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Abstract

Large language models (LLMs) show promise
for scientific applications but struggle when do-
main knowledge is encoded in complex struc-
tures. Chemistry exemplifies this challenge:
molecular structures encode rich relational data
that dictates chemical meaning, yet standard
formats like SMILES obscure this through arbi-
trary linearization. In this work, we systemati-
cally characterize which structural information
lost during linearization most severely ham-
pers LLM reasoning, decomposing the prob-
lem into IUPAC-grounded dimensions: sub-
stituent positions (locants), attachment points
(anchoring), and modification constraints (va-
lency). Our diagnostic reveals non-uniform
failures across dimensions, with locant identi-
fication being especially challenging. We di-
rectly address the failures by grounding the
linearized representations in structural con-
text with each component targeting its cor-
responding diagnostic dimension. General-
purpose LLMs with explicit grounding can
outperform chemistry-specialized models on
structure-aware molecule manipulation, sug-
gesting structural context can compensate for
domain-specific training. Moreover, we inves-
tigate a training-free inductive protocol that
nearly doubles the accuracy of weaker models.
These results point toward explicit structural
grounding as a principled path to more reliable
molecular reasoning across model scales.

1 Introduction

Large language models (LLMs) increasingly as-
sist scientific research (M. Bran et al., 2024), yet
they falter when reasoning requires understanding
structured representations that differ fundamentally
from natural language (Zhang et al., 2025). In
science, the structure is not incidental; it is the
meaning. When processed sequentially by an LLM,
the essential connectivity, spatial relationships, and
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compositional rules that domain experts rely on for
reasoning are fundamentally lost.

Chemistry offers a clean instantiation of this
challenge: molecular structures encode rich rela-
tional information including atom positions, con-
nectivity patterns, and bonding constraints, which
determine chemical meaning (Liao et al., 2024).
However, LLMs primarily encounter molecules as
SMILES (Simplified Molecular Input Line Entry
System) (Weininger, 1988) or SELFIES (SELF-
referencIng Embedded Strings) (Krenn et al.,
2020), both of which are linearized representations
and encode the structural relationships implicitly
(Leon et al., 2024; Liu et al., 2025).

The consequences are concrete: given a SMILES
string like ‘C1Oc2cc(O)ccc2C3c4ccccc4OC13’
with a structurally specific instruction like“add a
hydroxyl group at C-3”, an LLM cannot determine
which atom corresponds to “C-3”. The target atom
might be the third or other character in the string,
depending on how the graph was traversed (Fig-
ure 1). Without explicit spatial mapping, the model
struggles to execute structural modifications that
require positional precision.

This creates what we term the grounding prob-
lem: a fundamental disconnect between abstract
symbolic representations (text) for LLMs and the
structural reality that dictates chemical meanings.
The structural information that linearization dis-
cards is precisely what International Union of Pure
and Applied Chemistry (IUPAC) conventions en-
code and what chemists rely on for reasoning: lo-
cants specifying substituent positions within molec-
ular scaffolds, anchoring points identifying atoms
where functional groups attach, and valency con-
straints governing chemically valid modifications
(Ganeeva et al., 2025). While prior work has doc-
umented that LLMs struggle with molecular rea-
soning (Jang et al., 2025a,b), it remains unclear
which structural properties underlie these failures
and whether they manifest as distinct failure modes.
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Figure 1: The grounding problem illustrated. Top: Chemists retrieve structural knowledge to correctly interpret and
modify molecules. Bottom: LLMs process SMILES as opaque tokens, failing on molecule reasoning.

In this work, we systematically characterize this
gap by probing LLMs on these IUPAC-grounded,
fundamental structural interpretation capabilities:
identifying positional indices, recognizing anchor-
ing atoms, and inferring local bonding environ-
ments. Our diagnostic evaluation across different
LLMs reveals a universal but non-uniform perfor-
mance gap on all three dimensions: locant iden-
tification is the most challenging for all models,
whereas valency reasoning shows strong model-
capacity dependence. These findings reveal funda-
mentally different failure modes across structural
interpretation dimensions.

We next propose to restore the discarded struc-
tural information explicitly along the three diagnos-
tic dimensions for LLMs to reason with: we enrich
the molecular representations with locant-mapped
atom indices, anchoring point annotations, and va-
lency and neighbor information derived directly
from molecular graphs. Rather than requiring mod-
els to implicitly reconstruct molecular structure
from string patterns, each augmentation directly
addresses a challenge identified in our diagnos-
tic, forming a diagnosis-to-intervention loop. This
transforms abstract structural reasoning into pattern
matching and constraint satisfaction tasks that are
better suited to language model architectures. We
evaluate on a dataset built from a subset of ChEBI-
20 filtered for caption-to-molecule examples. Our
fully enriched representations achieve nearly 70%
exact match accuracy with frontier general LLMs,
outperforming domain-specialized models. No-
tably, locant-mapped atom indices yield the largest

gain, consistent with our diagnostic findings.
To further improve the weaker models that strug-

gle to leverage the enriched representations effec-
tively, we develop a teacher-guided reasoning pro-
tocol: a stronger model analyzes the failure pat-
terns of weaker models and generates procedural
scaffolding for guidance. This training-free ap-
proach nearly doubles exact match accuracy, show-
ing the performance gap can be bridged across
model scales without any parameter updates. Our
contributions are as follows:

1. Grounding problem characterization. We
decompose the grounding problem into three
IUPAC-grounded dimensions: locant identification,
anchoring recognition, and valency awareness, and
reveal that LLM failures are not uniform: locant
identification remains challenging even for fron-
tier models, whereas valency reasoning is strongly
model-capacity dependent, suggesting fundamen-
tally different failure modes across dimensions.

2. Structure-grounded representation en-
richment. We introduce a principled structure-
grounded enrichment approach where each com-
ponent directly targeting the corresponding di-
agnostic failure and is validated by error reduc-
tion analyses. This leads frontier general-purpose
LLMs to achieve nearly 70% exact match accu-
racy on caption-to-molecule generation, surpassing
domain-specialized models. Ablation studies con-
firm that locant mapping yields the largest gain,
consistent with our diagnostic findings.

3. Teacher-guided reasoning protocol. We
leverage a teacher-guided reasoning protocol where
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a stronger model analyzes weaker model fail-
ures and generates procedural scaffolding, nearly
doubling exact-match accuracy without additional
training, showing inductive instruction synthesis
can bridge performance gaps across model scales.

