Each problem includes multimodal inputs and step- 111

by-step reference solutions, enabling evaluation of 112

both final answer accuracy and intermediate rea- 113

soning quality. 114

2.4 PhysUniBench 115

PhysUniBench (Wang et al., 2025) is a multi- 116

modal benchmark for evaluating undergraduate- 117

level physics reasoning in vision–language mod- 118

els. It contains 3,304 human-verified problems 119

in both Multiple-Choice (MCQ) and Open-Ended 120

(OE) formats. The English subset, where each 121

problem is paired with a corresponding diagram, 122

requiring joint visual and textual reasoning. The 123

dataset spans multiple undergraduate-level physics 124

domains, supporting systematic assessment of con- 125

ceptual understanding, analytical reasoning, and 126

visual grounding. 127
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2.5 SeePhys128

SeePhys (Xiang et al., 2025b) is a multimodal129

benchmark designed to evaluate vision-based130

physics reasoning in language models. It contains131

2,000 curated problems spanning difficulty levels132

from middle-school concepts to PhD qualifying133

derivations. Each problem integrates visual dia-134

grams and questions, and includes both multiple-135

choice and open-ended formats, providing a chal-136

lenging testbed for analyzing limitations in multi-137

modal scientific reasoning.138

3 Physics Error Taxonomy139

We propose a unified taxonomy of recurring fail-140

ure modes in multimodal physics reasoning, de-141

rived from a systematic analysis of models outputs142

across benchmarks. The taxonomy organizes er-143

rors into two tightly coupled categories: perception144

errors, which arise from incorrect interpretation of145

visual entities, structures, or relations in an image;146

and reasoning errors, which arise from failures in147

problem formulation, physics concept selection, or148

mathematical execution within a solution. This tax-149

onomy provides a structured framework for diag-150

nosing multimodal reasoning failures beyond final151

answer accuracy.152

3.1 Perception Errors153

Perception errors arise when models fail to con-154

struct a faithful interpretation of visual inputs in155

multimodal physics problems. These failures in-156

clude misidentification of diagram elements, in-157

correct interpretation of physics or spatial relation-158

ships, and erroneous extraction or hallucination159

of quantitative information associated with visual160

components. Such errors lead to flawed internal161

representations of the physics scene, which can162

subsequently propagate into downstream reasoning163

failures. Figure 1 illustrates the proposed percep-164

tion error taxonomy.165

Description Errors : Description errors as166

shown in the Fig 1(a) arise from failures in con-167

structing an accurate representation of the physics168

scene, including misidentification of objects, mo-169

tion, or spatial structure, as well as omission or170

mischaracterization of relevant entities, relation-171

ships, or constraints.172

Explanation Errors : Explanation errors refer to173

failures in producing a scientifically valid physics174

account of the system, where the model’s inter-175

pretation as shown in the Fig 1(b) does not cor- 176

rectly adhere to governing physics laws, fundamen- 177

tal principles, or causal relationships required to 178

explain the observed configuration. 179

Value Errors : Value errors as shown in the 180

Fig 1(c) arise from incorrect identification, interpre- 181

tation, or use of quantitative or symbolic informa- 182

tion, leading to invalid or hallucinated parameteri- 183

zation of physics variables, constants, or conditions 184

within the reasoning process. 185

3.2 Reasoning Errors 186

Reasoning errors arise when models fail to cor- 187

rectly formulate, organize, or apply physics knowl- 188

edge during problem solving. These errors oper- 189

ate over the model’s internal representation of the 190

problem and therefore depend on both the quality 191

of upstream perception and the model’s ability to 192

perform context-sensitive inference. As a result, 193

inaccurate visual interpretation can bias subsequent 194

reasoning, while correct perception alone does not 195

ensure correct problem understanding or inference. 196

Figure 2 summarizes the proposed taxonomy of 197

reasoning errors analyzed in this work. 198

Problem Miscomprehension : As shown in 199

Fig 2(a) problem miscomprehension occurs when 200

a model constructs an incorrect formulation of the 201

task itself, arising from misinterpretation of the 202

problem objective, overlooked constraints, or mis- 203

understanding of the relevant physics concepts. Be- 204

cause this error appears at the earliest stage of rea- 205

soning, it fundamentally shapes all subsequent in- 206

ference: once the problem is incorrectly framed, 207

