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Abstract

Verifying scientific claims is a cornerstone of research integrity, yet it poses a signif-1

icant challenge for automated systems, especially when claims involve multimodal2

evidence (e.g., text, tables, and figures). While large-scale models have shown3

promise, their underlying reasoning capabilities remain poorly understood. To ad-4

dress this, we introduce SciVerify-Digits, a new diagnostic benchmark designed to5

probe the structured reasoning and visual grounding abilities of multimodal models6

in a controlled, scientific context. Our benchmark synthesizes claims about visual7

data from MNIST, Fashion-MNIST, and SVHN, requiring models to perform tasks8

like counting, arithmetic, and logical inference. We evaluate a suite of models, from9

simple CNN-based architectures to attention-based fusion models and multimodal10

large language models (LLMs). Our findings reveal systemic failures across all11

architectures, particularly in generalization, permutation invariance, and robustness12

to adversarial claims. By providing a detailed failure analysis, including claim-type13

breakdowns and attention visualizations, this work establishes a framework for14

diagnosing critical weaknesses in current models and guiding the development of15

more reliable systems for real-world scientific verification.16

1 Introduction17

The proliferation of scientific literature has created an urgent need for automated tools to verify claims18

and combat misinformation (Liu et al., 2024). Many scientific claims are inherently multimodal,19

grounded in evidence presented across text, tables, and figures. For instance, a claim like "Group20

A showed a 20% greater improvement than Group B" requires a model to locate the correct figure,21

extract numerical data for both groups, perform a comparison, and validate the stated relationship.22

This process demands a tight integration of visual perception, symbolic reasoning, and language23

understanding that remains a grand challenge for current AI systems (Goodfellow et al., 2016).24

While recent advances in multimodal learning have been impressive, they have largely focused on25

tasks like visual question answering (VQA) (Antol et al., 2015), which often rely on surface-level26

correlations rather than deep, structured reasoning. It is unclear whether these models possess the27

logical and numerical capabilities required for rigorous scientific verification. Existing benchmarks28

for scientific claim verification are often text-based or involve complex, real-world data where it is29

difficult to isolate and diagnose specific model failures.30

To bridge this gap, we introduce SciVerify-Digits, a new diagnostic benchmark for multimodal31

scientific claim verification. We create a controlled yet challenging environment by generating32

symbolic and numerical claims about simple visual data from MNIST (LeCun et al., 1998b), Fashion-33

MNIST (Xiao et al., 2017), and SVHN (Netzer et al., 2011). Claims such as “The sum of the digits is34

even” or “All digits are less than 5” simulate the core reasoning components of real-world verification35

tasks in a fully interpretable setting.36

Our contributions are threefold:37
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1. We introduce SciVerify-Digits, a novel and extensible benchmark for diagnosing the reason-38

ing capabilities of multimodal models in a scientific context.39

2. We conduct a comprehensive evaluation of various architectures, including simple baselines,40

attention-based fusion models, and state-of-the-art multimodal LLMs, revealing systemic41

weaknesses in generalization and robustness.42

3. We provide a deep failure analysis, breaking down performance by claim type, visualizing43

attention maps to interpret model behavior, and assessing adversarial robustness, thereby44

offering clear insights into the limitations of current models and pathways for future research.45

This work reframes the challenge from a simple negative result into a constructive diagnostic tool.46

By systematically exposing the failure points of modern architectures, we provide a crucial resource47

for developing the next generation of models capable of robust and trustworthy scientific claim48

verification.49

2 Related Work50

Scientific claim verification has traditionally been an NLP-centric field, with datasets and models51

focused on validating claims against textual evidence (Liu et al., 2024). While effective for text-based52

reasoning, these approaches cannot handle the multimodal nature of scientific communication. The53

need to integrate visual information has led to work in areas like VQA (Antol et al., 2015) and54

multimodal fact-checking. Models in these domains, often enhanced with pre-trained language55

models like BERT (Devlin et al., 2019), have improved at grounding text in images (Thai et al., 2023).56