2 Related Work

Encoding molecular graphs into discrete symbolic
sequences is foundational for applying language
models to chemistry. Standard linearizations like
SMILES (Weininger, 1988) traverse the molecular
graph via depth-first search, enabling compatibil-
ity but discarding explicit spatial context. While
alternatives like SELFIES (Krenn et al., 2020) in-
troduced grammatical constraints to ensure valid-
ity, they prioritize syntactic robustness over struc-
tural interpretability and lack mechanisms to track
atomic positions. Neural modeling wise, previ-
ous work explored adding molecular fingerprints
to SMILES or integrated graph-based training ob-
jectives to better capture topology (Edwards et al.,
2022; Christofidellis et al., 2023). Beyond text,
multimodal methods have fused language repre-
sentations with auxiliary encoders, such as graph
neural networks in MolCA (Liu et al., 2023) or 2D
diagrams and 3D visual renderings in 3D-MoLM
(Li et al., 2024), Chem3DLLM (Jiang et al., 2025),
and ChemDFM-X (Zhao et al., 2024a). However,
these multimodal approaches face a bottleneck: rea-
soning and generation still occur through textual
tokens, requiring the model to implicitly “translate”
encoded structural features back into sequential
operations without direct grounding.

LLMs continue to struggle with scientific reason-
ing, particularly tasks requiring spatial and geomet-
ric grounding (Jablonka et al., 2024; Boiko et al.,
2023). While tool-augmented methods like Chem-
Crow (M. Bran et al., 2024) can offload precise
calculations to external tools, they do not resolve
the fundamental disconnect in how models pro-
cess and interpret molecular strings internally. As
a representative benchmark, caption-to-molecule
generation evaluates both chemical understanding
and structure inference (Edwards et al., 2022; Guo
et al., 2023). To better align different modali-
ties, Text2Mol (Edwards et al., 2021) introduced
cross-modal retrieval between textual descriptions
and molecular graphs, and MolT5 (Edwards et al.,
2022) is directly trained on bidirectional translation
between SMILES and natural language captions.
In more recent works, large language models are

optimized by using massive domain-specific data
(Zhao et al., 2024b; Christofidellis et al., 2023) and
reinforcement learning (Zhao et al., 2025; Wang
et al., 2025; Narayanan et al., 2025).

Despite these advances, systematic evaluation
of SMILES reasoning capabilities remains limited.
Most benchmarks emphasize aggregate generation
quality (validity, uniqueness) rather than specific
competencies like positional grounding. Models
often succeed through pattern matching on train-
ing distribution rather than structural understanding
(Guo et al., 2023), echoing findings from Jablonka
et al. (2024) that chemistry LLMs frequently gen-
erate plausible-seeming but structurally incorrect
outputs. Our diagnostic tasks isolate specific rea-
soning failures, providing mechanistic insight into
these observed limitations.

3 Diagnostic Evaluations of Reasoning on
Molecule Representations

3.1 Diagnostic Framework
We probe LLMs on three structural interpretation
tasks aligned with the IUPAC-grounded dimen-
sions: locant position identification, anchoring
point recognition and valency and neighbor label-
ing. Each task isolates a specific reasoning capabil-
ity, deliberately decoupling symbol-level relational
reasoning from end-to-end molecule generation to
directly assess these decomposed skills (Table 1).

Locant Position Identification Given a
molecule’s IUPAC name and its SMILES string,
and an atom-mapped template where all posi-
tions are masked with placeholder indices, a
tested model is asked to identify the atom that
corresponds to locant ID 1 according to IUPAC
nomenclature rules and replace its placeholder with
:1. Correctness is evaluated against ground-truth
locant assignments generated using RDkit.1

This task requires models to bridge IUPAC
positional conventions and atom symbol ordering
of SMILES.

Anchoring Point Recognition Given a sub-
stituent name (e.g., “acetyl,” “3-pyridyl”) and an
atom-mapped SMILES of each molecule (arbitrary
numerical indices were assigned to atoms, see Ap-
pendix A), the model must identify the atom index
serving as the attachment point. To preclude pattern
memorization, atom indices are randomly shuffled
across instances in our assessment.

1https://github.com/rdkit/rdkit
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Valency and Neighbor Labeling Given an atom-
mapped SMILES and a target atom, the model must
identify: (1) its neighboring atoms, (2) bond orders
of bonds between itself and each neighbor, (3) hy-
drogen count, and (4) total valency. This probes
the capability of parsing bond symbols, tracking
ring closures, inferring aromaticity, and applying
hydrogen-filling conventions.

3.2 Experimental Setups
Testset Construction We generated a diagnos-
tic testset comprising 600 total samples. By con-
struction, all three tasks are dataset-agnostic and
scalable. The samples are primarily sourced from
ChEBI-20 (Edwards et al., 2022), with additional
diverse substituents drawn from PubChem (Kim
et al., 2025) following deduplication. For locant
identification, we sampled from ChEBI-20 and se-
lected molecules in various locant numbering con-
ventions including fused polycycles with angular
locants (4a, 8a), and bridged systems following
path-length conventions. For anchoring recogni-
tion, we built a diverse set of substituents from
PubChem, spanning carbon (-alkyl, -aryl, -acyl),
nitrogen, oxygen, and sulfur attachments, includ-
ing positional isomers (2-pyridyl vs. 3-pyridyl) re-
quiring disambiguation. For valency and neighbor
labeling, we sampled from ChEBI-20, filtered out
trivial cases (e.g., oxygen with one neighbor, car-
bon with two neighbors and standard valence 4)
and emphasized atoms with context-dependent va-
lency, like nitrogen in amines (valence 3) and sulfur
in sulfides (valence 2).

Evaluation Protocol For location position iden-
tification and anchoring point recognition, the pre-
dicted index is compared with the ground truth
label, and we report accuracy as the result. For
valency labeling, we report hierarchical metrics:
neighbor set (including neighbor numbers and each
neighbor’s atom ID), bond order accuracy, hydro-
gen count accuracy, total valence accuracy, and
exact match of all fields, as shown in Table 1.