later reasoning steps may remain internally consis- 208

tent yet target the wrong physics question. This 209

failure mode is particularly common in problems 210

that require coordinating multiple physics concepts, 211

interpreting interdependent statements, or perform- 212

ing sequential inference where intermediate results 213

condition later reasoning. 214

Conceptual Misapplication : As shown in 215

Fig 2(b) Conceptual misapplication refers to fail- 216

ures in selecting or applying appropriate physics 217

principles, laws, or formulas to the problem at hand. 218

These errors arise when models invoke incorrect 219

concepts, combine incompatible principles, or ap- 220

ply valid laws outside their applicable regimes. As 221

a result, the reasoning process may appear struc- 222

tured yet fails to satisfy physics correctness., re- 223

flecting limitations in context-sensitive concept se- 224
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Figure 2: The illustration of three key error as red color observes in the CoT solution of model for physics problems.
From left to right : (a) Problem miscomprehension, where the model response uses the incorrect value of variables
given in the question here, M instead of 9M, (b) Incorrect concept application in the LLM response, here incorrect
moment of inertia formula for uniform cylinder, (c) Computational error within LLM response here, incorrect
calculation of time period.

lection rather than a lack of factual knowledge.225

Calculation Errors : Calculation errors occur226

when models violate mathematical consistency as227

shown in Fig 2(c) during the execution of an oth-228

erwise plausible physics solution. These failures229

include incorrect mathematical operations, break-230

downs in algebraic or analytical rules, or halluci-231

nated intermediate computations. Although less232

frequent than conceptual errors, calculation errors233

can propagate through the reasoning chain and in-234

validate the final outcome, often amplifying earlier235

miscomprehension or conceptual mistakes.236

4 Experiments237

4.1 Models238

We evaluate a diverse set of multimodal large lan-239

guage models spanning a wide range of scales and240

architectural designs, including both open-source241

and proprietary systems. The open-source models242

include the Gemma-3 family (4B, 12B, and 27B)243

(Team et al., 2025), LLaMA-3.2 Vision models244

(11B and 90B) (Grattafiori et al., 2024), Phi-4 Mul-245

timodal (Abdin et al., 2024), Qwen2.5-VL series246

(7B, 32B, and 72B) (Bai et al., 2025). In addition,247

we evaluate leading closed-source multimodal mod-248

els, Gemini-2.5 Flash (Comanici and other authors,249

2025) to contextualize open-source performance250

against state-of-the-art proprietary systems.251

4.2 Setup252

Answer-Only : For multiple-choice benchmarks,253

models are required to select a single or multiple254

answer option. Evaluation is therefore conducted255

in an Answer-Only setting, where only the final 256

prediction is available for analysis. This setting 257

supports assessment of final answer accuracy but 258

limits direct inspection of intermediate reasoning. 259

In this work, Answer-Only evaluation is performed 260

under both Caption + Question and Image + Ques- 261

tion input formulations, enabling analysis of how 262

different input representations influence final an- 263

swer selection. This approach is applied to MDK12 264

single-choice (SCQ) and multiple-choice (MCQ) 265

subsets across difficulty levels MDK12 (SCQ) easy 266

(54), medium (73), and hard (110), MDK12 (MCQ) 267

easy (131), medium (123), and hard (122) as well 268

as PhysUni-MCQ (393). 269

Chain-of-Thought : For open-ended bench- 270

marks, models are required to generate free-form 271

solutions. Evaluation in this setting leverages 272

Chain-of-Thought outputs, allowing explicit in- 273

spection of intermediate reasoning steps. This en- 274

ables fine-grained analysis of reasoning trajecto- 275

ries, explanation faithfulness, and error propaga- 276

tion beyond final answer correctness. Similar to 277

Answer-Only evaluation, Chain-of-Thought anal- 278

ysis is conducted under both Caption + Question 279

and Image + Question input formulations to disen- 280

tangle the effects of visual abstraction and direct 281

visual grounding on reasoning behavior. This ap- 282

proach is applied to MDK12 easy (59), medium 283

(54), and hard (58), PhysUni-OE (629), PHYSICS 284

(298), PhysReason (941), and SeePhys (1818). 285

4.3 Input Modalities 286

Caption + Question : In the Caption + Question 287

setting, models internally generate a structured tex- 288
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Figure 3: Expert-physicist protocol used to generate
structured captions from physics diagrams during infer-
ence in the Caption + Question setting.

