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Abstract

Optical Chemical Structure Recognition (OCSR) plays a
pivotal role in modern chemical informatics, enabling the
automated conversion of chemical structure images from
scientific literature, patents, and educational materials into
machine-readable molecular representations. This capability
is essential for large-scale chemical data mining, drug dis-
covery pipelines, and Large Language Model (LLM) appli-
cations in related domains. However, existing OCSR systems
face significant challenges in accurately recognizing stereo-
chemical information due to the subtle visual cues that dis-
tinguish stereoisomers, such as wedge and dash bonds, ring
conformations, and spatial arrangements. To address these
challenges, we propose MolSight, a comprehensive learn-
ing framework for OCSR that employs a three-stage train-
ing paradigm. In the first stage, we conduct pre-training on
large-scale but noisy datasets to endow the model with fun-
damental perception capabilities for chemical structure im-
ages. In the second stage, we perform multi-granularity fine-
tuning using datasets with richer supervisory signals, system-
atically exploring how auxiliary tasks—specifically chemi-
cal bond classification and atom localization—contribute to
molecular formula recognition. Finally, we employ reinforce-
ment learning for post-training optimization and introduce a
novel stereochemical structure dataset. Remarkably, we find
that even with MolSight’s relatively compact parameter size,
the Group Relative Policy Optimization (GRPO) algorithm
can further enhance the model’s performance on stereomolec-
ular. Through extensive experiments across diverse datasets,
our results demonstrate that MolSight achieves state-of-the-
art performance in (stereo)chemical optical structure recog-
nition.

Code — https://github.com/hustvl/MolSight
Extended version — https://arxiv.org/abs/2511.17300

Introduction
A vast amount of chemical information is locked within
static images in publications, making it inaccessible for
computational analysis. Recent document parsing pipelines
(Wang et al. 2024; Li et al. 2025) typically render chemi-
cal diagrams as simple images. Optical Chemical Structure
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Figure 1: Examples of challenging chemical structures
images. (a) Diversity of images from different sources. (b)
3D molecular information encoded within 2D images.

Recognition (OCSR) addresses this by converting these im-
ages into machine-readable formats. This automated process
is crucial for accelerating drug discovery and building chem-
ical databases.

General OCSR challenges stem from the diversity of
chemical structure sources: (1) Image Degradation: High
variance in quality and artifacts from heterogeneous sources
like scans and sketches. (2) Symbolic Complexity: The need
to parse complex chemical notations beyond the core molec-
ular graph. (3) Stylistic Variance: The lack of standard-
ized drawing conventions, leading to inconsistent represen-
tations.

The stereochemical configuration of molecules—includ-
ing chirality, geometric isomerism, and conformational de-
tails—directly impacts their pharmacological effects and
chemical behavior, making precise recognition of these
structural features a critical requirement for practical ap-
plications. Stereochemical recognition introduces additional
layers of complexity. As shown in Fig. 1, critical stere-
ochemical indicators such as wedge bonds (representing
bonds projecting toward the viewer) and dashed bonds (indi-
cating bonds extending away from the viewer) require pre-
cise detection and classification. Furthermore, distinguish-
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ing between stereoisomers—molecules with identical con-
nectivity but different spatial arrangements—demands so-
phisticated understanding of geometric relationships and
spatial context that traditional approaches often fail to cap-
ture effectively.

To address the aforementioned challenges, we propose
MolSight, the first multi-stage learning framework specifi-
cally designed for OCSR tasks. In the first stage, MolSight
supports pretraining using large quantities of images anno-
tated only with SMILES, with the objective of enhancing the
perception capabilities of the image encoder for molecular
images. In the second stage, by introducing the additional
chemical bond head and coordinate head, the performance
of the model can be improved during this process. Recently,
reinforcement learning (RL) has shown tremendous poten-
tial in improving LLMs’ ability to solve complex reasoning
tasks. Inspired by this development, MolSight innovatively
introduce RL algorithms into OCSR tasks, utilizing images
of stereoisomers that are commonly confused by the model
for RL optimization, thereby further enhancing the model’s
understanding of chemical semantics.

The main contributions of this paper can be summarized
as follows:

• We present MolSight, a comprehensive learning frame-
work for OCSR that enhances model performance
across diverse molecular types, particularly stereoiso-
mers, through a three-stage training approach consist-
ing of pre-training, multi-granularity fine-tuning, and RL
post-training.