Tested Models We evaluate Meta-Llama-3.1-8B
(Dubey et al., 2024), Gemma-3-12B (Team et al.,
2025), Qwen3-30B-A3B-2507 (Yang et al., 2025),
GPT-4o-1120 (Hurst et al., 2024), GPT-5.2 (Ope-
nAI, 2025), Claude-Sonnet-4.5 (Anthropic, 2025),
and a state-of-the-art domain-specialized model
ChemDFM-v2.0-14B (Zhao et al., 2025). Each
model is prompted with task-specific instructions
specifying the input format, task requirements, and

A. Locant Position Identification Example
IUPAC name: (3-chlorophenyl)acetic acid
Input SMILES: O=C(O)Cc1cccc(Cl)c1
Input Template: O=[C:X](O)[CH2:X][c:X]1[cH:X][c:
X](Cl)[cH:X][cH:X][cH:X]1
Expected Output: O=[C:X](O)[CH2:1][c:X]1[cH:X][c:
X](Cl)[cH:X][cH:X][cH:X]1

B. Anchoring Point Recognition Example
Substituent: (1R)-1-phenylethyl
Input SMILES: c1cccc([CH]C)c1
Atom-mapped SMILES:
[cH:1]1[cH:2][cH:4][cH:8][c:3]([CH:5][CH3:7])[cH:6]1
Expected Answer Atom ID: 5

C. Valence and Neighbor Labeling Example
Input Molecule: n1cocn1
Atom-mapped SMILES: [*:5]1[cH:1][o:2][cH:3][n:4]1
The [*:5] is a Nitrogen atom.
Expected Output (from a JSON format):
Target atom ID: 5, Atom type: Nitrogen
Hydrogen count: 0, Total valence: 3
Neighbors and bonds:
Neighbor Atom ID 1, Atom type: Carbon, Bond type:
Aromatic, Bond order: 1.5
Neighbor Atom ID 4, Atom type: Nitrogen, Bond type:
Aromatic, Bond order: 1.5

Table 1: Examples for the diagnostic evaluation tasks.
Here we clean the JSON format for better readability.
See more design considerations in Appendix A.

expected output structure, accompanied by three
few-shot examples randomly sampled from a held-
out set with no scaffold overlap with test instances
(see Appendix I for full instructions and model
generation examples).

3.3 Diagnostic Analysis
Figure 2 presents diagnostic results across seven
LLMs on the three structural interpretation tasks,
and reveals a clear difficulty hierarchy. Locant
position identification is the most challenging: ex-
cept Claude-Sonnet-4.5, all models achieve below
35% accuracy, with most hovering near the ran-
dom baseline (17%) even with chain-of-thought
(CoT) reasoning (Wei et al., 2022). Anchoring
point recognition shows moderate performance (30-
50% accuracy vs. 15% random baseline, exclud-
ing Claude-Sonnet-4.5 that achieves around 60%),
suggesting that attachment connectivity is partially
recoverable despite being implicit in SMILES syn-
tax. Valency awareness exhibits the highest but
most variable performance: Claude-Sonnet-4.5
and GPT-5.2 achieve nearly 80% accuracy while
smaller models like Llama-3.1-8B and Gemma-3-
12B fall below 10%. Notably, ChemDFM-2-14B, a
chemistry-specialized model, shows no consistent
advantage over general-purpose LLMs, indicating
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Figure 2: Evaluation results on the three diagnostic tasks. For the valence and neighbor-labeling evaluation, a
prediction is counted as correct only if all sub-tests are answered correctly.

Figure 3: Error type analysis on the valence and neighbor labeling evaluation.

that domain-specific training alone does not resolve
the structural grounding gap.

A granular analysis of the valency task demon-
strates that models fail in systematically different
ways (as in Figure 3).2 Neighbor mismatch, the
failure to correctly identify atom connectivity, dom-
inates weaker models, accounting for 84% of errors
in Gemma-3-12B and 70% in Qwen3-30B. Since
identifying connectivity does not require chemical
knowledge, this finding tells that the errors stem
from structural reasoning gaps: models cannot re-
liably parse local molecular graphs from linear
strings, causing cascading errors in valency assess-
ment. Hydrogen count mismatch is also preva-
lent, highlighting the models’ inability to accu-
rately infer implicit hydrogens omitted by SMILES.
CoT reasoning substantially reduces error rates for
Qwen3-30B (e.g., 70% → 23% in neighbor mis-
match, 51% → 16% in hydrogen count mismatch),
indicating that explicit reasoning can partially com-
pensate for structural grounding gaps but cannot

2Due to space limit, see Appendix D for the valence and
neighbor labeling error analysis of Claude-Sonnet-4.5.

eliminate them entirely.
Taken together, these diagnostic results show

that LLM failures on structural interpretation are
not uniform but reflect fundamentally different un-
derlying mechanisms. Locant identification re-
mains consistently challenging across all models,
suggesting that positional mapping represents an
inherent limitation of linearized representations
rather than a model capacity deficit. Valency rea-
soning, by contrast, shows strong model-capacity
dependence, suggesting failures trace back to struc-
tural reasoning gaps rather than missing chemical
knowledge. Explicit grounding, rather than im-
plicit inference from linearized representations, is
therefore necessary for reliable molecular reason-
ing across model scales.

4 Enriching Symbolic Representations

We therefore propose to enrich SMILES with the
three grounding dimensions identified above. This
transforms implicit graph reconstruction (Dwivedi
et al., 2021) into explicit sequence inference that
are better suited to language model architectures.
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Figure 4: Overview of the enriched symbolic representations for molecule reasoning.

4.1 Representation Components

IUPAC-Aligned SMILES with Locant
Tags Position identifiers are embedded
into SMILES strings using locant-mapped no-
tation [atom:locant]. For example, molecule
‘D-galactose’ as shown below, [C@H:2] and
[CH2:6] directly encode that these carbons are
position 2 and 6 respectively according to IUPAC
nomenclature rules. This allows a model to process
a structurally specific instruction like “substitution
at position 2,” by locating the corresponding token
directly, without reconstructing the numbering
system from graph topology.

D-galactose: O=C[C@H](O)[C@@H](O)[C@@H](O)[C@H](O)CO –>
O=[CH:1][C@H:2](O)[C@@H:3](O)[C@@H:4](O)[C@H:5](O)[CH2:6]O

Locant Valence and Neighbor Information For
each labeled position, we explicitly enumerate
neighboring atoms and bonding capacity. Each
locant entry specifies the atom type, position index,
total valence, and neighbors with their bond types.
For instance, position 2 in ‘D-galactose’ is anno-
tated with valence 4 and neighbors [CH:1], O, and
[CH:3]. This allows models to perform constraint
verification on whether a proposed modification
respects valence limits or not without parsing im-
plicit hydrogen counts from SMILES syntax where
hydrogen atoms are omitted in the standard format.

Anchor-Aligned Substituents Substituent frag-
ments are represented with dummy atoms (*) to
mark the attachment positions, and with the anchor-
ing atom placed leftmost in the reordered SMILES

strings. Two examples are shown below. This left-
alignment makes attachment points immediately
identifiable at the token level, eliminating the need
to infer connection sites from chemical knowledge.

