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Motivation

Key point: Precise recognition andmanipulation of molecular structure are fundamental to
chemists to reason about downstream chemical tasks, and should be for AI systems as well.
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Figure 1. Chemists’ workflows for diverse chemical tasks motivate MolLangBench.

Why structurematters formolecule–languagemodels:
Property prediction: Molecular function is determined by structure; reliable prediction requires accurate
structural recognition.
Molecule optimization / de novo discovery: Beyond recognition, tasks require precise structural manipulation
to satisfy design objectives (Figure 1).
Reaction reasoning: Understanding reactants andmechanisms depends on accurate structure recognition,
while predicting products requires precise structural manipulation.

Implication formolecule–languagemodeling:
Molecular representations should be first aligned with structure-grounded language descriptions, while
higher-level reasoning is delegated to LLM backbones.
Without these foundational interface capabilities, reliable chemical reasoning is unlikely.
Similar to vision–languagemodels, align language with observable visual content first (e.g., “an armchair that
looks like an apple”) before enabling higher-level reasoning.

Benchmark Overview
MolLangBench evaluates three coremolecule–language interface tasks: recognition, editing, and generation.

Molecular structure recognition
Task description: extract structural information frommolecular inputs, including topology, connectivity,
functional groups, substructures, and stereochemistry (18 subtasks).
Curation: constructed using automated cheminformatics tools (Figure 2).
Scale: 200 samples per subtask (with additional data available for training).

Language-promptedmolecule editing
Task description: modify molecular structures following natural-language instructions with precise,
deterministic outcomes.
Curation: multi-stage expert annotation and validation to ensure correctness and unambiguity (Figure 2).
Scale: core set: 200 samples; extended set: 200 samples.

Molecule generation from structural descriptions
Task description: generate valid molecular structures from detailed language descriptions.
Curation: multi-stage expert annotation and validation to ensure correctness and unambiguity (Figure 2).
Scale: core set: 200 samples; extended set: 200 samples.
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Figure 2. Rigorous annotation and validation pipeline for molecular structure editing and generation tasks.

Step 1: Expert annotation
Chemistry-background annotators write editing instructions or structural descriptions frommolecular
structures.
Annotations follow strict guidelines to ensure clarity, completeness, and one-to-onemapping.

Step 2: Peer review and refinement
A second annotator reviews and iteratively refines each sample for correctness and adherence to standards.
Only agreed-upon annotations proceed to validation.

Step 3: Independent validation
Two independent validators reconstruct molecules from annotations using chemical drawing tools.
Samples are accepted only if both validators produce an exact structural match and confirm unambiguity.

Annotation statistics (over 500 hours on expert annotation and validation)
Editing: ∼30minutes per sample.
Generation: ∼60minutes per sample.

Task Examples

Recognition: Identify structural elements (e.g.,
substructures and functional groups) and accurately
localize themwithin themolecule.
Editing: Each instruction specifies a precise
modification that leads to a unique, unambiguous
resulting structure.
Generation: Given a detailed structural description,
one can reconstruct the complete molecular
structure unambiguously.
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Instructions:

Analyze the given molecule represented by a SMILES string to identify
all atoms that are exactly three bonds away (3-hop neighbors) from a
specified atom.

• Assign unique indices to all non-hydrogen atoms in the molecule
based on their order of appearance in the SMILES string (left to
right), starting from 0.

• Identify the atom at the specified index.
• Determine which atoms lie exactly three bonds away (smallest path

distance of 3) from the specified atom.
• Present the results in the following structured format:

1. Number of 3-hop neighbors: Enclose this integer within <count>
and </count>.

2. Indices of the 3-hop neighbors: Enclose the list of these indices
within <atom_indices> and </atom_indices>.

SMILES: C(CN1C(=O)[C@@H](C(c2ccccc2)=O)[C@@H]1c1ccccc1)C
Target atom index: 6

Ground-truth answer:

• <count> 5 </count>
• <atom_indices> 2,4,9,11,15 </atom_indices>
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Analyze the given molecule and the editing instruction below, then gen-
erate the SMILES for the edited molecule.

• Use the supplied SMILES as the starting structure. Do not change
any atoms, bonds, stereochemistry, charges, or isotopes unless the
instruction explicitly tells you to.

• Apply the modification exactly once; the instruction is unambiguous.
• Return the resulting SMILES string enclosed within <smiles> and

</smiles> tags.