• MolSight represents the first OCSR system to incorpo-
rate reinforcement learning methods. By integrating the
GRPO algorithm, the model optimization process over-
comes the limitations of token-level accuracy and di-
rectly optimizes for chemical semantic correctness, ef-
fectively improving recognition accuracy for stereoiso-
meric molecules.

• We construct a new annotated molecular image dataset,
Stereo-200k, consisting entirely of challenging stereoiso-
meric molecules that are prone to confusion. This dataset
supports MolSight’s RL training process and will be
made publicly available to the research community.

• Extensive experiments demonstrate that MolSight
achieves state-of-the-art performance in terms of ac-
curacy, similarity, and robustness, outperforming both
classical and learning-based methods across most sce-
narios, while showing broad potential for downstream
applications.

Related Work
Optical Chemical Structure Recognition (OCSR)
Traditional OCSR Methods. Early OCSR systems (Mc-
Daniel and Balmuth 1992; Valko and Johnson 2009; Fil-
ippov and Nicklaus 2009; Smolov, Zentsev, and Rybalkin
2011; Peryea et al. 2019) were primarily built on handcrafted
rules, relying on predefined logic to map image features to
chemical structures. These rule-based systems typically em-
ployed traditional image processing techniques—including

binarization, denoising, smoothing, and thinning opera-
tions—to enhance structural lines and characters. The pro-
cessed images were then vectorized to convert line elements
into vector format, followed by customized optical charac-
ter recognition (OCR) engines to identify atomic characters.
Finally, molecular graph structures were constructed using
heuristic methods. Many rule-based OCSR tools continue to
receive updates today.

However, these approaches suffer from limited general-
ization capabilities and struggle to adapt to variations in
drawing styles and image quality. Previous studies (Clevert
et al. 2021) have demonstrated that even minor perturbations
to input images can cause substantial drops in recognition
accuracy for these methods.

Deep Learning Approaches. End-to-end deep learning
methods (Clevert et al. 2021; Rajan et al. 2023; Qian et al.
2023) typically employ an encoder-decoder architecture that
targets line notations of chemical structures (e.g., SMILES
(Weininger 1988) and InChI (Heller et al. 2013)) as output.
In this framework, image encoders represented by convolu-
tional neural networks (CNNs) are used to extract molecu-
lar image features, while decoders based on recurrent neu-
ral networks (RNNs) or Transformer generate string-based
molecular representations through autoregressive next to-
ken prediction. Furthermore, considering the inherent graph
properties of molecular structures, previous method (Morin
et al. 2023) has integrated graph neural networks (GNNs)
into the recognition pipeline. The GNN-based approaches
generally require preprocessing steps for component de-
tection or segmentation, and typically face challenges in
handling stereochemical molecules and Markush structure
molecules.

Reinforcement Learning and Reasoning
The integration of Reinforcement Learning (RL) (Ouyang
et al. 2022; Schulman et al. 2017) and Chain-of-Thought
(CoT) (Wei et al. 2022) have proven effective in enhancing
Large Language Models (LLMs) reasoning performance.
CoT prompting enables LLMs to decompose complex prob-
lems into intermediate reasoning steps, making the problem-
solving process more transparent and systematic. While
RL can help LLMs to recognize which reasoning pro-
cesses are correct through reward-based optimization. Pop-
ular methods include Direct Preference Optimization (DPO)
(Rafailov et al. 2023), which has been widely adopted for
training reasoning-focused models. More recently, advanced
techniques such as GRPO (Shao et al. 2024) have been in-
troduced, which lead to more stable and effective training
dynamics.

Method
OCSR-Specific Image Captioning Pre-training
Most existing public OCSR datasets contain only chemi-
cal structure images and their corresponding SMILES an-
notations. To leverage these data, a natural approach is to
treat the SMILES text as a special description of the chemi-
cal structure image, thereby utilizing image captioning tech-
niques to guide model learning. We selected MolParser-7M
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(Fang et al. 2024) as our pre-training dataset due to its sub-
stantial scale and comprehensive coverage of diverse data
sources and image styles. However, the inherent limitations
of the original SMILES notation prevent it from describing
the numerous Markush structures present in this dataset. To
address this limitation, we implemented a simple extension
to the SMILES notation system, named SMILES-M. Fig.
2 illustrates the different types of structural variations in
Markush structures and their corresponding extended rep-
resentation methods.

