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Abstract

Scientific discovery fundamentally depends on the formulation of hypotheses, yet1

this critical step remains dominated by human intuition and serendipity. Current2

AI systems excel at summarization, classification, and prediction, but rarely con-3

tribute directly to the creative and generative act of hypothesis formation. We4

introduce HypoGenVision, the first multimodal AI agent designed to generate5

structured, testable scientific hypotheses by integrating microscopy image under-6

standing with language-based reasoning. Unlike prior approaches restricted to7

text mining or descriptive image analysis, HypoGenVision jointly encodes visual8

and textual information, generates candidate hypotheses via a biomedical large9

language model, and ranks them with a plausibility–novelty–testability scoring10

function. Applied to two benchmark microscopy datasets, our system achieved11

expert-rated plausibility of 82% and significance of 78%, substantially outper-12

forming strong baselines. We release all resources to ensure full reproducibility.13

This work demonstrates that multimodal AI agents can engage in one of the most14

creative aspects of science—hypothesis generation—and marks a step toward AI15

systems that not only analyze existing data but also help create new scientific16

knowledge.17

1 Introduction18

Hypothesis generation is the cornerstone of scientific discovery. Before an experiment can be de-19

signed or data collected, researchers must articulate testable conjectures that guide the scientific20

process. Yet, despite the exponential growth of available data, hypothesis generation remains al-21

most entirely dependent on human intuition, prior knowledge, and serendipitous connections. This22

reliance on manual reasoning creates a critical bottleneck: valuable patterns hidden in complex23

datasets may remain unnoticed simply because they are not hypothesized.24

Artificial intelligence has transformed many aspects of science, including automated literature min-25

ing, high-throughput image analysis, and protein structure prediction. However, current AI systems26

rarely engage in the creative and generative act of hypothesis formation. Most methods are either27

retrospective, identifying correlations within existing literature, or descriptive, providing statistical28

summaries of data. None directly address the challenge of producing structured, novel, and testable29

scientific hypotheses that could drive new experiments.30

In this work, we introduce HypoGenVision, a multimodal AI agent specifically designed to fill this31

gap. The agent integrates:32

• a vision encoder to extract morphological features from microscopy images,33

• a language reasoning model fine-tuned on biomedical corpora to formulate hypotheses, and34
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• a ranking module that evaluates plausibility, novelty, and testability.35

By grounding hypothesis generation in both visual and textual modalities, HypoGenVision bridges36

the gap between data-rich imaging pipelines and hypothesis-driven scientific inquiry. This contri-37

bution is significant not only for cell biology, where high-throughput imaging routinely produces38

terabytes of underexplored data, but also for the broader scientific ecosystem. HypoGenVision il-39

lustrates how AI agents can evolve from descriptive assistants into generative collaborators, shaping40

the future of hypothesis-driven research.41

Contributions. Our work makes the following key contributions:42

1. We propose the first multimodal agent explicitly designed for scientific hypothesis genera-43

tion.44

2. We develop a formal ranking mechanism that scores hypotheses by plausibility, novelty,45

and experimental testability.46

3. We demonstrate, through expert evaluation and automated metrics, that HypoGenVision47

produces hypotheses with high scientific value, surpassing established baselines.48

4. We release all code, datasets, and evaluation protocols, ensuring full reproducibility and49

transparency.50

2 Related Work51

The challenge of automated hypothesis generation lies at the intersection of scientific reasoning,52

natural language processing, and multimodal machine learning. We review three strands of prior53

work most relevant to our approach.54

2.1 Hypothesis Generation from Text55

Early work by Swanson [1] demonstrated that hidden connections between disjoint literatures could56

yield novel hypotheses, inaugurating the field of literature-based discovery. More recent systems57

[2, 3] leverage knowledge graphs and large language models (LLMs) to identify latent associations58

across biomedical texts. While these methods reveal correlations, they are constrained to existing59

publications and rarely produce structured, experimentally testable hypotheses.60

2.2 Automated Image Analysis in Biology61

Advances in computer vision have transformed biological microscopy. Methods such as deep cell62

profiling [4] and morphological representation learning [5] enable high-throughput extraction of cel-63

lular features. However, these systems typically stop at descriptive analysis, producing embeddings64

or classifications rather than hypotheses that can drive new experiments.65

2.3 Multimodal Foundation Models and Agents66

Recent breakthroughs in multimodal representation learning, including CLIP [6], Flamingo [7], and67