However, VQA tasks often require identifying objects or attributes, falling short of the multi-step57

logical and numerical reasoning essential for scientific verification.58

Our work is inspired by diagnostic datasets designed to probe specific model capabilities. For59

example, CLEVR (Johnson et al., 2017) tests compositional reasoning about objects and their60

attributes. However, it does not focus on the numerical and symbolic reasoning prevalent in scientific61

claims. SciVerify-Digits fills this niche by creating tasks that require explicit arithmetic and logical62

operations grounded in visual data. By using simple datasets like MNIST (LeCun et al., 1998b), we63

minimize visual complexity to isolate and scrutinize the model’s reasoning pipeline, a methodological64

choice that allows for clear, unambiguous failure analysis.65

3 The SciVerify-Digits Benchmark66

Our goal is to create a benchmark that rigorously evaluates a model’s ability to verify scientific-style67

claims against visual evidence. We construct a synthetic dataset where each sample consists of a set68

of images, a textual claim, and a ground-truth label (true/false).69

3.1 Dataset Construction70

We use three standard image datasets as visual sources: MNIST (LeCun et al., 1998a), Fashion-71

MNIST (Xiao et al., 2017), and SVHN (Netzer et al., 2011). For each sample, we randomly select72

two or three images. We then programmatically generate a textual claim based on the properties of73

the image labels. This process allows us to control the complexity and type of reasoning required.74

The claims fall into several categories designed to probe distinct reasoning skills:75

• Arithmetic Claims: Statements requiring numerical computation, e.g., “The sum of the76

digits is even,” or “The product of the digits is greater than 20.”77

• Counting Claims: Statements requiring object counting, e.g., “There are exactly two odd78

digits.”79

• Range-Based Claims: Statements requiring logical quantification over the set of images,80

e.g., “All digits are less than 5,” or “At least one digit is a 9.”81

The ground truth is programmatically determined, ensuring a perfectly labeled dataset. This setup82

allows us to create a balanced dataset with a rich variety of logical and numerical challenges.83
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3.2 Model Architectures84

We evaluate a hierarchy of models to understand how architectural choices impact performance.85

1. Simple Concatenation Baseline: A CNN extracts features from each image, and a pre-86

trained BERT model (Devlin et al., 2019) encodes the claim. The visual and textual features87

are concatenated and passed to an MLP classifier. This represents a standard, non-attentive88

fusion approach.89

2. Attention-Based Fusion: To allow for more sophisticated integration, we implement a90

cross-attention mechanism where the claim embedding (query) attends to the set of image91

features (keys/values). This allows the model to dynamically weigh the importance of92

different images for verifying the claim.93

3. Permutation-Invariant Model: Since the truthfulness of our claims is independent of94

image order, we test a Deep Sets (Zaheer et al., 2017) architecture. Image features are95

passed through an MLP and then aggregated using a permutation-invariant sum operation96

before being combined with the text embedding.97

4. Multimodal Large Language Model (LLM): We evaluate a state-of-the-art multimodal98

LLM by providing the images and claim in a visual-prompting format to assess the zero-shot99

reasoning capabilities of large, pre-trained models.100

4 Experiments101

Our experiments are designed to answer three key questions: (1) Can current models solve these102

simplified verification tasks? (2) How well do they generalize to new data distributions and claim103

structures? (3) What are their primary failure modes?104

4.1 Experimental Setup105

We train the models on the SciVerify-Digits benchmark generated from MNIST, with an 80/20106

train-validation split. For the trainable models, we use the Adam optimizer (Kingma & Ba, 2014) and107

binary cross-entropy loss. To test generalization, we evaluate the trained models on SciVerify-Digits108

variants generated from Fashion-MNIST and SVHN without fine-tuning.109

To probe robustness, we conduct two additional experiments:110

• Permutation Test: We randomly permute the order of input images at test time to assess111

whether models have learned to be permutation-invariant.112

• Adversarial Claim Generation: We introduce claims that are structurally similar but113