Towards More Powerful OCSR Model through
Multi-Granularity Learning
MolScribe (Qian et al. 2023) introduces two additional tasks
alongside autoregressive SMILES text generation: chemi-
cal bond classification and atom localization. In MolScribe,
these three tasks are jointly optimized in a collaborative way.
Its experimental results demonstrate that by using the pre-
dicted types of chemical bonds and the predicted coordinates
of atoms to refine the final molecular structures, the accu-
racy of OCSR can be improved. We further investigated the
impact of these two auxiliary tasks on the OCSR task.

Atoms as Queries After processing SMILES text through
the tokenizer, the resulting tokens can be categorized into
atom tokens and non-atom tokens. Atom tokens correspond
to atoms or functional groups within the molecule, while
non-atom tokens represent auxiliary information such as
brackets indicating the start and end positions of groups,
numbers denoting ring connections, and symbols represent-
ing chemical bonds or charges. The queries corresponding
to atom tokens contain all the information required for the
model to predict the respective atoms. We use these queries
as inputs for both the chemical bond head and the coordinate
head, as shown in Fig. 3.

Chemical Bond Classification To predict the chemical
bond b from the i-th atom ai to the j-th atom aj , follow-
ing MolScribe, we simply concatenate the hidden states of
these two atom queries and feed them into a chemical bond
head for classification, as:

p̂i→j (b) = ϕbond (hi ⊕ hj),

where hi and hj are the hidden states of ai and aj , respec-
tively. ⊕ indicates the operation of vector vertical concate-
nation. The chemical bond head ϕbond is implemented as a
2-layer MLP network followed by a softmax.

In practice, we find that SMILES text generation and
chemical bond classification exhibit strong synergy, and
jointly optimizing these two tasks can effectively improve
the training performance of both. More detailed quantitative
comparisons can be found in the Main Results and Ablation
Study section.

Atom Localization Following SimCC (Li et al. 2022), we
treat the coordinate prediction problem as a one-dimensional
classification task for keypoints in both horizontal and ver-
tical directions, which alleviates the localization accuracy
issues caused by low-resolution feature maps while main-
taining processing speed. MolScribe explicitly inserts co-
ordinate tokens into SMILES sequences for autoregressive

Type (a) Type changes (b) Location changes (c) Frequency changes

Image

SMILES unable to express

SMILES-M [R]c1ccccc1 C1=Cc2ccccc2C1<sep>
2:OH

C[CC?n]C(O)CC(C)C1
CCCCC1

Figure 2: Examples of how SMILES-M express Markush
structures. Our SMILES-M can deal with all types
of Markush structures, including type changes, location
changes, and frequency changes.

learning, but this approach has two significant limitations:
(1) As a classification problem, the correct coordinate label
is one-hot encoded, and cross-entropy loss is utilized, mean-
ing all incorrect coordinates receive equal penalties except
for the single correct coordinate point. However, it would be
more reasonable for model predictions closer to the correct
coordinates to receive lower penalties. (2) This method in-
creases the target SMILES sequence length by nearly three-
fold, making it more challenging for the model to handle
long sequences. Our MolSight continues to extract coordi-
nate information based on atomic queries, achieving higher
localization accuracy without increasing sequence length.

To address the first problem mentioned above, it is nec-
essary to introduce a loss function suitable for coordinate
classification tasks. Following RTMO (Lu et al. 2024), we
employ maximum likelihood estimation (MLE) to optimize
the parameters θ of the coordinate head. The true coordinate
µ is assumed to follow a Laplace distribution centered at
the annotated values µg . We use the negative log-likelihood
function as our loss function, for the k-th atom:

Lcoord = −log [P (µ = µg | θ)]

= −log

[
B∑
i=1

P (µg | xi, θ) p̂k (xi | θ)