N-acetyl-α-D-galactosaminyl:
*[C@H]1O[C@H](CO)[C@H](O)[C@H](O)[C@H]1NC(C)=O

α-L-fucosyl:
*[C@@H]1O[C@@H](C)[C@@H](O)[C@@H](O)[C@@H]1O

4.2 Enriched Context Construction

Given a natural language description (e.g., caption-
to-molecule generation), we extract the named en-
tities of core molecular scaffolds and substituents
using GPT-4o (see details in Appendix C). The ex-
tracted names are then used to retrieve their molec-
ular information from PubChem (Kim et al., 2025)
and OPSIN,3 and their enriched representations
were generated using RDkit. As illustrated in Fig-
ure 4 and Appendix Figure 12, each scaffold entry
contains IUPAC-aligned locant tags (see detailed
implementation in Appendix B) and valence and
neighbor annotations; each substituent entry con-
tains anchor-aligned SMILES with dummy atom
(*) marking the attachment position. The enriched
context is provided to the model along with the
downstream task instruction.

5 Molecule Generation Task

5.1 Experimental Settings

Data Construction To demonstrate the contribu-
tion of structural grounding, we constructed a re-

3https://www.ebi.ac.uk/opsin/
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Tested Model BLEU Levenshtein↓ MACCS FTS RDK FTS Morgan FTS FCD Metric↓ Validity Exact Match

Inference with domain-specialized language models:
T5-v1.1-large (fine-tuned) 0.829 10.73 0.840 0.707 0.650 1.895 0.959 0.224
MolT5-large (fine-tuned) 0.837 10.24 0.860 0.738 0.677 1.605 0.975 0.266
ChemDFM-v2-14B (ICL) 0.829 7.371 0.910 0.768 0.716 1.320 0.982 0.414
ChemDFM-v2-14B (CoT) 0.846 6.751 0.913 0.784 0.724 1.372 0.983 0.440
ChemDFM-R-14B (ICL) 0.836 7.442 0.905 0.775 0.712 1.864 0.984 0.434
ChemDFM-R-14B (CoT) 0.857 6.835 0.923 0.811 0.757 1.130 0.979 0.505

Inference with general-purpose language models:
GPT-4o-1120 (ICL) 0.682 13.84 0.819 0.597 0.529 2.338 0.880 0.142
GPT-4o-1120 (CoT) 0.696 13.26 0.831 0.613 0.553 2.502 0.853 0.133
GPT-4o-1120 (CaS) 0.736 13.16 0.863 0.637 0.603 5.117 0.862 0.182
GPT-4o-1120 (CaS+A) 0.701 13.49 0.856 0.649 0.585 2.664 0.860 0.196
GPT-4o-1120 (CaS+M) 0.721 12.45 0.875 0.689 0.632 4.637 0.839 0.206
GPT-4o-1120 (CaS+A+M) 0.717 12.61 0.868 0.678 0.631 2.464 0.875 0.224
GPT-4o-1120 (ExS | Ours) 0.725 12.01 0.871 0.684 0.631 2.525 0.848 0.237

Qwen3-30B-A3B (ICL) 0.485 22.93 0.686 0.435 0.361 4.195 0.843 0.021
Qwen3-30B-A3B (CoT) 0.518 19.38 0.694 0.475 0.434 5.895 0.639 0.067
Qwen3-30B-A3B (CaS) 0.644 15.10 0.840 0.671 0.616 5.098 0.669 0.172
Qwen3-30B-A3B (CaS+A) 0.588 17.70 0.862 0.691 0.650 6.412 0.683 0.218
Qwen3-30B-A3B (CaS+M) 0.583 16.29 0.876 0.731 0.694 8.160 0.603 0.219
Qwen3-30B-A3B (CaS+A+M) 0.623 15.52 0.869 0.708 0.865 4.737 0.670 0.238
Qwen3-30B-A3B (ExS | Ours) 0.651 14.72 0.880 0.726 0.683 4.206 0.633 0.257

Claude-Sonnet-4.5 (ICL) 0.858 6.802 0.927 0.778 0.744 3.161 0.930 0.396
Claude-Sonnet-4.5 (CoT) 0.842 6.730 0.929 0.842 0.819 2.107 0.970 0.534
Claude-Sonnet-4.5 (CaS) 0.903 4.728 0.955 0.845 0.808 1.949 0.980 0.530
Claude-Sonnet-4.5 (CaS+A) 0.912 4.201 0.953 0.832 0.816 1.665 0.986 0.545
Claude-Sonnet-4.5 (CaS+M) 0.922 3.418 0.967 0.881 0.851 1.754 0.974 0.612
Claude-Sonnet-4.5 (CaS+A+M) 0.922 3.856 0.964 0.871 0.839 1.705 0.995 0.644
Claude-Sonnet-4.5 (ExS | Ours) 0.924 3.139 0.965 0.877 0.862 2.565 0.990 0.683

GPT-5.2-non-thinking (ICL) 0.733 11.83 0.891 0.706 0.656 2.160 0.844 0.202
GPT-5.2-thinking (CoT) 0.779 9.332 0.943 0.825 0.791 1.731 0.819 0.418
GPT-5.2-thinking (CaS) 0.795 7.986 0.958 0.867 0.832 1.823 0.857 0.549
GPT-5.2-thinking (CaS+A) 0.818 7.069 0.957 0.835 0.817 2.911 0.927 0.584
GPT-5.2-thinking (CaS+M) 0.849 6.240 0.962 0.877 0.853 2.106 0.923 0.635
GPT-5.2-thinking (CaS+A+M) 0.872 4.963 0.962 0.880 0.852 0.944 0.963 0.676
GPT-5.2-thinking (ExS | Ours) 0.877 4.890 0.964 0.887 0.859 0.966 0.958 0.691

Table 2: Experimental results on the molecule generation task. The lower is better in Levenshtein and FCD Metric.
Exact Match denotes the identical molecule structure as the ground truth. Blue rows are ablation comparison.

fined subset of ChEBI-20 (Edwards et al., 2022)
containing 559 targeted caption-to-molecule sam-
ples that demand IUPAC-grounded structural rea-
soning for substituent attachment at designed lo-
cant positions. For each sample, we constructed en-
riched representations by identifying all referenced
scaffolds and substituents, generating IUPAC-
aligned SMILES with locant annotations, extract-
ing valence details, and formatting substituents to
anchor-aligned SMILES.

