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Abstract12

13

Large language models (LLMs) are increasingly involved in scientific discovery, yet it14

remains unclear whether they can support complex real laboratory science. Here we introduce15

Science Edge Evaluation (SEE), a multimodal benchmark of expert-curated questions16

grounded in peer-reviewed literature and experimental practice in chemistry, biology, and17

materials science. Evaluation of 18 multimodal large language models (MLLMs) shows that18

even the best-performing model reaches only 48.7% accuracy. Moreover, general-purpose19

models outperform science-specialized models on average. In the visual-agent evaluation,20

the use of tools increases the best accuracy to 52.7%. Tool use can expand the information21

available to models, but more information does not necessarily lead to reliable scientific22

reasoning. The key challenge is whether models can manage tool-derived information within23

the boundaries of the original experimental evidence. Together, these findings reveal that24

current MLLMs still cannot reliably make justified and evidence-bounded inferences from25

experimental results, which is an essential capability in real scientific discovery. Bridging this26

gap requires MLLMs to transition from explaining established scientific concepts to deriving27

novel and evidence-based insights from experimental data.28

Large language models (LLMs) and their agentic extensions are increasingly used as assistants29

for scientific discovery1–3. Current evaluations frame science capability along either disciplinary30

knowledge or procedural research skill. The former uses text-only suites to score knowledge31

breadth over curated closed-ended items4–7. Expert-level and domain-specific tests raise the32

di!culty of those items with frontier academic examinations and problems drawn from litera-33

ture8–11, while Olympiad and exam-grade collections push the di!culty even further12–15. The34

latter requires agentic systems to assist or execute research workflows, from tool-augmented35

chemical experimentation and autonomous laboratories to end-to-end paper production16–21.36

Their evaluations reward procedures, including whether a plan was executed, a tool call was37

successful, or a workflow ended with an answer22. Even benchmarks that claimed to be built38

closer to laboratory practice mainly ask whether a domain-specific answer is correct23–26. High39
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scores in these protocols certify knowledge coverage and procedural fluency27, but do not certify40

the reasoning process that research depends on28.41

The distinction at issue is not one of di!culty but of what the task demands. In the laboratory,42

conclusions are assembled from imperfect observations, including spectra, gel images, or di"raction43

patterns, together with tabular measurements and textual context. Interpreting such evidence44

correctly is an expert skill29. A critical judgment, moreover, lies in determining which conclusions45

the observations can support and where the limits of that support lie. Existing protocols bypass46

this judgment. When an item is scored only against a single verified answer, a correct and47

evidence-bounded conclusion is indistinguishable from one that is correct despite overreaching48

reasoning. LLMs assert unsupported content fluently with poor calibration30–32. What remains49

unmeasured, in both static and agentic settings, is the evidentiary boundary, i.e. whether a50

model reasons within the limits of the data it was given.51

To close this gap, we introduce Science Edge Evaluation (SEE), a multimodal benchmark52

constructed from authentic scientific tasks in chemistry, biology, and materials science. Its53

questions are adapted from peer-reviewed literature and experimental practice such that every54

answer must be licensed by the observations provided; SEE thus scores not only whether a model55

reaches the correct conclusion, but also whether that conclusion remains within the bounds56

of the available evidence. Our evaluation reveals that current multimodal LLMs (MLLMs)57

remain unreliable in realistic experimental settings and that their failures cannot be attributed to58

limited knowledge access alone. Rather, SEE exposes a fundamental deficiency in evidence-based59

scientific reasoning. A complementary analysis of tool-augmented visual agents further shows60

that tool access expands evidence acquisition but does not obviate the need for reliable evidence61

management across the interaction trajectory. In short, current models struggle to “SEE”62

multimodal observations across disciplines while maintaining rigorous adherence to the evidence63

at hand. By aligning evaluation with laboratory practice, SEE measures not only whether64

models possess scientific knowledge, but whether they can derive justified evidence-bounded65

conclusions from multimodal experimental data.66

Results67

Current MLLMs show limited reliability on SEE68

SEE contains 1,116 expert-curated questions derived from real scientific tasks in chemistry, biology69

and materials science, with 1,049 questions publicly released (Figure 1a). The benchmark covers70

17 reported sub-fields across three disciplines (Figure 1b) and includes both single-discipline71

and cross-disciplinary tasks (Figure 1c). Each question pairs textual context with multimodal72

experimental evidence, including figures, spectra, microscopy images, tables, measurement results73

and other laboratory data (Figure 1d); representative examples are shown in Extended Data74