]
,

where

P (µg | xi, θ) =
1

2b̂
e−

|µg−xi|
b̂ ,

p̂k (xi | θ) =
ehk·ϕcoord(PE(xi))∑B
j=1 e

hk·ϕcoord(PE(xj))
,

the scale parameter b̂ of the Laplace distribution is addition-
ally predicted by the coordinate head, it reflects the model’s
uncertainty regarding the current coordinate prediction re-
sults, and can serve as a reference for filtering subsequent
molecular structure prediction results. The positional en-
coding function PE is the same as the one from Trans-
former (Vaswani et al. 2017), B is a hyperparameter de-
notes the number of coordinate bins, and xi and xj are
discrete horizontal/vertical coordinate values picked from
linspace(0, 1, B).
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Non-atom Token

By
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Figure 3: Overall pipeline of Molsight. Given a chemical structure image, the image encoder extracts and fuses multi-level
image features, which will be fed into the SMILES decoder with previous SMILES tokens to predict the next SMILES token.
The SMILES head maps the output logits into SMILES vocabulary space, while the bond head and the coord head predict the
chemical bond type and location of each atom token, respectively. The residual connections are omitted in this figure.

In our early experiments, we found that incorporating the
atom localization task into our training pipeline negatively
impacted the optimization of the other two tasks. Addition-
ally, directly using the hidden states from the SMILES de-
coder for coordinate prediction failed to achieve satisfactory
accuracy. To address these issues, we introduced two addi-
tional Transformer layers to process the atom queries before
feeding them to the coordinate head. Furthermore, the coor-
dinate head is optimized independently from the other two
tasks.

Semantic-aware Reinforcement Learning
SMILES text follows explicit syntactic rules (such as paren-
theses and ring number pairing), and generation errors are
costly—a single incorrect character can cause the entire
SMILES invalid, leading to failure in downstream tasks
(e.g., preventing use in chemical modeling). Therefore, the
metric of primary concern is typically not token-level accu-
racy, but rather the overall accuracy of SMILES strings (i.e.,
whether they are completely correct), which is not differen-
tiable and cannot be directly used for gradient optimization.
Furthermore, a molecule may have multiple valid SMILES
texts, particularly for stereoisomers, where aromatic rings,
cis-trans configurations, and chiral centers can be expressed
in various correct formats. In such cases, relying solely on
imitation learning has inherent limitations, as inconsistent
annotation information leads to conflicting optimization ob-
jectives.

As shown in Fig. 4, a more direct approach is to allow the
model to explore more possible SMILES texts and then ap-
ply RL to directly optimize the overall correctness/similarity

Algorithm 1: Reward Calculation for Molecular Structure
Input: Pred SMILES Spred, Ground Truth SMILES Sgt

Parameter: Tanimoto weight wt = 0.4, Stereochemistry
weight ws = 0.6
Output: Total Reward Rtotal

1: S′
pred ← ExpandAbbreviations(Spred)

2: S′
gt ← ExpandAbbreviations(Sgt)

3: Initialize Rtotal ← ∅
4: for each pair (sp, sg) ∈ (S′

pred, S
′
gt) do

5: rtanimoto ← 0.0
6: rstereo ← 0.0
7: Mp ← MoleculeFromSMILES(sp)
8: Mg ← MoleculeFromSMILES(sg)
9: if Mp is valid AND Mg is valid then

10: ▷ – Tanimoto Similarity Reward –
11: FPp ← Fingerprint(Mp)
12: FPg ← Fingerprint(Mg)
13: rtanimoto ← TanimotoSimilarity(FPp, FPg)
14: ▷ – Stereochemistry Reward –
15: if InChIKey(Mp) = InChIKey(Mg) then
16: rstereo ← 1.0 ▷ Exact match
17: else if AtomCount(Mp) = AtomCount(Mg) then
18: rstereo ← 0.3 ▷ Similar structure
19: else
20: rstereo ← 0.1
21: end if
22: end if
23: rcombined ← wt × rtanimoto + ws × rstereo
24: Append rcombined to Rtotal

25: end for
26: return Rtotal
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C[C@@H](O)/C=C\c1cccc[n+]1CGT:

Token-level
supervise

×Ambiguous 
Optimize Grad

Completions

C[C@@H](O)/C=C\c1cccc[n+]1C

C[C@@H](O)\C=C/c1cccc[n+]1C

C[C@H](/C=C\c1cccc[n+]1C)(O)

C[C@H](\C=C/c1cccc[n+]1C)(O)

...