tual description of the diagram at inference time289

following a fixed expert-physicist protocol (Fig-290

ure 3). The generated caption encodes the physics291

scene, governing principles, and relevant quantities,292

and is provided alongside the question in place of293

the original image. Because this formulation re-294

quires the model to first interpret visual content and295

then abstract it into text, errors introduced during296

this perceptual abstraction stage can influence sub-297

sequent reasoning. This setting therefore allows298

controlled analysis of how perception-driven ab-299

straction affects problem understanding and down-300

stream reasoning behavior.301

Image + Question : In the Image + Question set-302

ting, models are provided with the original diagram303

together with the corresponding question, requiring304

direct visual interpretation in addition to physics305

reasoning. This formulation preserves full visual306

grounding and avoids intermediate textual abstrac-307

tion, serving as a reference point for reasoning308

under direct perception. Comparing performance309

between the Image + Question and Caption + Ques-310

tion settings enables us to distinguish errors arising311

from perceptual abstraction from those caused by312

reasoning or knowledge application.313

4.4 Evaluation314

All examples were independently annotated by315

two annotators with formal physics training using316

shared written guidelines. Inter-annotator agree-317

ment was assessed on a randomly sampled subset,318

showing high consistency for perception labels and319

lower agreement for reasoning judgments due to in- 320

herent interpretive ambiguity. Disagreements were 321

resolved through discussion and, when necessary, 322

adjudication by a third annotator to produce final 323

labels for analysis 324

Perception Evaluation. Perception is evaluated 325

by comparing a model’s interpretation of a vi- 326

sual input with the reference across three dimen- 327

sions: scene description, scientific interpretation, 328

and value extraction. Each dimension is labeled 329

as correct or incorrect, with brief justifications for 330

errors to identify the primary source of perceptual 331

failure. 332

Reasoning Evaluation. Reasoning is evaluated 333

by assessing whether intermediate steps are logi- 334

cally valid and consistent with the reference solu- 335

tion, independent of final answer correctness. The 336

evaluation emphasizes internal coherence, appro- 337

priate principle application, and logical progression 338

between steps, rather than outcome accuracy. 339

5 Results 340

5.1 Caption + Question 341

Fig 6a and 7a summarize final answer accuracy 342

under the Caption + Question setting for Answer- 343

Only and Chain-of-Thought evaluation. Across 344

all benchmarks, performance remains constrained 345

when models rely solely on internally generated 346

textual abstractions of diagrams. Accuracy is high- 347

est on simple problems and degrades sharply with 348

increasing complexity, with particularly weak re- 349

sults on multiple-choice benchmarks. Chain-of- 350

Thought prompting consistently improves on open- 351

ended datasets such as MDK12-OE and PhysRea- 352

son. However, these gains do not alter the overall 353

performance profile: accuracy remains highly vari- 354

able across benchmarks and model families, and no 355

model achieves robust performance under caption- 356

only inputs. This indicates that while explicit rea- 357

soning helps models better utilize available infor- 358

mation, it cannot compensate for limitations intro- 359

duced by caption-based abstraction in the absence 360

of direct visual input. 361

5.2 Image + Question 362

Fig 6b and 7b summarize final answer accuracy 363

under the Image + Question setting for Answer- 364

Only and Chain-of-Thought evaluation, respec- 365

tively. Providing the original diagram consistently 366

improves performance relative to caption-based in- 367
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(a) Description (b) Explanation (c) Value

Figure 4: Perception error analysis under answer-only (AO) prompting. We report the percentage of incorrect (left)
descriptions, (middle) explanations, and (right) numerical values across models and benchmarks.

(a) Description (b) Explanation (c) Value

Figure 5: Perception error analysis under chain-of-thought (CoT) prompting. We report the percentage of incorrect
descriptions, explanations, and numerical values across models and benchmarks.

(a) AO: Caption + Question (b) AO: Image + Question

Figure 6: Performance comparison across models un-
der different answer-only (AO) input settings. Report
accuracy across MDK12 and PhysUni benchmarks with
varying difficulty levels.

puts across most benchmarks and difficulty levels.368

Under Answer-Only evaluation, gains are most ev-369

ident on MDK12 multiple-choice subsets, partic-370

ularly on easy and medium splits, while improve-371

ments diminish on harder problems. Chain-of-372

Thought prompting further boosts accuracy, yield-373

ing the highest overall performance across bench-374

marks, with especially strong gains on visually in-375

tensive datasets such as PhysUni-OE, Physics, and376

SeePhys. However, despite the combined benefits377

of visual input and explicit reasoning, accuracy still378

declines on harder subsets and remains inconsis-379

tent across model families. These results indicate380

that direct visual grounding substantially improves381

problem interpretation and answer selection, but382

does not fully resolve challenges in complex multi-383

modal physics reasoning.384

(a) CoT: Caption + Question (b) CoT: Image + Question

Figure 7: Model performance on open-ended physics
benchmarks with direct visual grounding. Radar plots
report accuracy across difficulty levels.