Fig. 1. This design allows us to evaluate whether MLLMs can reason from experimental evidence75

rather than rely only on scientific knowledge or text-solvable cues.76
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Figure 1. Overview of SEE construction and composition. a, Construction pipeline for the 1,116-question
benchmark. Questions were generated from literature or real experimental scenarios, standardized with
AI-assisted checks, reviewed by domain experts and collected after quality-control criteria were met.
*1,049 questions are publicly released and 67 are withheld (contain unpublished data). b, Question
distribution across three disciplines and 17 sub-fields. c, Co-occurrence of sub-field labels. Edges connect
sub-field labels assigned to the same question, with thickness proportional to the number of shared
questions and color indicating within- or cross-discipline overlap. d, Evidence types across sub-fields.
Rows show eight real laboratory evidence types, and columns show sub-fields grouped by discipline.
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Following the evaluation protocol described in the Methods, we first report the overall accuracy77

of 18 representative MLLMs on SEE. All evaluated models achieve low accuracy on SEE in the78

standard evaluation setting (Figure 2a). The best model, GPT-5.6-Sol (Max), reaches 48.7%79

accuracy, and no model exceeds 50%. Across the 18 models, accuracy ranges from 17.6% to80

48.7%.81

The result at the discipline-level shows similar aggregate precision in all three main disciplines82

(Table S8 in Supplementary Information S2.8). Across all evaluated models, average accuracy is83

33.3% for chemistry, 32.3% for biology, and 29.6% for materials science.84

Performance di"erences become clearer at the sub-discipline level (Figure 2b; full per-model85

breakdown in Table S8). The lowest mean accuracies occur in organic and polymer materials86

(26.0%), inorganic chemistry (29.0%), polymer chemistry and physics (29.3%), and composite87

materials (29.4%). The highest reported sub-discipline accuracy is organic chemistry (38.8%),88

followed by metallic materials (35.7%), analytical chemistry (35.3%), and immunology (35.2%).89

Sub-disciplines with small sample sizes should be interpreted with care.90

The radar plot shows that no single model demonstrates universal dominance throughout91

scientific spectrum. However, proficiency remains highly domain-contingent. Additionally, we92

penalized Claude Opus 4.8 and Claude Opus 5 for a subset of safety-related refusals (marked with93

asterisks in the related figures and tables), which are triggered exclusively in the biochemistry94

section by questions involving virus–host interactions, pathogen structural biology, and related95

experimental techniques (e.g., cryo-EM, immunoblotting, viral neutralization assays), to ensure96

a fair comparison across all models.97

General-purpose models outperform science-specialized models98

We next compare general-purpose and science-specialized MLLMs to examine whether domain99

adaptation improves performance on SEE. Within the tested model set, the three science-100

specialized models remain below the general-purpose average on SEE (Figure 2a), with an101

average accuracy of 24.3% compared to 34.9% for the general-purpose models. However, Intern-102

S2 Preview-397B reaches 29.0%, outperforming several mid-tier general-purpose models and103

narrowing the gap relative to earlier science-specialized models.104

We observe that the phenomenon of leading general-purpose models outperforming domain-105

specific models is not unique to our setting, but also appears in other fields such as clinical106

medicine33. This suggests that simply specializing a model through post-training or augmenting107

it with retrieval-augmented generation (RAG) does not necessarily lead to improved performance.108

These results suggest that success on SEE requires more than domain-specific factual familiarity.109

Science-specialized training may improve exposure to scientific terminology, concepts, and task110

formats, but SEE requires models to combine such knowledge with visual experimental evidence111

and specific experimental context. The gap between science-specialized and leading general-112

purpose models therefore indicates that robust scientific reasoning in real experimental settings113
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b

Accuracy(%)

Figure 2. Model performance on SEE across overall and discipline-level evaluations. a, Overall accuracies
of the evaluated MLLMs on SEE. General-purpose and science-specialized models are shown in blue and
brown, respectively. Dashed vertical lines indicate the mean accuracy within each model category, with
colors matching the corresponding bars. b, Discipline-level results for all 18 evaluated models, ordered by
overall accuracy. Each axis reports accuracy on one reported sub-discipline label, with axis labels and
spokes colored by broad discipline. Concentric rings mark 20%, 40%, 60%, 80% and 100% accuracy, and
the red ring highlights 60%. Asterisks indicate safety-filtered no-response cases involving viral biology
and pathogen structural characterization; these cases are counted as incorrect.
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depends not only on domain adaptation, but also on broader multimodal understanding and114

flexible evidence-grounded reasoning.115

Interdisciplinary complexity reduces model performance116

As noted above, greater exposure to a specific scientific domain does not necessarily translate into117

reliable reasoning across broader scientific contexts. In practice, scientific discovery often crosses118

disciplinary boundaries and requires integrating knowledge, assumptions, and observations from119

multiple fields. To reflect this reality, SEE explicitly includes interdisciplinary questions spanning120

biology, chemistry, and materials science. This design is central to the benchmark, whose goal is121

not only to test whether models know isolated scientific facts, but also to evaluate whether they122

can integrate heterogeneous evidence across disciplinary contexts.123

We first examine the performance gap between single-discipline and cross-discipline questions.124