OCSR Model

CE Loss
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Sample

A1
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KL Loss

C[C@H](/C=C\c1cccc[n+]1C)(O)Pred:

(b) Reinforcement Learning
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A2

A3
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...

Figure 4: Comparison of Training Paradigms. (a) Imitation Learning: due to the diversity of correct SMILES text, token-
level optimization may cause ambiguous optimize direction. (b) Reinforcement Learning: multiple completions are sampled at
once, then scored on Tanimoto similarity and structural consistency. We use GRPO to achieve this trajectory-level optimization.

metrics. For stereoisomers, this direct optimization of chem-
ical semantic correctness can also guide the model to at-
tend to stereochemical markers, bond orientations, and other
critical details in molecular images, thereby improving the
model’s ability to recognize stereoisomeric molecules.

We choose GRPO as the RL algorithm for MolSight, the
loss function is defined as follows:

LGRPO(θ) =

−
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

[
πθ (oi,t | oi,<t)

[πθ (oi,t | oi,<t)]no grad

Âi,t − βDKL [πθ∥πref ]

]
,

where o1, o2, ..., oG are a group of sampled outputs, the
advantage Âi,t is computed using the normalized reward
within the group.

The reward of SMILES consists of two parts: tanimoto
similarity reward and stereochem reward. The processing of
chemical information is done by RDKit (Landrum, G 2016).
The details of our reward function are shown in Alg. 1.

Experiments
Implementation Details
MolSight employs an encoder-decoder architecture. We se-
lect EfficientViT (L1 version with approximately 53M pa-
rameters) (Cai et al. 2023) as the image encoder due to its
lightweight convolutional architecture and linear attention
mechanism. The decoder adopts a 6-layer standard Trans-
former architecture with several common improvements in-
cluding RoPE (Su et al. 2024), SwiGLU (Shazeer 2020), and
RMSNorm (Zhang and Sennrich 2019). The decoder param-
eters are randomly initialized rather than using pre-trained
language models for initialization, as there exists a signifi-

cant vocabulary mismatch between standard language mod-
els and SMILES text.

First, we pre-train the model for 2 epochs on a dataset
containing only SMILES annotations using next token pre-
diction. Subsequently, we jointly train the model for 10
epochs on both SMILES text generation and chemical bond
classification (experimental results demonstrate that extend-
ing training to 30 epochs can further improve model perfor-
mance), while adapting the model with a coordinate head.
Finally, we further optimize the model for 2 epochs using
RL methods.

Dataset and Evaluation metric
Dataset During the pre-training stage, we train our model
on the MolParser-7M dataset from (Fang et al. 2024) for
SMILES text generation tasks. In the fine-tuning phase, we
employ the PubChem-1M and USPTO-680K from (Qian
et al. 2023) for multi-granularity learning. During the post-
training phase, we enhance the model using reinforce-
ment learning on our self-collected stereochemical molec-
ular dataset, named Stereo-200K. For evaluation, we re-
port model performance on four classical real-world datasets
(USPTO (Filippov and Nicklaus 2009), Maybridge UoB
(Sadawi, Sexton, and Sorge 2012), CLEF-2012 (Piroi et al.
2010), and JPO (Fujiyoshi, Nakagawa, and Suzuki 2011))
and four synthetic datasets (Staker (Staker et al. 2019),
ChemDraw, Indigo, and Stereo-2K). Both the Stereo-200K
and Stereo-2K datasets are introduced for the first time in
this work.

Metric For molecular recognition performance, we use
exact match accuracy and average molecular fingerprint sim-
ilarity (i.e., Tanimoto Coefficient) as evaluation metrics. For
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Method
USPTO UoB CLEF JPO

graph stereo exact tani graph exact tani graph stereo exact tani graph exact tani

OSRA-2.2.1 86.5 79.0 83.5 92.9 76.1 75.5 88.4 86.2 89.3 83.3 88.4 51.8 50.7 69.1

MolVec-0.9.8 91.4 82.8 88.1 95.8 80.7 80.2 91.5 84.1 89.1 82.8 88.5 68.9 66.4 85.0