Tested Models and Inference Settings We eval-
uated domain-specialized models: T5-v1.1-large
and MolT5-large (Edwards et al., 2022) on their
default settings, ChemDFM-v2-14B (Zhao et al.,
2024b), ChemDFM-R-14B (Zhao et al., 2025), and
general-purpose LLMs: Qwen3-30B-A3B-2507,
GPT-4o-1120, GPT-5.2, and Claude-Sonnet-4.5
with different inference configurations (see Ap-
pendix G for more implementation details). We
compared seven experimental settings to distin-
guish the contribution of each component. (1)
ICL: in-context learning with 10-shot examples.

(2) CoT: vanilla chain-of-thought for step-by-step
reasoning. (3) CaS: Canonicalized SMILES of
core molecular scaffolds and substituents are pro-
vided. (4) CaS+A: CaS with additional Anchor-
aligned substituents. (5) CaS+M: CaS with ad-
ditional IUPAC-aligned locant-Mapped scaffold
SMILES. (6) CaS+A+M: CaS+A with IUPAC-
aligned locant-Mapped scaffold SMILES. (7) ExS:
Enriched molecule representation: full structure-
grounded context including locant-mapped scaf-
folds, valence information, and anchor-aligned sub-
stituents is provided. This comparison design also
formulates an ablation study, allowing us to observe
models’ capability in utilizing different features un-
der controlled conditions.

Evaluation Metrics We report Exact Match,
BLEU, Levenshtein distance (lower is better), FCD
measuring distributional similarity (lower is bet-
ter), Fingerprint Similarities of MACCS, RDK, and
Morgan, and Validity (see metrics details in Ap-
pendix F) following common practice (Edwards
et al., 2022). Among these, Exact Match is the
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Model BLEU Levenshtein↓ MACCS FTS RDK FTS Morgan FTS FCD Metric↓ Validity Exact Match

Inference with the enriched molecule representation:
Qwen3-30B-A3B 0.651 14.72 0.880 0.726 0.683 4.206 0.633 0.257
GPT-4o-1120 0.725 12.01 0.871 0.684 0.631 2.525 0.848 0.237

Inference with the teacher-guided reasoning protocol:
Qwen3-30B-A3B 0.701 11.78 0.917 0.781 0.758 2.448 0.726 0.428 [↑67%]
GPT-4o-1120 0.711 11.90 0.893 0.749 0.725 2.712 0.815 0.413 [↑74%]

Table 3: Experimental results on the inductive protocol refinement.

key metric as it directly measures whether the gen-
erated molecules are identical to the ground truth.

5.2 Results and Analyses

Table 2 summarizes results on the molecule gen-
eration task across all models and conditions.
Structure-grounded context consistently improves
performance across all general-purpose LLMs:
GPT-5.2 achieves the highest exact match accu-
racy at 0.691, followed by Claude-Sonnet-4.5 at
0.683. Notably, with explicit structure-grounded
context, frontier general-purpose LLMs outperform
the strong domain-specialized model ChemDFM-
R with CoT, while weaker models like Qwen3-
30B achieves comparable accuracy to domain-
specialized MolT5-large model, suggesting explicit
structural grounding can compensate for domain-
specific training.

Interestingly, while Claude-Sonnet-4.5 performs
the best in the diagnostic tasks across all dimen-
sions (Figure 2), GPT-5.2 achieved the best final
results on molecular generation, suggesting that ex-
plicit structural context levels the playing field on
structural reasoning: when grounding information
is provided explicitly, the bottleneck shifts from
inherent structural reasoning capacity to general
generation capacity.

The ablation results distinguish each compo-
nent’s contribution and align precisely with our
diagnostic findings. For Qwen3-30B, exact match
rises from 0.021 (ICL) to 0.067 (CoT) to 0.172
(CaS) to 0.218 (CaS+A) to 0.238 (CaS+A+M) to
0.257 (ExS), showing balanced contributions from
all three structural enrichments, consistent with its
uniform failure across all diagnostic dimensions.
For GPT-5.2, exact match rises from 0.202 (ICL)
to 0.418 (CoT) to 0.549 (CaS) to 0.584 (CaS+A) to
0.676 (CaS+A+M) to 0.691 (ExS), with the largest
single gain from locant-mapped SMILES, agreeing
with locant identification being its primary diagnos-
tic weakness. Weaker models benefit most from en-
riched representations: Qwen3-30B shows a 284%
relative gain from CoT to ExS, suggesting explicit

structural grounding is particularly valuable when
models lack inherent structural reasoning capabil-
ities. Fine-grained error analysis further confirms
that grounding components systematically reduce
their corresponding failure modes (Appendix Fig-
ure 6).

Although previous work emphasizes validity
(Tao et al., 2025), exact match is the most criti-
cal in chemistry: valid yet nonidentical structure
still means different molecules; exact molecular
identity is required. The slightly fluctuated validity
reflects models attempting more complex structures
rather than conservative generation; exact match
improvements present the actual gains. These
results validate our core thesis: providing structure-
grounded context that explicitly encodes locant po-
sitions, anchoring points, and valency information
substantially improves molecular reasoning across
model scales.

5.3 Improving Weaker Models via Inductive
Protocol Synthesis

Despite consistent gains from our approach, weaker
models still largely underperform. Analysis of rea-
soning traces reveals that they can correctly identify
scaffolds and parse modification instructions, but
fail at syntactic execution such as endless think-
ing without a resolution (Figure 10) or losing track
of structural state during generation process (Ap-
pendix E). This suggests the failure lies in procedu-
ral organization, promoting procedural guidance as
a targeted solution.