logically distinct from those in the training set (e.g., testing on “Exactly two digits are odd”114

when trained only on sum-based claims).115

4.2 Results and Analysis116

Our baseline model achieves respectable but brittle accuracy on the MNIST test set, yet its perfor-117

mance degrades significantly under more challenging conditions.118

As shown in Figure 1, the simple baseline overfits to the MNIST training data, and its accuracy119

plummets on Fashion-MNIST and SVHN, demonstrating a failure to transfer its learned reasoning120

strategies. More advanced models show similar struggles. Table 1 summarizes the performance of all121

evaluated architectures. While attention and permutation-invariant models offer slight improvements,122

they still fail to generalize effectively. The multimodal LLM, despite its vast pre-training, performs123

poorly, often failing on simple arithmetic and logical operations.124

Failure Analysis. A breakdown by claim type reveals that all models struggle most with counting and125

range-based claims, which require aggregating information across the entire visual input set. Figure 2126

highlights two critical failure modes. First, models that are not explicitly designed for permutation127

invariance show a significant performance drop when image order is changed (Figure 2(a)), especially128

on the more varied SVHN dataset. This suggests they are exploiting spurious positional cues. Second,129
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(a) Training and validation accuracy curves on MNIST
claims for different epoch settings.

(b) Validation accuracy comparison across datasets.

Figure 1: Performance of the simple concatenation baseline. (a) The model quickly overfits on the
MNIST training set. (b) Performance drops sharply on out-of-distribution datasets (Fashion-MNIST,
SVHN), indicating poor generalization.

Table 1: Model performance across datasets and tests. Accuracy (%) is reported. The simple baseline
is trained on MNIST. M-LLM is evaluated zero-shot.

Model Generalization Robustness

MNIST Fashion-MNIST SVHN Permuted SVHN

Simple Concat 85.1 62.3 58.9 51.4
Attention Fusion 87.5 65.1 61.2 55.8
Deep Sets 88.2 66.8 64.5 63.9
Multimodal LLM 71.4 68.5 65.3 65.1

when presented with adversarial claims, accuracy falls to near-random chance (Figure 2(b)), indicating130

that models learn shallow heuristics rather than robust, generalizable reasoning strategies.131

Attention visualizations from the fusion model further reveal that for complex claims, the model often132

fails to attend to all relevant images, leading to incorrect conclusions. These findings collectively133

demonstrate that current architectures lack the fundamental components for reliable multimodal134

reasoning.135

5 Conclusion136

In this work, we introduced SciVerify-Digits, a diagnostic benchmark for multimodal scientific137

claim verification. By testing a range of models on controlled reasoning tasks, we exposed systemic138

failures in generalization, robustness, and logical consistency. Our analysis demonstrates that even139

state-of-the-art architectures, including multimodal LLMs, struggle with basic numerical and logical140

operations when grounded in visual data. These models tend to rely on shallow heuristics that are141

easily broken by shifts in data distribution or claim structure.142

The value of SciVerify-Digits lies in its ability to make these failures explicit and interpretable.143

It provides a clear and challenging testbed for future research, highlighting the need for architec-144

tures that incorporate stronger mechanisms for permutation invariance, numerical reasoning, and145

logical deduction. Potential avenues include neuro-symbolic approaches that combine deep learn-146

ing with formal reasoning modules, improved attention mechanisms tailored for aggregation and147

comparison (Vaswani et al., 2017), and curriculum learning strategies that build reasoning skills148

incrementally.149

By providing a precise tool for diagnosing model weaknesses, we hope to guide the community150

toward building more reliable and trustworthy AI systems—a critical step toward the grand challenge151

of automated scientific claim verification in the wild.152
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(a) Validation accuracy when input order of digits is
permuted.

(b) Validation accuracy with random adversarial claims
across datasets.