Across all models, the average accuracy is 36.1% on questions within a single main discipline,125

but drops to 29.5% on questions that span multiple main disciplines. This 6.6% gap suggests126

that cross-disciplinary settings impose additional coordination demands beyond those captured127

by single-discipline evaluation.128

We next examine cross-subdisciplinary complexity. Averaged across all models, performance129

remains similar for questions annotated with one or two subdisciplinary labels, with accuracies130

of 37.4% and 36.5%, respectively. However, the accuracy drops to 30.4% for questions with131

three labels and further to 29.0% for questions with four labels. This pattern suggests that132

performance degrades as a task requires coordination across a larger number of scientific concepts,133

experimental techniques, or forms of evidence.134

Together, these results show that interdisciplinary tasks provide a stringent stress test of model135

robustness. Such tasks require models to integrate scientific terminology, experimental assump-136

tions, visual evidence, and multistep reasoning within a single response. The interdisciplinary137

design of SEE therefore assesses whether current MLLMs can coordinate knowledge and evidence138

across the boundaries commonly encountered in real-world research. To be considered robust in139

a research setting, a model must maintain coherent reasoning even when a problem falls outside140

the distributions most frequently represented in training.141

Visual ablation exposes weak evidence-boundary awareness in MLLM142

To evaluate the level of hallucination of MLLMs by investigating their ability to recognize143

missing information, we performed a blind-modality diagnostic by removing image inputs while144

preserving the original textual queries across 18 models. This experiment serves as a critical145

test for grounding. A truly intelligent system should identify when a scientific conclusion is146

impossible without visual evidence. Across 20,088 text-only instances, models identified missing147

information in only 921 cases (4.6%, Figure 3). This remarkably low rate suggests that current148

MLLMs are prone to blind hallucination, attempting to derive scientific answers from linguistic149
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Missing-image acknowledgement (%) Accuracy with vs. without the question image (%)

Figure 3. Text-only ablation results for missing-image acknowledgment and accuracy. Left panel, explicit
missing-image acknowledgment rates in the text-only ablation test. The denominator is the number of
text-only instances for each model. The numerator is the number of responses that explicitly recognize
missing image or visual evidence. Empty outputs, generation errors, generic refusals, and other non-answer
cases are not counted. Right panel, accuracy comparison between the original image-conditioned setting
and the text-only setting after removing the question image. Blue points indicate the image-conditioned
baseline, and brown points indicate the text-only setting. Model order is matched between panels.
Asterisks denote safety-filtered no-response cases counted under the strict evaluation protocol.

priors rather than admitting a lack of empirical evidence. Removing the image also lowers150

accuracy for every model, by 12.2 percentage points on average; this and further text-only151

diagnostics are reported in Supplementary Information S2.7 (Figure S1).152

This result reveals limited awareness of evidential boundaries in current MLLMs. When visual153

inputs are removed, models often continue to answer based on textual cues, prior knowledge, or154

common scientific patterns, rather than recognizing that the available evidence is insu!cient.155

This behavior is especially concerning in real-world scientific settings, where decisions are often156

made under incomplete or ambiguous information and where unsupported but confident answers157

may pose greater risks than appropriate abstention. Thus, this ablation analysis provides158

a diagnostic signal that current MLLMs do not yet consistently reason within the limits of159

experimental evidence.160

Model failures reveal perceptual and inferential weaknesses161

To understand why current MLLMs fail on SEE, we further inspect representative incorrect162

responses and identify five recurring failure modes (Figure 4). These errors fall into two categories:163

the first two are failures in perception, where models do not faithfully extract or use visual164

evidence, and the next two are failures in inference, where models cannot maintain evidence-165
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constrained reasoning over the available observations, measurements and context. Remaining166

failure modes that cannot be categorized are grouped as other errors. These errors are mainly167

due to inability to infer the expected number of correct options in multiple-choice questions.168

Prior knowledge overrideLimited visual precision

The image itself does not 

show GFP-TCL1A enrichment 

in nuclear-like structures.

Prior mechanism text replaced 

direct visual inspection.

Correct answer:  CD Wrong answer: D

The replacement criterion is 

when the Y-HX curve 

reaches 2.0% creep strain.

The model understood the 

criterion but lost the answer 

through imprecise curve reading.

Correct answer:  613 ± 60 h Wrong answer: 800 h

Inconsistency through reasoning Overextrapolation

Code verified one local 

parameter in choice B: c is 

about 0.393 nm.

