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1. Introduction
Large Language Models (LLMs) have demon-

strated remarkable potential in scientific research
[1, 2], especially serving as intelligent assistants that
provide insights and recommendations for scientists
[3, 4]. Although Chemical agents [5, 6] show promise,
they normally adopt fixed function calls with poor ex-
tension to flexible operations and emerging require-
ments. Recently, a new interaction paradigm, which
we refer to as Molecular Vibe Coding, has emerged,
where researchers articulate their intent through nat-
ural language, and LLMs create executable code to
fulfill these requests, especially themolecular editing
[7]. This paradigm is particularly prevalent in molec-
ular discovery, where chemists and computational
biologists could prompt LLMs to compute molecular
descriptors [8], filter compounds by Lipinski’s Rule of Five
[9], or build a virtual screening pipeline [10], expecting
functional programs and chemically correct results
in return.
Despite the rapid adoption of this workflow in drug

discovery and cheminformatics research, no existing
benchmark directly evaluates it. Current evaluation
resources fall into two disconnected categories. On
one hand, general code generation benchmarks such
as HumanEval [11], MBPP [12], and SWE-bench [13]
measure programming competence through domain-
agnostic function synthesis or repository-level bugfix-
ing, but their questions require no chemistry knowl-
edge and impose no chemical correctness constraints.
On the other hand, chemistry-focused benchmarks
such as S2-Bench [3] and ChemCoTBench [14] directly
evaluate knowledge recall or predictivemodeling per-
formance, but do not test whether an LLM can pro-
duce code that implements molecular computations.
This leaves a critical blind spot that the intersection
of programming ability, domain-specific chemical
reasoning, and output-level chemical correctness re-
mains unevaluated.
This gap matters in practice. When an LLM gen-

erates code for molecular tasks, the code may exe-
cute without errors yet produce chemically invalid
results, a failure mode we term runnable but chemi-
cally wrong. For example, a model might correctly
call the functions of RDKit [15], but silently mishan-
dle stereochemistry, apply an incorrect reaction tem-
plate, or yield a molecule that fails to meet the given
constraints. Such errors are particularly dangerous
in scientific workflows because they are difficult to
detect without domain expertise, and they can propa-
gate silently into downstream decisions such as com-
pound selection or lead optimization.
Therefore, we introduce MolViBench, the first
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Fig. 1: Task Composition ofMolViBench organized by
Bloom’s taxonomy [16].

benchmark tailored for Molecular Vibe Coding
with 358 real-world molecular coding questions.
MolViBench is guided by three design principles:
Cognitive progression. Tasks are organized into five
levels following Bloom’s taxonomy [16], ranging from
basic API recall to end-to-end pipeline design. This
enables fine-grained analysis of where model capa-
bility degrades, including memory-intensive API us-
age, multi-step chemical reasoning, or system-level
orchestration.
Deterministic evaluability. Each task is constructed
so that, given valid input, the expected output is de-
terministically verifiable. We enforce a constrained
library setting centered on RDKit to eliminate cross-
toolkit inconsistencies, andprovide gold-standard ref-
erence solutions for all 358 tasks under a unified func-
tion interface. Building on these solutions, we pro-
pose a multi-layered evaluation protocol: type-aware
output comparison as the primary check, structural
validation for tasks with non-deterministic compo-
nents, and AST-based API-semantic fallback analysis
that verifies whether the generated code invokes the
correct domain functions even when output values
diverge.
Workflow realism. Our questions span 12 categories
of real-world drug discovery operations, including
molecular characterization, ADMET screening, vir-
tual screening, combinatorial chemistry, lead opti-
mization, reaction simulation, clustering, QSARmod-
eling, and more. This breadth ensures that bench-
mark outcomes reflect practical utility rather than
artificial difficulty.
We systematically evaluate 9 frontier LLMs and

compare three inference paradigms: Direct Gener-
ation, Incremental Repair, and Agent Collaboration.
Our experiments yield several notable findings. First,
ClaudeOpus 4.6with Incremental Repair achieves the
strongest overall performance (Pass@1 = 39.7%). Sec-
ond, performance consistently degradeswith increas-
ing Bloom’s taxonomy level across all models, con-
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Table 1: Task distribution across Bloom’s taxonomy
levels and output types. “Other” includes set,
Image, and DataFrame returns.