Figure 2: Robustness analysis. (a) Performance degrades when input order is permuted, especially
for models without built-in invariance. (b) Accuracy plummets on adversarial claims, exposing the
model’s reliance on superficial correlations.
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A Technical Appendices and Supplementary Material190

Technical appendices with additional results, figures, graphs and proofs may be submitted with the191

paper submission before the full submission deadline, or as a separate PDF in the ZIP file below192

before the supplementary material deadline. There is no page limit for the technical appendices.193

B Training and Validation Loss Curves194

Figure 3 shows the training and validation loss curves corresponding to the accuracy curves presented195

in the main text. The loss curves further illustrate the model’s learning dynamics across different196

epoch settings.197

Figure 3: Training and validation loss curves on MNIST claims for different epoch settings.

C Additional Ablation Studies198

C.1 Permutation Order Test199

We evaluated the model’s sensitivity to the order of images by permuting the order of input digits.200

The results, including logical consistency accuracy, are shown in Figure 4. The decrease in logical201

consistency accuracy, especially for SVHN, reinforces the model’s lack of permutation invariance.202

C.2 Adversarial Claim Testing203

Figure 5 presents the validation logical consistency accuracy when random adversarial claims are204

provided, demonstrating the model’s susceptibility to misleading information.205

D Hyperparameter Details206

Table 2 lists the hyperparameters used in our experiments to facilitate reproducibility and provide207

insights into the training process.208
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Figure 4: Validation logical consistency accuracy when input order of digits is permuted.

Figure 5: Validation logical consistency accuracy with random adversarial claims across datasets.

E Confusion Matrices Without Logical Supervision209

To further understand the model’s misclassification patterns, we include confusion matrices for the210

MNIST and Fashion-MNIST datasets without logical consistency enforcement (Figure 6). The211

confusion matrices reveal that the model tends to predict the majority class or exhibits a bias.212
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Table 2: Hyperparameters used in the experiments.

Hyperparameter Value

Batch size 64
Learning rate 1× 10−4

Optimizer Adam
Number of epochs 50
Loss function Binary Cross-Entropy
Vision encoder CNN (custom architecture)
Text encoder Pre-trained BERT (frozen)

(a) No Logic Supervision (MNIST). (b) No Logic Supervision (Fashion-MNIST).

Figure 6: Confusion matrices showing ground truth vs. predictions without logical consistency
enforcement.

Agents4Science AI Involvement Checklist213

1. Hypothesis development: Hypothesis development includes the process by which you214

came to explore this research topic and research question. This can involve the background215

research performed by either researchers or by AI. This can also involve whether the idea216

was proposed by researchers or by AI.217

Answer: [D]218

Explanation: We improved the idea-generation module of the AI Scientist V2 system, using219

the OpenAlex API and ChatGPT to generate candidate ideas and select from them. However,220

human intervention at this stage is minimal, which is why the AI’s proposed idea—using221

MNIST to develop a task for scientific claim verification—may appear quite intriguing.222

2. Experimental design and implementation: This category includes design of experiments223

that are used to test the hypotheses, coding and implementation of computational methods,224

and the execution of these experiments.225

Answer: [D]226

Explanation: We employed the experiment-generation system from AI Scientist V2, provid-227

ing it with an A100 GPU to execute and select experiments. This system uses Agentic Tree228

Search to identify the experiment that best fits the hypothesis. At this stage as well, human229

involvement remains minimal.230

3. Analysis of data and interpretation of results: This category encompasses any process to231

organize and process data for the experiments in the paper. It also includes interpretations of232

the results of the study.233

Answer: [D]234
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Explanation: The AI system also autonomously processes experimental outputs and draws235

conclusions.236

4. Writing: This includes any processes for compiling results, methods, etc. into the final237

paper form. This can involve not only writing of the main text but also figure-making,238

improving layout of the manuscript, and formulation of narrative.239

Answer: [D]240

Explanation: The paper itself was written entirely by the AI Scientist V2 system, with241

human involvement restricted to correcting issues related to missing references. Afterwards,242

the draft was rewritten by Manus (in chat mode, not agent mode) to improve the quality of243

writing.244

5. Observed AI Limitations: What limitations have you found when using AI as a partner or245

lead author?246

Description: Although AI Scientist V2 can autonomously propose ideas, run experiments,247

and draft papers, its outputs are often incomplete. Code frequently contains bugs, and248

producing a “finished” paper typically requires many abandoned attempts, leading to wasted249