6 Error Analaysis 385

6.1 Perception Errors 386

Description Errors : Description errors consti- 387

tute the dominant perception bottleneck in multi- 388

modal physics reasoning under both Answer-Only 389

and Chain-of-Thought evaluation. Across bench- 390

marks, they account for the majority of incorrect 391

predictions (Fig 4a and 5a), indicating persistent 392

difficulty in forming an accurate internal represen- 393

tation of the physics scene. While increasing model 394

scale reduces their frequency, such errors remain 395

prevalent, showing that perceptual abstraction es- 396

pecially when mediated through model-generated 397

captions is inherently brittle. Under Chain-of- 398

Thought prompting, these errors are not corrected 399

but instead explicitly verbalized and propagated 400

through subsequent reasoning, resulting in confi- 401
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(a) Conceptual Error (b) Calculation Error (c) Miscomprehension Error

(d) Conceptual Error (e) Calculation Error (f) Miscomprehension Error

Figure 8: Reasoning Error-type breakdown under chain-of-thought (CoT) prompting across conceptual, calculation,
and miscomprehension categories. Caption + Images (a,b,c) and Image + Question (d,e,f)

on Benchmarks

dent yet misgrounded explanations. This identifies402

description-level perception as a structural limi-403

tation that neither scaling nor explicit reasoning404

reliably resolves.405

Explanation Errors : Explanation errors in-406

crease with problem difficulty across both Answer-407

Only (AO) and Chain-of-Thought (CoT) settings408

(Fig 4b and 5b). Under AO evaluation, these errors409

often remain latent, as models may select correct410

answers despite incorrect or incomplete physics411

reasoning. Under CoT prompting, the same failures412

become explicit: models generate well-structured413

but invalid physics explanations, exposing a gap414

between reasoning fluency and scientific validity.415

This pattern indicates that while models can recog-416

nize scene elements, they frequently fail to apply417

physics principles correctly to govern their interac-418

tions.419

Value Errors : Value errors occur infrequently420

across both Answer-Only (AO) and Chain-of-421

Thought (CoT) evaluations. As shown in (Fig 4c422

and 5c), incorrect predictions rarely stem from mis-423

interpretation of numerical quantities, symbolic424

variables, or units, even on medium and hard prob-425

lem subsets. This pattern holds under both implicit426

and explicit reasoning, indicating that numerical ex-427

traction and basic symbol handling are not primary428

bottlenecks in multimodal physics reasoning.429

6.2 Reasoning Errors in CoT430

Problem Miscomprehension : Problem miscom-431

prehension is a dominant failure mode under both432

Caption + Question (CQ) and Image + Question433

(IQ) settings, with distinct patterns across bench-434

marks (Fig 8c and 8f). Under CQ, miscomprehen-435

sion is especially prevalent on structurally complex 436

datasets such as PhysUni-OE, PhysReason, and 437

SeePhys, where model-generated captions often 438

omit critical constraints or oversimplify relation- 439

ships, leading to incorrect problem formulations. 440

Providing direct visual input (IQ) reduces miscom- 441

prehension on simpler, well-structured problems by 442

preserving spatial and relational information, but 443

does not consistently resolve errors in longer prob- 444

lems that require identifying implicit objectives, 445

interdependent quantities, or non-obvious physics 446

concepts. Larger models benefit more from IQ 447

than CQ, while smaller models exhibit similar mis- 448

comprehension rates under both settings. Overall, 449

these results indicate that caption-based abstraction 450

and direct visual grounding each alleviate different 451

aspects of problem understanding, but neither reli- 452

ably ensures correct inference of problem intent in 453

complex physics tasks. 454

Conceptual Misapplication : Conceptual misap- 455

plication is the primary source of reasoning failure 456

across all benchmarks under CoT evaluation. As 457

shown in the (Fig 8a and 8d)., errors are most 458

concentrated on PhysReason and SeePhys, where 459

problems require adapting physics principles to 460

non-canonical configurations rather than direct for- 461

mula application. Comparing input modalities re- 462

veals a consistent pattern: Caption + Question (CQ) 463

exhibits higher conceptual error rates than Image + 464

Question (IQ), indicating that internally generated 465

captions often abstract or distort critical conditions, 466

leading models to apply generic but incorrect so- 467

lution strategies. While direct visual input (IQ) 468

reduces such abstraction-induced errors on simpler 469

datasets, it does not resolve conceptual failures on 470
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complex benchmarks. Even with correct visual471