Draws peak value of an irrelevant 

compound from memory

Correct answer:  A Wrong answer: B

High-LS regions are enriched 

for labeled residues, but the 

DOL scatter remains broad.

The model turned enrichment into 

a sharp steric-threshold 

mechanism. 

Correct answer:  C Wrong answer: A

cb

d e

DOI: 10.1080/21663831.2025.2558096 DOI: 10.1038/s41467-026-69744-y 

DOI: 10.1038/s41467-025-68117-1 DOI: 10.1038/s41467-025-58602-y 

a Distribution of  primary failures across models

Figure 4. Failure-mode distribution and representative error cases on SEE. a, Heatmap showing the
proportions of five primary failure modes across all 18 models. Each incorrect response is assigned
to one primary failure mode, and percentages indicate the proportion of categorized errors for each
model. Asterisks indicate safety-filtered no-response cases involving viral biology and pathogen structural
characterization; these cases are counted as incorrect. b, Limited visual precision arises when a model
identifies the relevant criterion but cannot accurately read quantitative information from the figure. c,
Prior knowledge override occurs when a model substitutes a familiar scientific mechanism for direct
inspection of the visual evidence. d, Inconsistency through reasoning occurs when a model fails to
integrate local observations into a coherent global conclusion and instead selects an irrelevant memorized
feature. e, Overextrapolation occurs when a model turns partial or broad experimental evidence into a
stronger mechanistic conclusion than the data support. Green boxes indicate the evidence supporting the
correct answer, and orange boxes indicate the model’s wrong answer and failure pattern.
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Limited Visual Precision A substantial proportion of model failures are due to inadequate169

visual reading precision (tasks requiring the extraction of exact numerical values from spectra,170

standard curves, or instrument readouts). These failures expose that the visual encoders of171

current MLLMs are pattern recognizers rather than measurement instruments. They excel172

at categorical judgments, but perform poorly at fine-grained quantitative extraction. This173

perceptual inaccuracy can propagate downstream, causing the model to arrive at incorrect174

conclusions even when it possesses sound domain knowledge and applies valid reasoning logic. For175

scientific applications where quantitative precision is non-negotiable, this limitation constitutes176

a fundamental bottleneck that cannot be resolved by improvements to reasoning alone.177

Prior Knowledge Override When visual evidence presented in an image conflicts with178

patterns prevalent in the training data, models systematically defer to prior knowledge rather179

than faithfully attending to the actual visual input. Rather than genuinely “reading” an image,180

models tend to infer its content by reverse-mapping from the most frequently encountered181

concepts in training. This pattern is particularly noticeable in tasks involving molecular182

structure interpretation typical in biology: models directly match surface-level visual features183

to high-frequency terms encountered during training instead of decomposing the structure,184

identifying functional fragments, and progressively deriving the corresponding name or property185

as a human expert would. This pattern matching shortcut fails when confronted with atypical186

or non-canonical structures. Current alignment methods produce models that match patterns187

rather than observe structures. They excel at associating frequent labels with common visuals188

but lack the bottom-up logic necessary to parse the unknown.189

Inconsistency Through Reasoning A recurring failure mode is the model’s inability to190

maintain a coherent logical framework, often processing question components as disparate units191

rather than an integrated system. There are two typical patterns. First, models frequently192

overlook intra-option contradictions. If an option pairs two factually correct but logically193

incompatible premises, the model tends to evaluate them independently, missing the overall194

information. Second, there is a clear deficiency in multi-modal integration. When a problem195

relies on the interplay between several subfigures, models often perform a localized search within196

one subfigure while neglecting the broader logical constraints established by the remaining197

figures. This fragmented processing prevents the model from forming a comprehensive relational198

structure, leading to conclusions that are locally plausible but globally invalid.199

Overextrapolation Another critical failure mode is the tendency to over-infer from partial200

experimental data. For example, an inquiry requires the synthesis of several independent201

experiments to reach a conclusion, the current models often treat preliminary or isolated202

results as conclusive evidence. Models frequently interpolate “missing” experimental steps and203

invent evidence to justify their final claims. This tendency to overextrapolate from individual204

observations undermines the rigorous evidentiary standards essential to valid scientific inference.205
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These failure modes indicate that current MLLMs fail in SEE not due to a single deficiency,206

but because perception and inference break down jointly. Visual imprecision, prior-driven207

interpretation, and weak evidence control often interact, so small errors in reading or selecting208

evidence cascade into incorrect scientific conclusions. Simply scaling data or model size is209

therefore unlikely to resolve this gap, because scientific discovery often lies precisely beyond the210