GPU hours and API usage. Moreover, while the system can generate novel directions,250

it lacks deep contextual judgment, making some ideas impractical or disconnected from251

broader scientific discourse. Compared with human researchers, AI also requires stronger252

coordination in areas such as political and ethical perspectives, allocation of resources for253

research, and handling of metadata not explicitly represented in the paper.254
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Agents4Science Paper Checklist255

1. Claims256

Question: Do the main claims made in the abstract and introduction accurately reflect the257

paper’s contributions and scope?258

Answer: [Yes]259

Justification: The abstract and introduction accurately reflect the contributions and scope of260

the paper.261

Guidelines:262

• The answer NA means that the abstract and introduction do not include the claims263

made in the paper.264

• The abstract and/or introduction should clearly state the claims made, including the265

contributions made in the paper and important assumptions and limitations. A No or266

NA answer to this question will not be perceived well by the reviewers.267

• The claims made should match theoretical and experimental results, and reflect how268

much the results can be expected to generalize to other settings.269

• It is fine to include aspirational goals as motivation as long as it is clear that these goals270

are not attained by the paper.271

2. Limitations272

Question: Does the paper discuss the limitations of the work performed by the authors?273

Answer: [No]274

Justification: The paper does not explicitly discuss the limitations of the work performed by275

the authors.276

Guidelines:277

• The answer NA means that the paper has no limitation while the answer No means that278

the paper has limitations, but those are not discussed in the paper.279

• The authors are encouraged to create a separate "Limitations" section in their paper.280

• The paper should point out any strong assumptions and how robust the results are to281

violations of these assumptions (e.g., independence assumptions, noiseless settings,282

model well-specification, asymptotic approximations only holding locally). The authors283

should reflect on how these assumptions might be violated in practice and what the284

implications would be.285

• The authors should reflect on the scope of the claims made, e.g., if the approach was286

only tested on a few datasets or with a few runs. In general, empirical results often287

depend on implicit assumptions, which should be articulated.288

• The authors should reflect on the factors that influence the performance of the approach.289

For example, a facial recognition algorithm may perform poorly when image resolution290

is low or images are taken in low lighting.291

• The authors should discuss the computational efficiency of the proposed algorithms292

and how they scale with dataset size.293

• If applicable, the authors should discuss possible limitations of their approach to294

address problems of privacy and fairness.295

• While the authors might fear that complete honesty about limitations might be used by296

reviewers as grounds for rejection, a worse outcome might be that reviewers discover297

limitations that aren’t acknowledged in the paper. Reviewers will be specifically298

instructed to not penalize honesty concerning limitations.299

3. Theory assumptions and proofs300

Question: For each theoretical result, does the paper provide the full set of assumptions and301

a complete (and correct) proof?302

Answer: [NA]303

Justification: The paper does not present formal theoretical results, assumptions, or proofs.304

Guidelines:305
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• The answer NA means that the paper does not include theoretical results.306

• All the theorems, formulas, and proofs in the paper should be numbered and cross-307

referenced.308

• All assumptions should be clearly stated or referenced in the statement of any theorems.309

• The proofs can either appear in the main paper or the supplemental material, but if310

they appear in the supplemental material, the authors are encouraged to provide a short311

proof sketch to provide intuition.312

4. Experimental result reproducibility313

Question: Does the paper fully disclose all the information needed to reproduce the main ex-314

perimental results of the paper to the extent that it affects the main claims and/or conclusions315

of the paper (regardless of whether the code and data are provided or not)?316

Answer: [Yes]317

Justification: The paper provides sufficient detail to reproduce the main experimental results.318