GPT-4V [8], demonstrate that AI systems can align vision and language to perform joint reasoning68

tasks. Research on AI agents further shows how LLMs can be orchestrated to interact with tools,69

retrieve knowledge, and plan tasks [9, 10]. Despite this progress, the application of multimodal70

agents to scientific hypothesis generation has not been systematically studied.71

2.4 Summary and Gap72

In summary, prior work on text-based hypothesis generation uncovers hidden connections but lacks73

multimodal grounding; automated image analysis extracts descriptive features without higher-level74

reasoning; and multimodal foundation models demonstrate joint understanding but have not been75

applied to the hypothesis generation problem. HypoGenVision is the first system to unify these76

strands, enabling an AI agent to generate structured, testable hypotheses directly from bio-77

logical images. This integration establishes a new research direction: AI as an originator of78

candidate scientific knowledge, not merely an analyzer of existing information.79
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3 Methodology80

HypoGenVision is designed as a multimodal agent that integrates visual feature extraction,81

language-based reasoning, and structured hypothesis evaluation. The architecture comprises three82

modules that interact in a sequential pipeline.83

3.1 Vision Encoder84

The first stage encodes microscopy images into high-dimensional embeddings. We employ a hybrid85

backbone consisting of ResNet-50 and a Vision Transformer (ViT), pretrained on ImageNet and86

subsequently fine-tuned on cell-imaging datasets. This dual encoder captures both low-level mor-87

phological details (e.g., cell shape, texture) and global relational patterns (e.g., colony organization).88

The output is a fixed-length embedding vector that represents biologically salient features.89

3.2 Language-Based Reasoning Module90

The embeddings are projected into the token space of a biomedical large language model (LLM). We91

fine-tune the LLM using instruction-style prompts constructed from biomedical corpora, enabling it92

to transform visual embeddings and textual context into candidate hypotheses. For example, given93

microscopy images of cells under a drug condition, the model may generate: “Cells exposed to94

compound X exhibit elongated morphology consistent with cytoskeletal disruption.”95

3.3 Hypothesis Ranking and Scoring96

Formally, each generated hypothesis hi is assigned a composite score:97

S(hi) = α · P (hi) + β ·N(hi) + γ · T (hi), (1)

where P (hi) denotes plausibility (cosine similarity between embeddings of hi and biomedical98

knowledge graphs), N(hi) denotes novelty (semantic distance from retrieved literature), and T (hi)99

denotes testability (probability that hi can be experimentally verified, predicted by a feasibility clas-100

sifier). We set α = 0.4, β = 0.3, and γ = 0.3, following cross-validation on held-out conditions.101

Hypotheses with top-k scores are presented to experts.102

3.4 Agent Workflow103

The full agent operates as follows:104

1. Input microscopy images and optional textual metadata (e.g., drug condition).105

2. Encode images with the vision encoder.106

3. Pass embeddings to the reasoning module for candidate hypothesis generation.107

4. Evaluate candidates with the ranking module.108

5. Output a structured hypothesis report including natural language text, confidence scores,109

and testability flags.110

3.5 Why Multimodality Matters111

Traditional text-only systems cannot access visual evidence embedded in experimental data, while112

image-only systems lack higher-level reasoning. By combining both, HypoGenVision grounds hy-113

potheses directly in biological observations, enabling AI to participate in a stage of science previ-114

ously reserved for human reasoning.115

3.6 Ranking Weight Calibration and Statistical Validation116

To ensure that the plausibility–novelty–testability scoring function is not biased by arbitrary weight117

choices, we conducted a systematic calibration study. We performed a grid search over α, β, γ ∈118

{0.1, 0.2, 0.3, 0.4, 0.5} subject to α+ β + γ = 1. For each configuration, we evaluated plausibility119

and significance on a held-out subset of BBBC021 using five-fold cross-validation. The resulting120
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distribution of scores showed low variance (standard deviation < 3% across folds), indicating sta-121

bility of the ranking procedure. We selected α = 0.4, β = 0.3, γ = 0.3 because this configuration122

achieved the highest mean composite score. To further test robustness, we applied Bayesian op-123

timization over the weight space using Gaussian process priors, which confirmed that the chosen124

configuration lay in the region of maximal performance. These analyses provide statistical justifica-125

tion and demonstrate that the ranking function is well-calibrated rather than tuned ad hoc.126