Imago-2.0 89.2 77.4 87.2 94.5 58.1 57.6 77.1 65.1 45.1 60.3 84.1 40.7 40.4 59.6

DECIMER-2.7.1 61.5 43.8 58.4 92.4 87.1 86.4 96.2 80.4 76.0 73.8 89.1 40.4 39.3 86.4

MolGrapher† 82.9 10.3 65.7 93.3 84.9 84.2 93.6 71.1 10.4 52.5 86.7 61.1 52.2 76.3

MolScribe 94.6 69.0 88.4 97.5 88.2 87.4 96.0 91.8 76.8 85.5 90.5 60.0 57.6 88.3

MolSight (ours) 94.0 85.1 92.0 97.4 87.9 87.1 95.9 92.2 76.0 84.9 90.1 68.7 66.7 90.7

Table 1: Performance comparison with existing SOTA methods on real data benchmarks. †: the stereo-capable variant of
MolGrapher was used, graph: recognition accuracy ignoring stereoisomers, stereo: recognition accuracy on stereochemical
molecules, exact: exact recognition accuracy, tani: Tanimoto Coefficient.

Setting graph stereo
Get stereo from SMILES
SMILES 93.7 80.6
+ edge 94.2 80.9
Get stereo from edges & coords
Joint Training 43.8 10.6
Separate Training 94.2 29.4
+ extra decoder layers

w/ L1 Loss 94.2 82.4
w/ MLE Loss 94.2 83.7

Table 2: Ablation on proposed training tasks. The results
were obtained from USPTO dataset.

atom localization, we employ the Object Keypoint Similar-
ity (OKS) metric to assess the performance, as:

OKS =
1

Nkpts

Nkpts∑
n=1

e−
d2n
2s2 ,

where Nkpts is the number of keypoints, dn is the Euclidean
distance between the n-th predicted location and the ground-
truth location, and s is a scale factor.

Main Results and Ablation Study
Experiments on Real Data Benchmarks Our first ob-
jective is to develop an plain OCSR model that achieves
advanced performance on in-domain data by generating
SMILES text alone, thereby facilitating efficient fine-tuning
for users on specific target datasets.

Tab. 1 presents a quantitative comparison of our method
against current SOTA approaches on four classic real-world
benchmarks. The stereochemical recognition accuracy for
UoB and JPO datasets is not available since these datasets
contain virtually no stereochemical molecules. For fair com-
parison, both our method and MolScribe were fine-tuned for

Training

Strategy

Stereo-2k CLEF

graph stereo tani graph stereo tani

SFT 95.4 80.1 98.5 92.2 71.0 90.0

SFT

+RL

Tanimoto 97.2 81.8 99.2 92.2 74.3 90.1

Stereo 96.6 86.5 98.9 92.6 78.4 90.0

Weighted 96.9 87.1 99.3 91.8 80.6 90.0

Table 3: Ablation on different training strategies. Fur-
ther fine-tuning the model with RL led to additional perfor-
mance gains. Tanimoto: only use Tanimoto Similarity Re-
ward, Stereo: only use Stereochemistry Reward, Weighted:
weighted reward function as shown in Alg. 1.

30 epochs on the same datasets without using chemical bond
information or atomic coordinate information for auxiliary
correction.

The results demonstrate that compared to MolScribe,
our MolSight model exhibits superior performance on
in-domain data (i.e., the USPTO dataset), particularly
achieving a stereochemical recognition accuracy of 85.1%
(+16.1%). Additionally, on the more challenging JPO
dataset, MolSight attains an exact recognition accuracy of
66.7% (+9.1%) and a graph recognition accuracy of 68.7%
(+8.7%). Furthermore, Our MolSight is the only method that
achieves Tanimoto Coefficients exceeding 90% across all
four benchmarks.