We thus leveraged an instruction induction strat-
egy (Madaan et al., 2023; Xiao et al., 2025) using
the teacher-guided protocol. The reasoning traces
from weaker models on five failed examples in a
hold-out set were provided to Claude-Sonnet-4.5,
which was then tasked with identifying the failure
patterns and generating corrective guidance. This
process yields a decomposed protocol covering
locant-map understanding, modification parsing,
structure updating and constraint validation (Ap-
pendix Figure 13). Since the hold-out set shares
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Tested Model (Representation) BLEU Levenshtein↓ MACCS FTS RDK FTS Morgan FTS FCD Metric↓ Validity Exact Match

GPT-4o-1120 (Atom-mapped) 0.710 13.13 0.856 0.654 0.595 5.369 0.821 0.139
Qwen3-30B-A3B (Atom-mapped) 0.557 18.38 0.838 0.667 0.630 8.169 0.538 0.154
GPT-5.2-thinking (Atom-mapped) 0.799 8.020 0.952 0.847 0.808 2.435 0.886 0.507
Claude-Sonnet-4.5 (Atom-mapped) 0.886 5.532 0.952 0.844 0.810 1.745 0.955 0.527

ChemDFM-X-13B (2D Graph) 0.854 8.453 0.909 0.770 0.731 1.377 0.982 0.388

GPT-4o-1120 (SELFIES) 0.393 28.94 0.540 0.344 0.289 10.17 0.889 0.045
GPT-5.2-thinking (SELFIES) 0.237 44.36 0.560 0.392 0.343 10.77 0.746 0.109
Claude-Sonnet-4.5 (SELFIES) 0.502 21.92 0.674 0.454 0.402 8.175 0.958 0.144

GPT-4o-1120 (MolJSON) 0.727 12.32 0.871 0.671 0.622 3.758 0.857 0.197
GPT-5.2-thinking (MolJSON) 0.861 5.597 0.961 0.859 0.828 1.813 0.945 0.572
Claude-Sonnet-4.5 (MolJSON) 0.896 4.756 0.948 0.831 0.795 1.810 0.985 0.502

Table 4: Comparison with other molecule representations on the molecule generation task.

the property of our constructed test sets, the re-
sulting protocol provides targeted yet general guid-
ance rather than instance-specific instructions. This
leads to substantial improvement (Table 3): Qwen3-
30B improves from 25.7% to 42.8% exact match
and GPT-4o rises from 23.7% to 41.3%, nearly
doubling exact match accuracy for both models
without any parameter updates. Fine-grained error
analysis shows that the protocol specifically tar-
gets the residual locant positioning failures during
execution (Appendix H, Figure 6). These results
demonstrate that explicit procedural scaffolding
addresses the structural reasoning gap, and that in-
ductive instruction refinement is a flexible path for
bridging performance gaps across model scales.

5.4 Additional Comparison with Other
Molecular Representations

We conducted additional comparisons with some
other molecular representations and the results are
summarized in Table 4. (1) SMILES with arbi-
trary atom numbers. The basic syntax of “atom-
mapped SMILES” is briefed in Appendix A, and
RDkit is used to generate the atom-mapped anno-
tations. With arbitrary atom numbers, the gener-
ation accuracy degrades to values below CaS in
Table 2 (GPT-4o, 0.182, Qwen3-30B-A3B, 0.172;
Claude-Sonnet-4.5, 0.53; GPT-5.2, 0.549). This
suggests the arbitrary atom numbers confuses mod-
els, strongly supporting our findings that structure-
grounded information is essential for models to per-
form structure-aware molecule manipulation. (2)
Multimodal encoding. We use the multimodal
model ChemDFM-X (Zhao et al., 2024a) and en-
rich the text input with the 2D molecular graphs.
Adding the graph modality does not bring any per-
formance gain compared with its text-only coun-
terpart, suggesting the structural information the
graph carries is not recovered for molecule gen-
eration. (3) SELFIES. We found that all tested

models performed poorly with SELFIES, possibly
due to their limited exposure to SELFIES during
pre-training. Qwen3-30B-A3B frequently failed to
produce valid outputs, so we excluded it from the
reported results. (4) Adjacency-list JSON vari-
ant. We also tested the MolJSON (Runcie et al.,
2026) on GPT-4o, GPT-5.2, and Claude-Sonnet-
4.5. The MolJSON scheme offers some structure-
grounded information such as bonds and neigh-
boring atoms. It results in better accuracy than
CaS with GPT models, but not with Claude-Sonnet-
4.5, indicating additional guidelines are necessary
to better utilize such representations across models.
The overall accuracy is lower than CaS + M infer-
ence setting, suggesting locant-mapped structural
information is key for accurate SMILES manipu-
lation. Together, this experiment provides further
evidence on the significance of structural ground-
ing for molecular understanding and manipulation.

6 Conclusion

We systematically diagnosed the grounding prob-
lem in molecular reasoning. Decomposing it along
three IUPAC-grounded dimensions, our diagnostic
reveals universal but non-uniform failures: locant
identification is the most challenging, revealing an
inherent limitation of linearized representations,
whereas valency failures trace back to structural
parsing gaps. By directly enriching each failure
mode with its corresponding structural context,
general-purpose LLMs achieved nearly 70% ac-
curacy on molecular generation. A teacher-guided
reasoning protocol effectively boosted weaker mod-
els’ performance without parameter updates. These
results establish explicit structural grounding as a
principled and training-free path toward reliable
molecular reasoning, and suggest that diagnosing
failures along theory-grounded dimensions is a pro-
ductive direction for scientific NLP more broadly.
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Limitation

In this work, our experiments were conducted on
a refined subset of the ChEBI-20 with the focus
on molecule manipulation, which is a challenging
and representative task for structure-aware molec-
ular understanding and generation. Its generaliz-
ability to more complex chemical generative tasks
like retro-synthesis remains to be investigated in
future studies. Additionally, incorporating the en-
riched representation relies on retrieving and val-
idating structural context; performance may de-
grade for novel molecules where specific scaffold
information or IUPAC numbering is unavailable in
the knowledge base. Finally, the current state-of-
the-art performance relies on access to proprietary
frontier LLMs, which limits its applicability in en-
vironments where such models are not available.
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A Atom-Mapped SMILES Syntax

Standard SMILES (Weininger, 1988) strings repre-
sent molecules as sequences of characters, where
atoms are nodes and bonds are edges. However,
standard SMILES do not enforce a unique mapping
between the string characters and the atoms in the
molecular graph, as the traversal order can vary.
Atom-mapped SMILES extend this notation by as-
signing a unique integer identifier to each atom,
ensuring a consistent reference for every position
in the structure.

In atom-mapped SMILES, an atom is repre-
sented within brackets ‘[]’, containing the atomic
symbol followed by a colon ‘:’ and the integer map
number. For instance, the standard SMILES of
Ethanol is CCO, and its Atom-mapped SMILES is
[CH3:1][CH2:2][OH:3]. This notation explicitly
maps the methyl carbon to index 1, the methylene
carbon to index 2, and the hydroxyl oxygen to in-
dex 3. By assigning unique identifiers, it enables
models to distinguish between chemically identical
atoms, track specific positions across reaction steps,
and link textual descriptions like “C-2” directly to
their corresponding sequence tokens.