distribution of previously seen examples.211

Tool-augmented visual agents shift the bottleneck to evidence management212

Finally, we test whether tool access is su!cient to narrow the capability gap exposed by SEE. We213

evaluate the six top-performing MLLMs that support both web search and code-interpreter tools214

in a tool-augmented visual-agent setting (Figure 5a). Models receive the same original multimodal215

inputs as in the standard baseline, but can invoke a web search and a code interpreter before216

producing a final answer. The code interpreter supports programmatic inspection, measurement,217

and computation over the input image, whereas the web search provides external scientific218

background information. In this setting, all six models improve, with gains ranging from 1.9%219

to 7.6% and a mean improvement of 4.6%. GPT-5.5 (xhigh) shows the largest improvement,220

increasing from 41.3% to 48.9%. GPT-5.6-Sol (Max) achieves the highest tool-augmented221

accuracy of 52.7%. Nevertheless, substantial errors remain, indicating that tool access alone222

does not make MLLMs reliable on SEE. Detailed configuration is provided in the Supplementary223

Information S2.5.224

Trajectory analysis shows that tool use has bidirectional e"ects on model outputs (Figure 5b).225

Across the six models, 411 corrections are substantively attributed to tool use. Code-assisted226

image analysis accounts for 51.2% of these cases, fact retrieval for 37.8%, information cross-227

checking for 7.0%, and code-assisted computation for 4.1%. These results show that tools228

can expand the models’ ability to inspect visual evidence and access background information,229

partially compensating for the limitations of static multimodal inference.230

Tools can also introduce new errors. Among 145 tool-attributed errors, failure modes gather in231

evidence integration failures (32.5%), action selection failures (31.7%), observation interpretation232

failures (22.2%), and endless overthinking (13.5%). Both beneficial and detrimental e"ects of233

tools occur in the tool-use trajectory (Figure 5b). This indicates that tool augmentation does234

not simply provide models with additional information, but turns static multimodal reasoning235

into an evidence-management problem along the tool-use trajectory. Models must decide which236

actions are relevant to the current problem, whether tool outputs are reliable, how retrieved237

or computed information should be integrated with the original experimental observation, and238

when to stop further interaction.239
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a

b

Passing threshold 60

Figure 5. Tool-augmented visual-agent evaluation on SEE. a, Comparison between standard multimodal
inference and the tool-augmented visual-agent setting, in which models can iteratively use web search
and a code interpreter before returning a final answer. Paired bars show the accuracy of each model
under the two settings, and numbers on the right report the corresponding di"erence in percentage points.
The asterisk on Claude Opus 5 (Max) denotes no-response cases, which are counted as incorrect. b,
Schematic of tool e"ects during tool-mediated visual-agent reasoning. Corrections arise when models
select relevant actions, use tools to inspect or quantify visual evidence, retrieve key external facts, or
verify intermediate interpretations. Failures can arise from wrong action selection, misinterpretation of
observations, inappropriate integration of retrieved or computed information, or failure to control and
terminate the interaction.

Discussion240

We introduced SEE to evaluate if current MLLMs can support real laboratory science by reasoning241

from multimodal experimental evidence. Unlike benchmarks that primarily measure scientific242

knowledge recall or isolated domain competence, SEE is based on peer-reviewed literature and243

experimental practice in chemistry, biology and materials science. In the standard inference244

setting, the best-performing model among the 18 MLLMs evaluated reaches only 48.7% accuracy,245

and no model exceeds 50%. This low performance should not be interpreted simply as another246

di!cult benchmark result. Instead, it reveals a mismatch between the abilities captured by247

many existing scientific benchmarks and the abilities required for the real reasoning process in248

experimental research.249
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The additional analyses clarify the nature of this mismatch. Science-specialized models do not250

close the performance gap. Meanwhile, interdisciplinary analysis shows that SEE requires models251

to coordinate concepts, methods, and di"erent types of evidence across disciplinary boundaries.252

Ablation analysis reveals that when visual evidence is removed, MLLMs rarely recognize that253

essential information is missing. Together, these findings suggest that the central limitation is254

not simply what the models know but whether they can extract and organize information from255

the evidence that is actually available in the problem.256

The tool-augmented visual-agent experiment extends this conclusion from static multimodal257

inference to interactive scientific workflows. The access of tools boosts accuracy to 52.7%258