Original molecule represented by SMILES:
N(c1ccc2c(n(C)c(=O)o2)c1)C(c1ccc(-c2oc(S)nn2)cc1)=O

Editing instruction:
Fuse another benzene ring onto the ortho- and meta-position
carbons of the benzene ring connected to the secondary
amine, where these carbons were originally unsubstituted.
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Description:

This molecule consists of a benzothiophene scaffold, in which a five-
membered thiophene ring (containing a sulfur atom) is fused to a ben-
zene ring. The thiophene ring bears a single substituent at its 3-position
(meta to the sulfur). This substituent is a six-membered lactam ring
formed in a clockwise direction and constructed as follows:

• The lactam ring begins at the benzothiophene-substituted carbon,
which is a chiral center with R configuration.

• It continues to a nitrogen atom that carries a -CH2-CH2-CH2-O-CH3
substituent.

• Next is a carbonyl carbon (integral to the lactam), followed by two
methylene units, and finally

• A second chiral carbon (R configuration) that is linked to the first
chiral center and bears a carboxylic acid group (-C(=O)OH).

Baseline Results
The benchmark supports multiple modalities based onmolecular representations:

Graph: inherent molecular structure graphs; preliminary evaluation of graph–languagemodels.
Linear strings: SMILES / SELFIES; 16 commercial and 3 chemistry-specific LLMs evaluated.
Images: molecular structure images; evaluated using vision–languagemodels (VLMs).

Table 1. Performance of representative models onmolecular structure recognition (average over 18 subtasks),
editing, and generation tasks. Recognition results are reported as accuracy / localization accuracy; editing and
generation as validity / accuracy. For image-based evaluation, o4-mini is used for recognition and GPT Image 1 for
editing and generation. Complete results are provided in Table S4.

Task DeepSeek-R1 Qwen3
-Max

Claude-
Opus-4.1 o3 o3

(SELFIES)
Gemini-2.5

-Pro GPT-5 o4-mini /
GPT Image 1

Recognition 0.721/0.566 0.486/0.186 0.814/0.692 0.877/0.792 0.528/- 0.852/0.753 0.923/0.862 0.772/0.700

Editing 0.720/0.485 0.690/0.360 0.950/0.705 0.945/0.785 0.960/0.195 0.930/0.745 0.945/0.855 0.510/0.080

Generation 0.400/0.045 0.465/0.000 0.920/0.330 0.670/0.290 0.185/0.000 0.865/0.430 0.690/0.430 0.130/0.000

Key Findings

Graphmodality fails: Existing graph–languagemodels are task-specific and lack general alignment, leading to
near-complete failure on our benchmark (Appendix A.11).
Vision underperforms: Despite intuitive structural representations, VLMs performworse than LLMs;
performance drops sharply for editing and is near zero for generation.
LLMs still far from perfect: LLMs using SMILES representation perform best across all modalities, but even
GPT-5 achieves only 86.2% (recognition), 85.5% (editing), and 43.0% (generation) accuracy on tasks that are simple
for humans.
SELFIES vs. SMILES: SELFIES shows substantially lower performance than SMILES, with near-zero accuracy in
generation tasks (some analysis in Appendix A.16).
Chemistry-specific LLMs fail to generalize: Despite domain specialization, thesemodels perform no better
than random guessing on our benchmark.

Relationship Between Structure Understanding and Property Prediction

Evaluate twoMoleculeNet tasks (BBBP, BACE) with two prompting strategies:
Direct prediction from SMILES
Structure-first: describe structure→ predict property

Result: Structure-first prompting improves accuracy by> 5% across models and tasks.
Insight: Explicit structural reasoning provides useful intermediate signals for property prediction.

Key Takeaways

Models still struggle on prerequisite tasks: Even state-of-the-art AI systems show significant limitations in
fundamental molecule–language interface tasks.
Current directionmay be on thewrong track:Without reliable structure recognition andmanipulation, the
reasoning capabilities of LLMs cannot be effectively leveraged.
Structure first, reasoning next: Progress requires prioritizing structure–language alignment before
higher-level chemical reasoning.
Structure description data is the bottleneck: High-quality annotation is costly, time-intensive, and essential for
aligningmolecular structures with language; to address this, we developMolLangData, a large-scale dataset
constructed via a rule-regularizedmethod (https://huggingface.co/datasets/ChemFM/MolLangData).
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