Given that SMILES representations are non-
unique and often appear in non-canonical forms
within pretraining data, we conducted input ran-
domization to testing the model robustness. Specif-
ically, we randomly reordered the atom-mapped
SMILES in our diagnostic tasks, forcing the mod-
els to interpret the explicit atom mapping rather
than relying on fixed canonical sequences.

B IUPAC Locant Mapping Construction

We use OPSIN to interpret the IUPAC name and
assign all explicit locants (in the CML format), nat-
urally handling complex cases like fused or bridged
systems (e.g., 4a, 8a). We then use RDKit to ini-
tialize the molecule object and incorporate the ex-
tracted OPSIN locants into it. Because RDKit’s
atom mapping only accepts integers, we generate
an atom-indexed SMILES using temporary integer
placeholders. Finally, we apply a regular expres-
sion substitution to replace these temporary IDs
with the exact locants in the final string (e.g., map-
ping a temporary [c:1] to its true [c:4a]). While
this procedure is mechanistically valid by construc-
tion, a domain expert reviewed 50 randomly se-
lected samples, validated them using ChemDraw,
and confirmed that all of them were correct (100%
conversion accuracy).

C Molecule Named Entity Extraction

In our experiments, we use LLMs (e.g., GPT-4o)
to extract molecular named entities from captions
(e.g., base scaffold and substituents), which is more
flexible than template-based entity matching. Here
is one instruction example: “Extract from the fol-
lowing molecule caption the base molecular scaf-
fold(s) and any named substituents. Output as
JSON with keys “scaffold” and “substituents” (an
array of objects with exact names).” To ensure
validity, we verify extracted entity names by check-
ing their occurrence in the original caption and
filtering out those absent from common chemical
databases (e.g., PubChem). We quantified the en-
tity extraction accuracy and retrieval coverage. For
entity-extraction accuracy, a domain expert manu-
ally audited GPT-4o’s extractions on 100 captions
and confirmed 96% accuracy. As this step is text
extraction over explicitly named scaffolds and sub-
stituents, high accuracy is expected. For retrieval
coverage: around 95% of extracted entities resolve
to SMILES, with almost 100% scaffold retrieval.
The failure concentrates on substituent retrieval and
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Figure 5: Error type analysis on the valence and neigh-
bor labeling evaluation (Claude-Sonnet-4.5).

Models Mean Std. Dev↓
GPT-4o-1120 0.21 0.012
Qwen3-30B-A3B 0.22 0.016

Table 5: Mean exact-match accuracy and standard devi-
ation over 5 independent runs of locant identification.

anchoring point identification. As the SMILES re-
trieval is done by standard cheminformatics tools,
we treat this as a reliable preprocessing component.

D Additional Experimental Results of
Diagnostic Tasks

(1) The error-type analysis on valence and neighbor
labeling for Claude-Sonnet-4.5 is shown in Figure
5. This is a supplementary data for Figure 3.

(2) For the diagnostic task, we didn’t expect sen-
sitivity towards the few-shot examples since the
examples were randomly sampled from a held-out
set with no scaffold overlap with the test instances.
To verify this directly, we re-ran locant identifica-
tion 5 times per model; each run independently
sampled 100 test instances, 3 few-shot demonstra-
tions, and a random atom-index relabeling of the
input SMILES. We report mean exact-match accu-
racy and its standard deviation across the multiple
runs in Table 5. The low variance confirms the iden-
tification is robust to the few-shot demonstrations
and atom-index relabeling.

E Reasoning Traces as Interpretable
Interfaces

Although recent research suggests that chain-of-
thought explanations may lack faithfulness, of-
ten providing post-hoc justifications that obscure
underlying decision-making mechanisms (Turpin
et al., 2023; Chen et al., 2025), we analyze rea-
soning traces to understand how models prioritize

and contextualize structural information. While
generated rationales may not perfectly reflect in-
ternal causal operations, they explicitly expose
the model’s procedural planning and information
distillation. This is crucial in scientific domains
like molecular reasoning, where the validity of the
derivation steps is as important as the final answer.
Furthermore, natural language traces serve as a vi-
tal interface for human-AI collaboration, offering
the interpretability necessary for domain experts to
identify structural misconceptions and verify the
chemical logic driving model decisions.

Our Observation As the examples shown in Fig-
ure 10, Figure 11, and Figure 12, weaker models
(e.g., Qwen3-30B and GPT-4o) are able to initiate
the molecule generation task with reasonable logic
planning: basic steps, and analyzing the input and
requirements. However, unlike stronger models
like GPT-5.2 and Claude-Sonnet-4.5, they exhibit
significant fragility during intermediate reasoning
steps. In particular, we observed patterns of re-
cursive failure, where the Qwen3-30B failed into
“endless thinking” loops, it repeatedly re-evaluating
the same structural constraint without progressing
to a resolution, or lose track of ring numbers as
the SMILES string evolves. This divergence high-
lights that even we provided requisite chemical
knowledge, weaker models may lack the robust
state-tracking capabilities needed to sustain pre-
cise structural modifications over long reasoning
horizons.

F Molecule Generation Metrics

As common practice (Edwards et al., 2022), we
use following metrics to evaluate model-generated
molecules. We canonicalize the model-generated
and ground truth SMILES via RDKit (where the
molecule string is parseable) to reflect structure
identity beyond string similarity.
BLEU (Papineni et al., 2002) measures the tex-
tual similarity between the generated and reference
SMILES strings by calculating overlap of n-grams.
Levenshtein Distance quantifies the minimum
number of single-character edits (insertions, dele-
tions, or substitutions) required to transform the
generated SMILES string into the reference string.
Fingerprint Tanimoto Similarities measure struc-
tural similarity by calculating the Jaccard index
between the boolean fingerprint vectors (MACCS,
RDK, or Morgan) of the generated and reference
molecules (Rogers and Hahn, 2010).

17374



Fréchet ChemNet Distance (FCD) (Preuer et al.,
2018) evaluates the distance between the distribu-
tion of generated molecules and real molecules in
a high-dimensional feature space.
Validity reports the percentage of generated
SMILES sequences that follow correct chemical
syntax and valency rules, resulting in a parseable
molecular structure.
Exact Match verifies whether the generated
molecule is chemically identical to the ground
truth after canonicalizing both structures to han-
dle SMILES variations.