(strongest model), showing that the code interpreter and web search can partially compensate259

for the limitations of multimodal reasoning. However, trajectory analysis reveals that tool260

use is not always beneficial. The interaction process can help models inspect visual evidence261

through code-assisted image analysis, retrieve missing scientific facts, cross-check information,262

or perform code-assisted computation. Yet it can also introduce new errors through wrong263

action selection, misinterpretation of tool-derived observations, evidence integration failure, or264

endless overthinking. The diagnosis of tool-use trajectory provides an explicit view of tool using265

in scientific reasoning, rather than only the overall accuracy. The main challenge is therefore266

whether a model can manage tool-derived information by selecting appropriate actions, judging267

the reliability and relevance of tool outputs, integrating retrieved or computed result with the268

original information, and stopping when the available evidence is su!cient.269

The failure analysis explains why this limitation matters for scientific reasoning. Current MLLMs270

often miss critical visual evidence, allow prior knowledge to override experimental observations,271

fail to maintain global logical coherence, and draw conclusions beyond what the evidence supports.272

These errors are not trivial. These deficiencies highlight a fundamental gap between pattern273

recognition and the rigorous, evidence-based logic required for authentic scientific inquiry.274

These findings suggest a new stage for scientific evaluation where the focus shifts from single-275

response MLLMs to visual agents and broader agentic scientific systems. Real discovery is rarely276

completed by answering one question from a fixed input. Instead, it requires an iterative process277

of proposing hypotheses, selecting tools, transforming or measuring observations, analyzing278

experimental outputs, and deciding which evidence should be collected next. Future benchmarks279

for scientific agents should therefore evaluate not only accuracy, but also the quality of the280

interaction trajectory. This includes assessing whether each action is justified by the available281

evidence, whether image operations, retrieval, and data analysis are appropriate, whether282

uncertainty is recognized before the next step, and whether conclusions are revised when new283

observations contradict prior assumptions. Therefore, agent-level evaluation should extend284

the evidence-based principle of SEE from static experimental reasoning to dynamic scientific285

decision-making.286

Overall, SEE shows that the main barrier to scientifically useful AI is not simply more knowledge,287

stronger domain specialization, or broader tool access, but the ability to manage multimodal288

evidence and make justified evidence-bounded inferences from experimental results. The tool-289
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augmented visual-agent analysis shows that this challenge persists in interactive workflows,290

where tools expand evidence access, but also require reliable action selection, output evaluation,291

evidence integration, and termination control. The failure analysis reveals the same limitations.292

Current MLLMs miss critical observations, let prior knowledge override evidence, lose global293

coherence, and overextend conclusions beyond the data. Future evaluations should therefore294

test not only what models know, but whether they can transform multimodal experimental295

observations into new, evidence-supported scientific understanding. This is the missing step296

toward real scientific discovery.297

Methods298

We organize SEE through a staged construction and validation workflow, from real-world data299

sourcing and expert question design to AI-assisted quality control, expert review, and final300

benchmark acceptance (Figure 1a).301

Data Collection302

SEE is a collaborative e"ort. The questions are contributed by active frontline experts who303

hold master’s or PhD degrees or are PhD candidates in chemistry, biology, materials science, or304

related interdisciplinary areas. The resulting benchmark spans three broad disciplines and 17305

reported sub-fields, including both single-discipline and cross-disciplinary questions (Figure 1b).306

Sources The questions are drawn from real scientific research settings. Sources include figures307

and data from peer-reviewed papers, recent research literature, and first-hand experimental308

data contributed by experts. Visual evidence covers common experimental data structures in309

laboratory research, including bioactivity measurements, Cryo-EM structures, Western blot and310

gel electrophoresis images, spectra such as infrared spectroscopy, nuclear magnetic resonance311

(NMR) and mass spectrometry (MS), microscopy images such as SEM, TEM and AFM, X-ray312

di"raction patterns, and thermal analysis curves.313

Style The questions in SEE include choice-based, short-answer, numerical, measurement, and314

image-processing tasks. Some questions contain explicit option lists, while others do not use a315

separate option field and are evaluated through canonical short answers or numerical answers.316

The dataset also records task-type metadata, including reasoning, measurement, and image-317

processing categories. Each entry contains text and associated visual files. These associated318

images may include both visual evidence presented with the question and images used for expert319

verification. As a result, the reported image counts are not the exact number of figures displayed320

in the question itself. Each entry is reported with a standard answer to support automatic321

evaluation and expert verification.322
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Labeling Each question in SEE is assigned discipline labels spanning biological sciences,323

chemistry, and materials science. The reported analysis uses a final taxonomy of 17 fine-grained324

labels covering all 1,116 questions. This labeling scheme captures cross-disciplinary questions325

clearly. Label distributions are reported in Supplementary Information S2.9.326

Data Processing327

A multi-stage review process is used to ensure data quality, di!culty, and reliability. After328

collection and label assignment, the questions that do not meet our criteria are filtered out.329