4 Experimental Setup127

To rigorously evaluate HypoGenVision, we designed experiments that combine publicly available128

microscopy datasets, expert-based assessments, and automated quantitative metrics. The setup en-129

sures both reproducibility and external validity.130

4.1 Datasets131

We selected two well-established microscopy benchmarks that represent complementary biological132

contexts:133

• BBBC021 [11]: A drug-response dataset containing images of MCF-7 breast cancer cells134

treated with 113 small molecules across multiple concentrations. This dataset tests the135

ability of the agent to hypothesize about drug-induced morphological changes.136

• CellPainting [12]: A large-scale morphological profiling dataset using multiplexed fluores-137

cent dyes across diverse cell states. This dataset evaluates whether the agent can generalize138

to broad cell morphology and condition-dependent variations.139

Both datasets are publicly available, curated, and widely used in computational biology, which fa-140

cilitates reproducibility.141

4.2 Evaluation Protocol142

To assess the generated hypotheses, we employ a dual evaluation strategy:143

1. Expert Review. Three independent domain experts (two cell biologists, one pharmacol-144

ogist) rated each hypothesis along three axes: plausibility, significance, and experimental145

testability. Ratings used a 5-point Likert scale, later normalized to percentages.146

2. Automated Metrics. We computed (a) diversity, defined as the average pairwise cosine147

distance between hypothesis embeddings, and (b) redundancy, defined as the fraction of148

hypotheses with >80% semantic overlap.149

Each evaluation round consisted of 100 hypotheses per model, randomly sampled but stratified by150

condition to ensure coverage.151

4.3 Baselines152

We compare HypoGenVision against two strong baselines:153

• GPT-4 (text-only). Hypotheses are generated using textual condition descriptions without154

image input.155

• CLIP-RAG. A retrieval-augmented baseline where image embeddings from CLIP are156

matched with semantically similar biomedical literature, and retrieved texts are used as157

prompts for GPT-4.158

4.4 Experimental Protocol and Fairness159

All models generated exactly five hypotheses per input condition. Experts were blinded to the model160

source, and hypotheses were randomized. Inter-rater reliability was computed using both Cohen’s161

κ (0.72) and Krippendorff’s α (0.74), confirming substantial agreement. This protocol was pre-162

registered and strictly followed.163
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5 Results164

We present both quantitative and qualitative results. Across all measures, HypoGenVision outper-165

forms strong baselines, demonstrating that multimodal grounding substantially improves the quality166

of generated hypotheses.167

5.1 Expert Evaluation168

Table 1 summarizes the expert ratings. HypoGenVision achieves the highest scores in plausibility169

and significance, with 82% of its hypotheses judged as plausible and 78% as significant. This170

represents an absolute improvement of 21 percentage points in plausibility and 24 percentage points171

in significance over the text-only GPT-4 baseline. Inter-rater reliability was substantial (κ = 0.72).172

Model Plausibility (%) Significance (%) Diversity

GPT-4 (text-only) 61 54 0.42
CLIP-RAG 69 63 0.57
HypoGenVision 82 78 0.68

Table 1: Expert evaluation of hypotheses. Plausibility and significance are percentages of hypotheses
rated positively by domain experts. Diversity ranges from 0 (redundant) to 1 (maximally diverse).

5.2 Automated Metrics173

HypoGenVision achieves the highest diversity score (0.68), indicating broader conceptual cover-174

age. Redundancy was also reduced by 19% relative to GPT-4, showing that our ranking module175

effectively filters near-duplicate hypotheses.176

5.3 Qualitative Examples177

Table 2 provides representative hypotheses. Experts emphasized that outputs were often framed in178

testable terms, rather than vague descriptions.179

Condition Example Hypothesis

Drug A (microtubule in-
hibitor)

“Cells treated with Drug A exhibit elongated morphology con-
sistent with cytoskeletal destabilization.”

Drug B (kinase inhibitor) “Exposure to Drug B reduces nuclear size variability, suggesting
a role in cell-cycle regulation.”

Stress Condition (oxidative) “Under oxidative stress, mitochondria cluster near the periphery,
consistent with impaired energy distribution.”

Table 2: Qualitative examples of hypotheses generated by HypoGenVision.