G Model Selection and Inference
Configurations

For the three diagnostic evaluation tasks, we se-
lected general-purpose models: Meta-Llama-3.1-
8B (Dubey et al., 2024), Gemma-3-12B (Team
et al., 2025), Qwen3-30B-A3B-2507 (Yang et al.,
2025), GPT-4o-1120 (Hurst et al., 2024), GPT-5.2
(OpenAI, 2025), Claude-Sonnet-4.5 (Anthropic,
2025), and a state-of-the-art domain-specialized
model ChemDFM-v2.0-14B (Zhao et al., 2025).
We include both open-source models for better
reproducibility, and proprietary models to estab-
lish performance upper bounds on general-purpose
models. ChemDFM-v2.0-14B serves as a strong
baseline as domain-specialized LLMs, allowing us
to evaluate the effectiveness of in-domain training.

For the molecule generation task, we selected
strong domain-specialized models including T5-
v1.1-large and MolT5-large (Edwards et al., 2022),
ChemDFM-v2-14B (Zhao et al., 2024b), and
ChemDFM-R-14B (Zhao et al., 2025), along
with general-purpose LLMs including Qwen3-30B-
A3B, GPT-4o-1120, Claude-Sonnet-4.5, and GPT-
5.2 (w/ default thinking effort). We particularly
focus on general-purpose LLMs to test whether
explicit structural grounding can compensate for
the lack of massive domain-specific training. For
non-thinking mode, we employed temperature near
0 for deterministic generation, and default temper-
ature is used for thinking modes. We applied the
“Let’s think step by step” as vanilla chain-of-thought
prompt. For proprietary LLMs, we use their official
API service without web-search function calling
and other features.

Moreover, we exclude Meta-Llama-3.1-8B and
Gemma-3-12B from the molecule generation eval-
uation because preliminary experiments revealed
that their performance remained very low even

when provided with enriched molecular context,
suggesting that a minimum capability threshold is
required to effectively leverage structural ground-
ing. For the ChemDFM models, we observed that
their domain-specific instruction tuning led to rigid
response patterns, resulting in poorer instruction-
following compared to general-purpose models
when presented with various output formats.

H Fine-Grained Error Analysis

To further evaluate the effectiveness of our pro-
posed method and gain deeper insights into failure
modes in the molecule generation task, we imple-
mented a fine-grained via LLM-as-a-judge (using
GPT-5.2 with thinking mode). We focus on lo-
cant positioning and anchoring recognition errors,
as valency and bonding errors typically result in
invalid SMILES and are captured by the validity
metric; isolating them as a separate category would
conflate structural reasoning failures with syntactic
execution errors. More specifically, we count the
failure modes of two types: (1) Locant Positioning
Errors: the model targets an incorrect numerical
position or relative geometry on the base molecular
scaffold, and (2) Anchoring Recognition Errors:
the model incorrectly identifies which atom on the
substituent itself should form the connection. This
allows us to measure how enriched structural con-
text mitigates symbol-to-graph translation errors.

Figure 6: Fine-grained error analysis results. The Y-axis
denotes the percentage of errors over tested samples.

Figure 6 presents the fine-grained error anal-
ysis for GPT-4o-1120 and Qwen3-30B-A3B un-
der five inference settings, since they provide
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full chain-of-thought reasoning traces. First, an-
choring errors respond readily to structural en-
richment: adding anchoring information (CaS+A)
nearly halves them. This indicates that anchor-
ing is an information-retrieval problem solvable
by explicit context, whereas locant reasoning addi-
tionally requires sustained positional tracking dur-
ing generation. Second, we observed that the lo-
cant positioning failures under ExS are not knowl-
edge gaps but execution failures. As shown in Fig-
ure 13, compare with stronger models (e.g., GPT-
5.2, Claude-Sonnet-4.5), models with less reason-
ing efforts (e.g., GPT-4o, Qwen3-30B) understand
the structural context but lose track of them over
long generation horizons. Moreover, both models
converge to comparable error rates under ExS +
Teacher-guided Protocol, suggesting that procedu-
ral guidance effectively scaffolds structural reason-
ing beyond what enriched representations alone
provide.

I Task Instructions and Model
Generation Examples

We list some examples of task-specific instruction
for the three diagnostic evaluation tasks: locant
identification (Figure 7), anchoring point recog-
nition (Figure 8), valence and neighbor labeling
(Figure 9).

We also show instruction and model outputs
of the molecule generation task: GPT-4o output
of chain-of-thought reasoning given canonicalized
base scaffold (Figure 11), Claude-Sonnet-4.5 out-
put of chain-of-thought reasoning given enriched
molecule representation (Figure 12).

Moreover, we demonstrate one example of the
failure pattern recognition of GPT-4o reasoning
traces by a stronger teacher model (e.g., Claude-
Sonnet-4.5), as shown in Figure 13. The teacher-
guided protocol is used as input to refined the task-
instruction for weaker models (e.g., GPT-4o and
Qwen3-30B-A3B), helping them better leverage
the enriched molecule representations.

J Licenses and Terms of Use

Datasets and models used in this work are publicly
available under open licenses. ChEBI-20 is
distributed under the Creative Commons Attri-
bution license (https://www.ebi.ac.uk/licencing/).
PubChem data is publicly available through
the NCBI and is freely accessible for research
use. RDKit is distributed under the BSD license

(https://github.com/rdkit/rdkit/blob/master/license.
txt). For proprietary models (e.g., GPT-4o, GPT-
5.2, Claude-Sonnet-4.5), we accessed them via
official APIs in compliance with their respective
terms of service, and no model weights were
redistributed. Open-source models (e.g., Meta-
Llama-3.1-8B, Gemma-3-12B, Qwen3-30B-A3B,
Mol-T5, ChemDFM-v2.0-14B, ChemDFM-R-14B,
ChemDFM-X-13B) are used in accordance with
their respective licenses. The local deployed
models are running on the Nvidia A100 GPUs
with 80G memory.

K LLM Usage Declaration

We used ChatGPT and Grammarly solely for gram-
mar checking and correction when writing the
manuscript. All scientific content, experimental
designs, results, and conclusions were written and
verified by the authors.
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Figure 7: Diagnostic evaluation examples: the locant identification task.

Figure 8: Diagnostic evaluation examples: the anchoring point recognition task.
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Figure 9: Diagnostic evaluation examples: the valence and neighbor labeling task.
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Figure 10: One example of the endless thinking of Qwen3-30B-A3B-2507.
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Figure 11: Molecule generation example: chain-of-thought reasoning given canonicalized base scaffold.
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Figure 12: Molecule generation example: chain-of-thought reasoning given enriched molecule representations and
anchoring substituents.
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Figure 13: Teacher-guided protocol example: failure pattern recognition of GPT-4o reasoning traces by Claude-
Sonnet-4.5.
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