Guidelines:319

• The answer NA means that the paper does not include experiments.320

• If the paper includes experiments, a No answer to this question will not be perceived321

well by the reviewers: Making the paper reproducible is important.322

• If the contribution is a dataset and/or model, the authors should describe the steps taken323

to make their results reproducible or verifiable.324

• We recognize that reproducibility may be tricky in some cases, in which case authors325

are welcome to describe the particular way they provide for reproducibility. In the case326

of closed-source models, it may be that access to the model is limited in some way327

(e.g., to registered users), but it should be possible for other researchers to have some328

path to reproducing or verifying the results.329

5. Open access to data and code330

Question: Does the paper provide open access to the data and code, with sufficient instruc-331

tions to faithfully reproduce the main experimental results, as described in supplemental332

material?333

Answer: [Yes]334

Justification: We provide the complete code and result in a zip file.335

Guidelines:336

• The answer NA means that paper does not include experiments requiring code.337

• Please see the Agents4Science code and data submission guidelines on the conference338

website for more details.339

• While we encourage the release of code and data, we understand that this might not be340

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not341

including code, unless this is central to the contribution (e.g., for a new open-source342

benchmark).343

• The instructions should contain the exact command and environment needed to run to344

reproduce the results.345

• At submission time, to preserve anonymity, the authors should release anonymized346

versions (if applicable).347

6. Experimental setting/details348

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-349

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the350

results?351

Answer: [Yes]352

Justification: The paper specifies the training and test details needed to understand the353

results.354

Guidelines:355

• The answer NA means that the paper does not include experiments.356

11



• The experimental setting should be presented in the core of the paper to a level of detail357

that is necessary to appreciate the results and make sense of them.358

• The full details can be provided either with the code, in appendix, or as supplemental359

material.360

7. Experiment statistical significance361

Question: Does the paper report error bars suitably and correctly defined or other appropriate362

information about the statistical significance of the experiments?363

Answer: [No]364

Justification: The paper does not include error bars, confidence intervals, or statistical365

significance tests.366

Guidelines:367

• The answer NA means that the paper does not include experiments.368

• The authors should answer "Yes" if the results are accompanied by error bars, confi-369

dence intervals, or statistical significance tests, at least for the experiments that support370

the main claims of the paper.371

• The factors of variability that the error bars are capturing should be clearly stated372

(for example, train/test split, initialization, or overall run with given experimental373

conditions).374

8. Experiments compute resources375

Question: For each experiment, does the paper provide sufficient information on the com-376

puter resources (type of compute workers, memory, time of execution) needed to reproduce377

the experiments?378

Answer: [No]379

Justification: The paper does not provide details about the computational resources.380

Guidelines:381

• The answer NA means that the paper does not include experiments.382

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,383

or cloud provider, including relevant memory and storage.384

• The paper should provide the amount of compute required for each of the individual385

experimental runs as well as estimate the total compute.386

9. Code of ethics387

Question: Does the research conducted in the paper conform, in every respect, with the388

Agents4Science Code of Ethics (see conference website)?389

Answer: [Yes]390

Justification: The research conforms with the Agents4Science Code of Ethics.391

Guidelines:392

• The answer NA means that the authors have not reviewed the Agents4Science Code of393

Ethics.394

• If the authors answer No, they should explain the special circumstances that require a395

deviation from the Code of Ethics.396

10. Broader impacts397

Question: Does the paper discuss both potential positive societal impacts and negative398

societal impacts of the work performed?399

Answer: [No]400

Justification: The paper does not discuss potential societal impacts.401

Guidelines:402

• The answer NA means that there is no societal impact of the work performed.403

• If the authors answer NA or No, they should explain why their work has no societal404

impact or why the paper does not address societal impact.405
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• Examples of negative societal impacts include potential malicious or unintended uses406

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations,407

privacy considerations, and security considerations.408

• If there are negative societal impacts, the authors could also discuss possible mitigation409

strategies.410
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