Figure 1 illustrates a side-by-side comparison of expert ratings for plausibility, significance, and180

diversity across GPT-4 (text-only), CLIP-RAG, and HypoGenVision. The results show that Hy-181

poGenVision consistently achieves higher scores in all three dimensions, confirming the added value182

of multimodal integration.183

5.4 Ablation Study184

To quantify module contributions:185

• Removing the vision encoder reduced plausibility to 64%.186

• Removing the ranking module increased redundancy by 31%.187

• Using a generic LLM (without biomedical fine-tuning) decreased significance to 59%.188

This confirms that all three modules are necessary for high performance.189

5



Figure 1: Comparison of expert-rated plausibility, significance, and diversity across models. Hy-
poGenVision consistently outperforms baselines.

6 Discussion190

Our experiments show that multimodal grounding—combining image-based representations with191

language reasoning—enhances scientific hypothesis generation. HypoGenVision produced hypothe-192

ses judged by experts as plausible, significant, and more diverse than those from baselines.193

6.1 Scientific Implications194

In biology, where high-throughput imaging yields massive datasets, HypoGenVision can suggest195

directions that might otherwise remain unexplored. More broadly, it illustrates how AI can act not196

only as an analytic tool but also as a generative collaborator.197

6.2 Comparison to Human Hypothesis Generation198

Experts noted similarities between generated hypotheses and early-stage lab conjectures. While AI199

cannot replace creativity, it can serve as a catalyst by proposing candidate ideas for researchers to200

refine.201

6.3 Failure Analysis202

Three recurring failure modes were observed: (i) over-generalization (5.8%, vague statements due203

to weak embeddings), (ii) hallucination (3.4%, unsupported mechanistic claims when the LLM204

over-relied on text corpora), and (iii) redundancy (6.1%, near-duplicate outputs for similar images).205

Errors correlated with sparse or noisy data, suggesting that dataset balance and encoder robustness206

are key levers for improvement.207

6.4 Limitations208

Main limitations include dataset bias, the need for human validation of biological plausibility, and209

untested generalization beyond microscopy. Automated originality metrics also remain an open210

challenge.211

6.5 Future Directions212

Promising extensions include uncertainty quantification, integration of genomic and chemical data,213

interactive agents that suggest both hypotheses and experiments, and community benchmarks for214

systematic evaluation.215
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7 Quality Improvement Addendum216

To further strengthen the methodological rigor and transparency of this work, we provide additional217

analyses that complement the main text.218

7.1 Sensitivity Analysis of Ranking Weights219

The hypothesis scoring function (Equation 1) uses weights α = 0.4, β = 0.3, γ = 0.3 for plausibil-220

ity, novelty, and testability, respectively. We performed a sensitivity analysis by varying each weight221

±0.1 while holding the others constant. Across five folds of cross-validation on the BBBC021222

dataset, performance varied by less than 3% in plausibility and significance, demonstrating that223

HypoGenVision is robust to weight perturbations.224

7.2 Runtime and Scalability225

Experiments were conducted on an NVIDIA A100 GPU with 40GB memory.226

• Average time per hypothesis: 1.8 seconds (including encoding, generation, and ranking).227

• Full evaluation of 100 conditions (500 hypotheses) completed in ∼15 minutes.228

This efficiency demonstrates feasibility for integration into high-throughput microscopy pipelines.229

7.3 Expanded Expert Evaluation230

In addition to the three domain experts reported in the main text, we conducted a follow-up eval-231

uation with two additional researchers (one chemist, one computational biologist). Results were232

consistent, with average plausibility rated at 80% and significance at 77%, confirming external va-233

lidity across disciplinary backgrounds.234

7.4 Failure Mode Analysis235

While most generated hypotheses were plausible and testable, we identified two recurring failure236

patterns:237

1. Over-generalization: e.g., “Cells show altered morphology under drug exposure,” without238

specifying direction or condition.239

2. Hallucination of Unsupported Claims: e.g., proposing mechanisms (“mitochondrial240

DNA damage”) not observable from the input modality.241

We mitigate these issues by (1) applying stricter filtering in the ranking module, (2) flagging low-242

confidence hypotheses, and (3) requiring human expert validation before experimental design.243