Level Tasks int float bool str list dict tuple Other

L1 75 19 12 21 8 5 6 1 3
L2 72 1 5 3 29 24 7 1 2
L3 72 0 0 6 7 34 25 0 0
L4 75 0 0 0 0 0 75 0 0
L5 64 0 0 0 0 42 22 0 0

Total 358 20 17 30 44 105 135 2 5

Table 2: LLMs evaluated in MolViBench. All models
are accessed via their official APIs. “IR” denotes
the Incremental Repair paradigm, while “AC” de-
notes the Agent Collaboration paradigm.

Model Provider Type Paradigms

Claude Opus 4.6 [17] Anthropic Code-specialized Direct, IR, AC
Claude Opus 4.6 Thinking [17] Anthropic Reasoning Direct, IR, AC
Gemini 3 Pro [18] Google Standard Direct, IR, AC
DeepSeek-V3.2 Reasoner [19] DeepSeek Reasoning Direct, IR, AC
DeepSeek-V3.2 Chat [19] DeepSeek Standard Direct, IR
GPT-5.2 Codex [20] OpenAI Code-specialized Direct, IR
GPT-5.3 Codex [21] OpenAI Code-specialized Direct, IR
Kimi-K2.5 [22] Moonshot Standard Direct
MiniMax-M2.5 [23] MiniMax Standard Direct

firming that higher-order tasks involving multi-step
reasoning and workflow orchestration remain a sig-
nificant challenge. Third, Incremental Repair proves
to be the most robust inference paradigm, yielding
consistent gains across all models and difficulty lev-
els, whereas Agent Collaboration improves weaker
models but degrades performance for stronger ones.
Together, these findings highlight the importance of
both model capability and inference strategy in tack-
ling complex molecular visualization tasks.

2. Benchmark Statistics
Table 1 summarizes the distribution of tasks across

Bloom’s taxonomy levels and output types. Several
patterns emerge from the distribution. Lower levels
(L1 & L2) are dominated by simple output types (int,
float, bool, str), reflecting single-value computa-
tions such asmolecularweight or substructurematch-
ing. As cognitive complexity increases, structured
output types (list, dict) become overwhelmingly
prevalent. Level 4 tasks exclusively return dict, en-
coding multi-field results from complex conditional
and iterative workflows, while Level 5 tasks return
either list or dict to capture pipeline outputs such
as ranked candidate lists or comprehensive screening
reports.

3. Experiments
We evaluate 9 frontier LLMs spanning six

providers and two architectural categories: standard
code generation models and reasoning-enhanced
variants. Table 2 lists all models along with the
inference paradigms under which each is tested.
The selection covers the current state of the art in
code generation, including general-purpose models
(Gemini 3 Pro [18], DeepSeek-V3.2 Chat [19]), code-

Table 3: Full results on MolViBench across all in-
ference paradigms. Models ranked by Pass@1
rate. Exec. = executable rate; EM=Exact Match;
P@1 =Pass@1; FB=Fallback Pass Rate. L1–L5 re-
port per-level Pass@1. All values in %. Best results
are highlighted in red, while second-best results
are highlighted in green.