Standardization The raw questions collected are standardized in terms of wording, termi-330

nology, answer structures, option numbering, numerical precision, tolerance records, and image331

organization. The images are normalized in format and resolution.332

General Quality Control After standardization, questions are checked for adherence to the333

required format, clear and objective answers, su!cient visual and textual evidence, and correct334

labels. We remove semantic duplicates and questions that do not fulfill the requirements. Each335

question is then cross-checked by at least two experts in the relevant domain.336

Expert Quality Control After AI-assisted checks, experts review the questions in terms of337

scientific accuracy. Questions with problems are returned to their contributors for revision. The338

revised questions then undergo the entire standardization and quality control process before339

inclusion.340

Image-Ablation Checking Finally, questions with images are checked to verify whether341

images are indispensable for solving the task. Questions that can be answered from text alone342

are removed or revised. This verification is consistent with previous multimodal benchmark343

practices34,35.344

Question Evaluation The evaluation of questions follows the standard scoring protocols345

established in large-scale evaluation frameworks36. For multiple choice questions, MLLM answers346

must exactly match the ground-truth answers (including single- and multiple-response questions).347

Numerical fill-in-the-blank questions are evaluated with tolerance level provided by experts348

when applicable. Non-numerical fill-in-the-blank questions are evaluated against standardized349

canonical answers.350

Representative examples of the questions collected are shown in Extended Data Fig. 1, illustrating351

within-discipline and cross-disciplinary multimodal scientific questions.352
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Model Evaluation Environment353

We evaluate 18 representative MLLMs with SEE, including 15 general-purpose models and354

three science-specialized models. The general-purpose models include Gemini 3.1 Pro37, GPT-355

5.6-Sol (Max)38, Claude Opus 5 (Max)39, Qwen3.8-Max40, GPT-5.5 (xhigh)41, Kimi K342,356

Gemini 3.5 Flash43, Claude Opus 4.8 (Max)44, Seed2.1 Pro45, Qwen3.7-Plus46, Seed2.0 Pro47,357

MiniMax-M348, Kimi K2.649, GLM-5V-Turbo50, and MiMo-V2.551. The science-specialized358

models include Intern-S2 Preview52, Intern-S2 Preview-397B53, and Intern-S1 Pro54. Only three359

science-specialized models are tested because few models in this category possess the multimodal360

capabilities required for our evaluation.361

Unless otherwise specified, models are evaluated with default inference configurations. The362

only non-default settings are the fixed extended-thinking configurations used for GPT-5.5363

(xhigh) and Claude Opus 4.8 (Max), as detailed in Supplementary Information S2.1. For image-364

containing questions, we apply the preprocessing required by each model interface, including365

format conversion, resizing, and input organization. We introduce no manual prompt correction,366

per-question parameter tuning, or result filtering. Claude Opus 4.8 (Max) and Claude Opus 5367

(Max) have safety-filtered no-response cases on biochemistry questions; under the strict binary368

scoring protocol, these instances are counted as incorrect.369

Model outputs are evaluated with a strict binary LLM-as-a-judge pipeline55. Each response370

is extracted and marked as correct or incorrect using Gemini 3.1 Pro as the primary judge371

model for downstream accuracy computation and breakdown analysis. We also test GPT-5.5372

as an alternative judge model and obtain similar results, indicating that the evaluation is373

robust to the choice of judge model (Cohen’s ω → 0.99; Supplementary Information S2.4).374

Refusals, non-answers, and responses from which no final answer can be identified are counted as375

incorrect. Evaluation and judging prompts are detailed in Supplementary Information S2.2, and376

subject-label coverage and cross-discipline composition of SEE are reported in Supplementary377

Information S2.9.378

Tool-augmented visual-agent evaluation379

To evaluate whether tool access improves scientific reasoning beyond the standard multimodal380

setting, we further test six models that support both web search and code-interpreter tools in a381

tool-augmented visual-agent setting. Each model receives the same question text, options, and382

image inputs as in the standard evaluation, but may iteratively invoke web search or a code383

interpreter before producing a final answer. Tool use is optional rather than forced, and no curated384

retrieval corpus, local database, or domain-specific scientific tool is provided. Final answers are385

scored with the same binary judging protocol as the standard evaluation. We also retain the tool-386

use trajectories for diagnostic attribution analysis, in which tool-associated improvements and387

regressions are inspected with a human-in-the-loop procedure. Detailed configurations, trajectory388

attribution criteria, and tool-failure categories are provided in Supplementary Information S2.5.389
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Data availability390

SEE contains 1,116 expert-curated questions, of which 1,049 are publicly released. The public391

benchmark subset, associated metadata, answer keys, evaluation code and public-subset results392

are available at GitHub. The remaining 67 questions are not publicly released because they393

contain unpublished experimental data contributed by domain experts. To support reproducibility394

and comparability between the full and public subsets, headline results on the public subset are395

reported in Supplementary Tables S5 and S6. Additional aggregate statistics and evaluation396

details are provided in the Supplementary Information.397

Code availability398

The code used for benchmark construction, model evaluation, answer judging, result analysis and399

figure generation is available at GitHub. The repository includes the public benchmark subset,400

evaluation scripts, judging prompts, analysis scripts and instructions required to reproduce the401

public-subset results reported in this study.402
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Extended Data548

This is a schematic diagram of the local interaction between a transcription factor and

DNA.Which α-helix in the figure is primarily responsible for nucleic acid recognition

and interaction?