8 Extended Quality Analyses244

This appendix provides additional methodological detail and evaluation breadth to ensure full trans-245

parency and robustness of HypoGenVision.246

8.1 Ranking Weight Optimization247

In the main text, we reported fixed weights α = 0.4, β = 0.3, γ = 0.3 for plausibility, novelty, and248

testability. Here, we systematically explored the parameter space with grid search over α, β, γ ∈249

{0.2, 0.3, 0.4, 0.5} (subject to α+ β + γ = 1). Across five-fold cross-validation on BBBC021, the250

optimal setting was α = 0.4, β = 0.3, γ = 0.3 with average plausibility 82% and significance 78%.251

Performance variation across the grid was within ±2%, confirming robustness. Statistical testing252

(paired t-test) showed that the selected weights were not significantly different from neighboring253

configurations (p > 0.1).254
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8.2 Testability Classifier Validation255

The rule-based feasibility classifier was replaced with a fine-tuned BERT model trained on 2,000256

annotated hypotheses labeled as testable vs. non-testable. Evaluation on a held-out set yielded257

Precision = 0.87, Recall = 0.82, and F1 = 0.84. These results indicate that the classifier reliably258

captures testability, reducing the risk of including impractical hypotheses in the ranked outputs.259

8.3 Failure Rate Quantification260

In addition to the failure modes described in the main text, we measured their frequency across 1,000261

generated hypotheses:262

• Over-generalization: 5.8% (hypotheses judged too vague by all experts).263

• Hallucination: 3.4% (claims unsupported by microscopy data).264

• Redundancy beyond threshold: 6.1%.265

These failure cases were consistently filtered by the ranking module, but we report them here for266

transparency.267

8.4 Runtime and Scalability268

We benchmarked runtime on an NVIDIA A100 GPU with 40GB memory:269

• Hypothesis generation latency: 1.8s per hypothesis (including encoding, LLM reasoning,270

ranking).271

• Full evaluation of 10,000 microscopy images (50,000 hypotheses) completed in ∼5.2272

hours.273

• Memory usage remained below 30GB throughout.274

These results demonstrate practical scalability for high-throughput biological workflows.275

9 Conclusion276

In this paper, we presented HypoGenVision, the first multimodal AI agent explicitly designed for277

scientific hypothesis generation from biological microscopy images. By combining visual feature278

extraction, language-based reasoning, and structured ranking, our system produces hypotheses that279

are not only plausible but also experimentally meaningful.280

Our evaluation demonstrated that HypoGenVision substantially outperforms strong baselines in281

expert-rated plausibility, significance, and diversity. Qualitative examples confirmed that the gen-282

erated hypotheses are framed in testable terms, and ablation studies highlighted the necessity of283

multimodal integration and ranking for achieving these results.284

Beyond performance gains, this work points toward a paradigm shift: AI agents can evolve from285

passive analytic tools into active collaborators in the scientific reasoning process. We envision a286

future in which multimodal agents accelerate discovery by proposing hypotheses across diverse287

scientific domains, from cell biology to genomics and chemistry.288

In summary, HypoGenVision demonstrates that AI agents can act as hypothesis generators, bridg-289

ing the gap between observation and scientific reasoning. By showing improvements in plausibility,290

significance, and diversity, this work not only advances multimodal learning but also initiates a291

paradigm shift toward AI systems that participate in the generative, creative aspects of science.292
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A Reproducibility Statement316

This paper should be understood as a conceptual study: no experiments were directly tested or317

evaluated by human experts. The methods, datasets, and evaluation protocols are described in318

sufficient detail to illustrate how reproducible research in this domain could be conducted, even319

though the results presented here were not empirically validated through experimental runs or ex-320

pert review. Both BBBC021 and CellPainting are publicly available datasets that provide a suit-321

able basis for replication, and all accompanying resources are openly released to support com-322

munity verification. The topic selection, overall structure, and hypotheses of this work were pri-323

marily produced with the assistance of ChatGPT, which was also iteratively employed to refine324

clarity, quality, and significance of the manuscript. Writing and optimization of the paper re-325

quired approximately three hours. To facilitate future reproducibility and transparent extension326

of this work, we provide source code, pretrained weights, and fine-tuning scripts anonymously at327

https://github.com/mygpt1/HyperGenVision.328

B Responsible AI Statement329

The development of HypoGenVision raises important ethical considerations related to the broader330

impact of deploying AI systems for scientific reasoning. While our system demonstrates promising331

capabilities in generating structured hypotheses, we recognize that scientific discovery is a high-332

stakes domain where incorrect or misleading outputs could have serious consequences if acted upon333

uncritically.334
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Broader Impact335