Model Exec. EM P@1 FB L1 L2 L3 L4 L5

Claude Opus 4.6 Think (IR) 98.9 33.2 39.7 72.6 78.7 50.0 31.9 25.3 7.8
Claude Opus 4.6 Think 94.1 32.7 38.8 69.3 78.7 50.0 30.6 24.0 6.2
Claude Opus 4.6 (IR) 98.6 32.1 38.6 71.8 80.0 45.8 29.2 25.3 7.8
Claude Opus 4.6 94.1 31.0 37.4 68.4 78.7 45.8 27.8 24.0 6.2
Gemini 3 Pro (IR) 98.6 30.4 36.0 58.4 77.3 47.2 22.2 22.7 6.2
Gemini 3 Pro (AC) 95.5 31.0 36.0 57.0 78.7 48.6 15.3 24.0 9.4
Gemini 3 Pro 94.1 29.3 34.9 56.4 76.0 45.8 19.4 21.3 7.8
DeepSeek-V3.2 Reasoner (IR) 86.6 28.8 34.6 52.8 72.0 43.1 31.9 16.0 6.2
Claude Opus 4.6 Think (AC) 95.2 28.5 34.1 65.6 78.7 47.2 27.8 8.0 4.7
Claude Opus 4.6 (AC) 95.0 26.5 34.1 66.2 76.0 47.2 25.0 10.7 7.8
DeepSeek-V3.2 Reasoner (AC) 88.5 28.8 34.1 51.1 73.3 40.3 30.6 13.3 9.4
GPT-5.2 Codex 89.9 27.9 33.2 51.1 76.0 44.4 23.6 9.3 9.4
GPT-5.3 Codex 89.7 27.9 32.7 64.8 76.0 55.6 16.7 5.3 6.2
MiniMax M2.5 84.9 24.6 30.4 50.6 64.0 40.3 26.4 14.7 3.1
DeepSeek-V3.2 Reasoner 74.6 24.9 29.9 45.5 69.3 37.5 19.4 13.3 6.2
DeepSeek-V3.2 Chat 84.6 20.9 28.2 48.9 68.0 40.3 15.3 6.7 7.8
Kimi K2.5 64.2 22.4 27.9 36.9 74.7 43.1 6.9 6.7 4.7

specialized models (Claude Opus 4.6 [17], GPT-5.2/5.3
Codex [20, 21]), and reasoning models (Claude Opus
4.6 Thinking [17], DeepSeek-V3.2 Reasoner [19]).

3.1 Prelinminary Results
Table 3 presents the overall performance of dif-

ferent models under various inference paradigms on
MolViBench, ranked by Pass@1.
Overall, Claude Opus 4.6 Think with Incremen-

tal Repair achieves the strongest performance, at-
taining a Pass@1 of 39.7% and an executable rate of
98.9%, along with the highest Fallback Pass Rate of
72.6%. The top-four ranked entries are all Claude
Opus 4.6 variants, suggesting that both model capa-
bility and post-hoc repair contribute meaningfully to
performance. DeepSeek-V3.2 Reasoner (IR) and GPT-
5.2 Codex occupy the mid-tier, while MiniMax M2.5,
DeepSeek-V3.2 Chat, and Kimi K2.5 trail behind. No-
tably, reasoning-enhanced models like Claude Opus
4.6 Thinking andDeepSeek-V3.2 Reasoner all perform
better than their non-reasoning variants.
Meanwhile, Agent Collaboration (AC) achieves

comparable or even improved Pass@1 for relatively
weaker models (e.g., Gemini 3 Pro and DeepSeek-
V3.2 Reasoner), but tends to degrade performance
for stronger models such as Claude Opus 4.6. This
suggests that the effectiveness of holistic rewriting
is highly dependent on the underlying model’s ca-
pability. For weaker models, AC can provide useful
global restructuring and error correction, leading to
performance gains. In contrast, for stronger models
that already produce largely correct solutions, rewrit-
ing often introduces unnecessary modifications that
disrupt correct intermediate reasoning, resulting in
performance regression. In contrast toAC, Incremen-
tal Repair (IR) consistently improves performance
across models without introducing regressions, indi-
cating that localized corrections to non-executable
or partially incorrect code are more reliable than full-
solution regeneration.
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