The ¹H NMR spectrum shown in the figure is obtained from a host-guest NMR titration

process. The specific experimental procedure involves gradually adding a concentrated
solution of the host to a D₂O solution containing the guest and performing NMR

measurements. Based on the provided host-guest structures, what is the guest-to-host

ratio at this moment?

Molecular Biology Structural Biology Biochemistry

HTHProtein-DNA

Source: Private Data
Source: Private Data

Biology Chemistry

A. 1:0.3

B. 1:0.5

C. 1:0.9

D. 1:1.1

Analytical Chemistry Organic Chemistry ¹H NMR

Answer: ADE Answer: C

Based on the data in the figure below, which of the following conclusions is/are

incorrect?

Source: https://doi.org/10.1038/s41589-026-02141-0

Biology × Chemistry

Answer: ADE

A. EL133 connects two BDX molecules via a linker consisting of 8 ethylene glycol

units, whereas EL229 connects two BDX molecules via a linker consisting of 5

ethylene glycol units.

B. EL133 downregulates soluble Keap1, where low concentrations (0.01–0.1 μM)

show no obvious effect, and once the threshold (≥0.25 μM) is reached, the effect is

significantly enhanced as the concentration increases.

C. EL133 achieves significant downregulation of soluble Keap1 at 250 nM, which is

far superior to the activity of EL229.

D. EL133 begins to show substantial accumulation of insoluble Keap1 at 6 h of

treatment, indicating that EL113-induced Keap1 polymerization is a time-dependent

gradual process rather than a transient effect.

E. Comparing the DMSO control group with the experimental group treated with 250

nM EL133 for 20 h, only Keap1 protein in the whole proteome shows significant

downregulation.

Organic Chemistry Molecular Biology

Biochemistry Western Blot

Cell Biology

Chemistry × Materials

Physical Chemistry

Polymer Chemistry Composite MaterialsPolymer Materials

DFTAFM SEM

Source: https://doi.org/10.1039/d5mh02357b

A research team developed a cellulose liquid crystal film (CLCF) based on ionic

condensed-state engineering, as shown in the figure. Which of the following inferences

regarding the structural assembly mechanism and mechanical properties of this film

is/are correct?

A. Based on the electrostatic potential energy distribution map in panel (g) and the DFT

calculation data in panel (h), there is a pronounced electrostatic attraction between the

positively charged center of the imidazolium ring on the PIL chain (red region) and the

negatively charged oxygen atoms on the CNC (blue region). This stable noncovalent

interaction serves as one of the core driving forces for membrane self-assembly.

B. The SEM and AFM images in panels (b) through (e) demonstrate that, despite the

incorporation of PIL and IL molecules, the CNC retains its characteristic chiral helical

arrangement, indicating that the spatial structure of the membrane does not become

disordered upon the addition of these components.

C. Comparing panels (i) and (j), it can be observed that as the PIL content increases, the

mechanical behavior of the film transitions from "rigid and brittle" to "tough and soft";

when the ratio reaches 1:2, the tensile strength drops to its minimum because the

polymer-dominated system leads to weakened effective stress transfer.

D. The curves in panel (k) clearly show that tensile strength decreases monotonically

with increasing IL content. The IL primarily functions as a plasticizer and provides ionic

transport channels.

Answer: ABD

a b

dc

Extended Data Fig. 1. Representative questions in SEE. Four examples illustrating the range of
disciplinary scopes, evidence types and answer formats in the benchmark. a, A single-discipline biology
question. b, A single-discipline chemistry question. c, A cross-disciplinary biology–chemistry question
combining chemical structures, Western blots and a volcano plot. d, A cross-disciplinary chemistry–
materials question that assembles electrostatic potential maps, DFT results, SEM and AFM images
and stress–strain curves. In every panel, labels with colors annotate sub-fields and outlined labels give
the associated experimental technique or knowledge point. Answers are scored by exact match. B oth
single-response (b) and multiple-response (a, c, d) formats occur. The source line gives the literature
DOI, or “Private Data” for questions built on unpublished experimental data contributed by domain
experts.
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