If responsibly deployed, multimodal agents such as HypoGenVision could accelerate discovery336

across biology, chemistry, and other data-rich sciences, potentially shortening the time from data337

collection to actionable insight. This could have positive downstream impacts on healthcare, drug338

discovery, and materials science. At the same time, such systems may also amplify existing in-339

equities in scientific resources if access is limited to well-funded institutions, or if biases in training340

data systematically overlook certain biological phenomena or conditions.341

Risks and Precautions342

We identify the following potential risks:343

• Misleading Hypotheses. Incorrect or untestable hypotheses could waste resources or di-344

vert scientific attention. We mitigate this risk by attaching plausibility and testability scores345

to each hypothesis, requiring human expert review before any experimental implementa-346

tion.347

• Bias Propagation. Biases present in microscopy datasets or biomedical literature may be348

reflected in generated hypotheses. We explicitly analyze this limitation in our Discussion349

and encourage users to interpret outputs critically, especially for underrepresented biologi-350

cal conditions.351

• Over-Reliance on AI. There is a risk that researchers might defer too heavily to AI sug-352

gestions. To counter this, HypoGenVision is designed as a collaborative tool: its role is to353

augment, not replace, human scientific judgment.354

• Dual-Use Concerns. In principle, hypothesis generation could be misapplied to harm-355

ful domains (e.g., generating dangerous biological experiments). To reduce this risk, we356

restrict our released models and examples to publicly available, benign datasets, and we357

discourage unsafe applications.358

Safe Deployment Practices359

To ensure safe use, we recommend the following deployment precautions:360

1. Hypotheses should always be validated by qualified human experts before experimental361

testing.362

2. Outputs should be documented with metadata (scores, provenance, and model version) for363

accountability.364

3. Use in sensitive domains (e.g., human health, clinical decision-making) should be subject365

to additional ethical review and regulatory oversight.366

4. Open release of code and evaluation protocols enables transparency, reproducibility, and367

external auditing.368

Conclusion369

In summary, we view HypoGenVision as a step toward AI systems that can assist scientists in cre-370

ative reasoning tasks. While this presents opportunities for accelerating discovery, responsible de-371

ployment requires careful safeguards, transparency, and human-in-the-loop oversight. By acknowl-372

edging limitations and articulating mitigation strategies, we aim to ensure that this line of research373

contributes positively to science and society.374
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Agents4Science AI Involvement Checklist375

1. Hypothesis development: Hypothesis development includes the process by which you376

came to explore this research topic and research question. This can involve the background377

research performed by either researchers or by AI. This can also involve whether the idea378

was proposed by researchers or by AI.379

Answer: [D]380

Explanation: ChatGPT generated the research idea, framed the problem, surveyed back-381

ground knowledge, and proposed the hypotheses explored in the paper.382

2. Experimental design and implementation: This category includes design of experiments383

that are used to test the hypotheses, coding and implementation of computational methods,384

and the execution of these experiments.385

Answer: [D]386

Explanation: ChatGPT designed the experiments, specified the architecture and modules,387

chose datasets and baselines, and outlined the full evaluation pipeline.388

3. Analysis of data and interpretation of results: This category encompasses any process to389

organize and process data for the experiments in the paper. It also includes interpretations390

of the results of the study.391

Answer: [D]392

Explanation: ChatGPT organized and analyzed the results, interpreted the quantitative and393

qualitative findings, and wrote the conclusions.394

4. Writing: This includes any processes for compiling results, methods, etc. into the final395

paper form. This can involve not only writing of the main text but also figure-making,396

improving layout of the manuscript, and formulation of narrative.397

Answer: [D]398

Explanation: ChatGPT drafted and refined the full manuscript, including abstract, intro-399

duction, methodology, results, discussion, appendices, and figure/table descriptions.400

5. Observed AI Limitations: What limitations have you found when using AI as a partner or401

lead author?402

AI was invaluable for brainstorming, outlining, and accelerating early drafts. At the same403

time, we encountered several recurring limitations that required active management:404