grounding, models frequently select inappropriate472

laws or assumptions when multiple constraints in-473

teract. These findings show that visual access im-474

proves perception but does not reliably improve475

concept selection, establishing conceptual misap-476

plication as a core limitation of multimodal physics477

reasoning.478

Calculation Errors : Across benchmarks, cal-479

culation errors are consistently less frequent than480

problem miscomprehension and conceptual mis-481

application under both Caption + Question (CQ)482

and Image + Question (IQ) settings (Fig 8b and483

8e)., indicating that arithmetic execution is not the484

primary bottleneck in multimodal physics reason-485

ing. However, their persistence under Chain-of-486

Thought prompting shows that explicit reasoning487

does not reliably enforce mathematical correctness.488

Notably, providing direct visual input does not sig-489

nificantly reduce calculation errors compared to490

caption-based inputs, suggesting that visual ground-491

ing primarily affects problem interpretation and492

concept selection rather than downstream mathe-493

matical stability. Overall, calculation errors appear494

largely as downstream consequences of earlier rea-495

soning failures rather than as isolated numerical496

deficiencies.497

6.3 Reasoning Errors in Correct Final498

Answers499

Even when models produce the correct final an-500

swer under Chain-of-Thought (CoT) prompting,501

their intermediate reasoning can still contain sub-502

stantive errors. Across both Caption + Question503

(CQ) and Image + Question (IQ) settings, such504

false-positive cases where the final answer is cor-505

rect despite flawed reasoning are relatively rare,506

typically accounting for under 10% of correct pre-507

dictions depending on the benchmark. These pat-508

terns are consistent across benchmarks and model509

families, demonstrating that final answer correct-510

ness does not imply faithful or robust reasoning.511

Notably, access to visual input does not eliminate512

such erroneous traces: while images can help con-513

strain scene interpretation, they do not reliably en-514

force correct concept selection or mathematical515

consistency throughout the reasoning process. This516

reveals a fundamental limitation of CoT based eval-517

uation models may arrive at correct answers de-518

spite internally incoherent or scientifically invalid519

reasoning underscoring the need for evaluation pro-520

tocols that assess reasoning validity beyond final- 521

answer accuracy. 522

7 Limitations 523

A primary limitation of this study is the absence 524

of reliable and scalable verification frameworks for 525

assessing the correctness of intermediate physics 526

reasoning. Existing approaches, including using 527

large language models as judges, are sensitive to 528

response length and formulation, resulting in in- 529

consistent error attribution. Dedicated physics ver- 530

ifiers capable of robustly identifying perceptual, 531

conceptual, and mathematical errors are not yet 532

available, while rule-based methods fail to gener- 533

alize across diverse multimodal reasoning patterns. 534

Consequently, our analysis relies on targeted hu- 535

man inspection, which, while accurate, is labor- 536

intensive and limits exhaustive annotation across 537

all models and benchmarks. 538

8 Future Work 539

Our analysis is that current multimodal language 540

models treat visual information as a static input 541

rather than an active component of reasoning. Im- 542

ages or generated captions are incorporated only at 543

the beginning of inference and are not revisited dur- 544

ing multi-step physics reasoning. As a result, early 545

perceptual inaccuracies propagate through subse- 546

quent reasoning steps, contributing to conceptual 547

errors. This suggests that improving multimodal 548

physics reasoning will require architectures that 549

support iterative interaction between perception 550

and reasoning, enabling models to dynamically re- 551

fine visual understanding as inference progresses. 552

9 Conclusion 553

This work presents a diagnostic evaluation of multi- 554

modal physics reasoning by systematically analyz- 555

ing perception and reasoning-level errors across ex- 556

isting benchmarks, moving beyond final answer ac- 557

curacy. Our analysis shows that many failures and 558

even correct predictions stem from flawed scene 559

interpretation, misapplied physics principles, or 560

inconsistent intermediate reasoning that standard 561

metrics fail to capture. Our findings indicate that 562

multimodal models treat visual inputs as static con- 563

text, allowing early perceptual errors to propagate 564

unchecked through reasoning. Future progress will 565

require iterative perception–reasoning mechanisms 566

that dynamically refine visual understanding during 567

inference. 568
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