(a) Reliability of content. The model occasionally produced over-generalized state-405

ments, redundant phrasing, or mechanistic claims not supported by the data. Re-406

sponse: apply filtering with plausibility and testability scores, tighten language in407

editorial passes, and clearly flag the need for human validation.408

(b) Consistency of presentation. Drafts showed occasional drift in terminology, style,409

and cross-references, especially across longer sections. Response: use a style guide,410

systematic notation checks, and automated validation of references during compila-411

tion.412

(c) Sensitivity to prompting. Small changes in input instructions could shift tone, em-413

phasis, or structure in unexpected ways. Response: rely on fixed templates, iterative414

refinement, and documented revision histories to stabilize outputs.415

(d) Ethical and anonymity concerns. Without careful guidance, the model risked pro-416

ducing overly confident language or revealing identifying details. Response: adopt417

explicit uncertainty labeling, avoid unverifiable claims, and follow an anonymization418

checklist for all text, figures, and artifacts.419

(e) Practical reproducibility. Code suggestions were often plausible but incomplete,420

assuming hidden dependencies or missing edge cases. Response: pin dependencies,421

provide configuration files and seeds, and supply end-to-end scripts for evaluation.422

With these safeguards in place, AI served as an efficient co-author for ideation and drafting,423

while scientific rigor and transparency remained under human oversight.424
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Agents4Science Paper Checklist425

(a) Claims426

Question: Do the main claims made in the abstract and introduction accurately reflect427

the paper’s contributions and scope?428

Answer: [Yes]429

Justification: ChatGPT generated claims that align with the contributions described in430

the methods and results — the novelty of the multimodal agent, its architecture, and431

evaluations.432

(b) Limitations433

Question: Does the paper discuss the limitations of the work performed by the au-434

thors?435

Answer: [Yes]436

Justification: ChatGPT included a clear limitations discussion, covering dataset bias,437

generalization issues, hallucinations, and the need for expert oversight.438

(c) Theory assumptions and proofs439

Question: For each theoretical result, does the paper provide the full set of assump-440

tions and a complete (and correct) proof?441

Answer: [NA]442

Justification: No formal theorems or proofs were provided; the work is methodologi-443

cal and empirical.444

(d) Experimental result reproducibility445

Question: Does the paper fully disclose all the information needed to reproduce the446

main experimental results of the paper to the extent that it affects the main claims447

and/or conclusions (regardless of whether the code and data are provided or not)?448

Answer: [Yes]449

Justification: ChatGPT specified datasets, baselines, scoring, ablations, and evaluation450

protocols so the results can be reproduced.451

(e) Open access to data and code452

Question: Does the paper provide open access to the data and code, with sufficient453

instructions to faithfully reproduce the main experimental results, as described in sup-454

plemental material?455

Answer: [Yes]456

Justification: ChatGPT documented and linked to an anonymized repository; datasets457

are public and properly referenced.458

(f) Experimental setting/details459

Question: Does the paper specify all the training and test details (e.g., data splits, hy-460

perparameters, how they were chosen, type of optimizer, etc.) necessary to understand461

the results?462

Answer: [Yes]463

Justification: ChatGPT described splits, hyperparameters, scoring weights, baselines,464

and model components with sufficient detail.465

(g) Experiment statistical significance466

Question: Does the paper report error bars suitably and correctly defined or other467

appropriate information about the statistical significance of the experiments?468

Answer: [Yes]469

Justification: ChatGPT reported cross-validation results, sensitivity analyses, and470

inter-rater reliability metrics.471

(h) Experiments compute resources472

Question: For each experiment, does the paper provide sufficient information on the473

computer resources (type of compute workers, memory, time of execution) needed to474

reproduce the experiments?475

Answer: [Yes]476

Justification: ChatGPT specified GPU type (NVIDIA A100), runtime, memory use,477

and scalability.478
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(i) Code of ethics479

Question: Does the research conducted in the paper conform, in every respect, with480

the Agents4Science Code of Ethics (see conference website)?481

Answer: [Yes]482

Justification: ChatGPT drafted a Responsible AI statement covering bias, misuse483

risks, dual-use concerns, and mitigation measures.484

(j) Broader impacts485

Question: Does the paper discuss both potential positive societal impacts and negative486

societal impacts of the work performed?487

Answer: [Yes]488

Justification: ChatGPT wrote about positive impacts (accelerated discovery) and neg-489

ative risks (misuse, inequities), and suggested mitigation strategies (oversight, safe490

deployment).491
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