Ablation Study on Training Tasks In the second training
stage, we introduce two auxiliary learning objectives: chem-
ical bond classification and atom localization. This serves
a dual purpose. First, we aim to validate whether adding
more supervision information can improve the results of
SMILES text generation. Second, these auxiliary tasks pro-
vide a novel basis for determining the molecule’s stereo-
chemistry. By leveraging the RDKit toolkit, we can infer
the complete 3D molecular conformation, including specific
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Methods BBBP Tox21 ToxCast SIDER ClinTox MUV HIV Bace
Multimodal
3D InfoMax (Stärk et al. 2022) 69.1±1.0 74.5±0.7 64.4±0.8 60.6±0.7 79.9±3.4 74.4±2.4 76.1±1.3 79.7±1.5
GraphMVP (Liu et al. 2021) 68.5±0.2 74.5±0.4 62.7±0.1 62.3±1.6 79.0±2.5 75.0±1.4 74.8±1.4 76.8±1.1
MoleBlend (Yu et al. 2024) 73.0±0.8 77.8±0.8 66.1±0.0 64.9±0.2 87.6±0.7 77.2±2.3 79.0±0.8 83.7±1.4
2D graph
MolCLR (Wang et al. 2022) 66.6±1.8 73.0±0.1 62.9±0.3 57.5±1.7 86.1±0.9 72.5±2.3 76.2±1.5 71.5±3.1
GraphMAE (Hou et al. 2022) 72.0±0.6 75.5±0.6 64.1±0.3 60.3±1.1 82.3±1.2 76.3±2.4 77.2±1.0 83.1±0.9
Mole-BERT (Xia et al. 2023) 71.9±1.6 76.8±0.5 64.3±0.2 62.8±1.1 78.9±3.0 78.6±1.8 78.2±0.8 80.8±1.4
Image
EfficientViT (ImageNet pretrain) 63.6±0.8 71.3±0.5 63.2±0.4 60.4±0.4 98.0±0.3 66.9±1.2 73.8±1.2 73.9±1.5
EfficientViT (MolSight pretrain) 68.0±0.6 75.0±0.4 65.0±0.2 62.6±0.7 98.4±0.9 73.6±1.0 74.1±1.1 76.9±1.6

Table 4: Results on molecular property prediction tasks. ROC-AUC scores are reported (higher is better). The MolSight
pre-training method demonstrates superior performance over the ImageNet (Deng et al. 2009) pre-training approach across all
evaluated datasets, and comparable to those advanced molecular pre-training methods that are based on 2D graph or multimodal.

chirality and cis-trans isomerism, from the predicted 2D co-
ordinates and chemical bond types.

Tab. 2 presents the ablation study of our proposed training
tasks. The results indicate that augmenting the SMILES de-
coder with a chemical bond head not only enables the model
to predict chemical bonds but also slightly improves the ac-
curacy of SMILES text generation.

However, the introduction of the atom localization task
complicates the overall optimization. Jointly optimizing all
three objectives causes the model to over-prioritize the atom
position detection branch, which in turn hinders the conver-
gence of the primary SMILES generation task. This is re-
flected in the training metrics as a high OKS score but a low
token-level SMILES accuracy.

To address this issue, we decoupled the coordinate pre-
diction branch and optimized it separately. This approach
effectively prevents the coordinate prediction from interfer-
ing with the optimization of other tasks. Nevertheless, di-
rectly using the output queries from the SMILES decoder for
coordinate prediction did not yield satisfactory localization
performance, so we added two additional decoder layers into
the coordinate prediction branch to further extract positional
information from the input image. This modification led to a
significant improvement, where the accuracy of the molec-
ular stereochemistry inferred from the predicted chemical
bonds and coordinates surpassed that derived directly from
the generated SMILES text.

Impact of Reinforcement Learning We further investi-
gated the use of RL post-training to encourage the model
to autonomously explore correct SMILES notations, thereby
enhancing its accuracy in recognizing stereoisomers. To this
end, we constructed the Stereo dataset, which is composed
entirely of stereoisomer images. These molecular data were
sourced from the PubChem database and include a balanced
distribution of chiral and cis-trans isomers, as well as a sig-
nificant number of structurally similar molecules. We uti-
lized the RDKit toolkit to generate the molecular images
with random stylistic variations. Tab. 3 presents a compar-

ison of the model’s performance on both in-domain (Stereo-
2k) and out-of-domain (CLEF-2012) data, before and after
RL-based training on the Stereo-200k dataset.

Analysis of Transfer Learning Performance To validate
the transferability of features learned by MolSight, we eval-
uated our model on downstream tasks from the MoleculeNet
(Wu et al. 2018), one of the most widely used benchmarks
for molecular property prediction. Our evaluation procedure
was plain: First, each molecule was rendered into a 2D im-
age using the Indigo toolkit (Pavlov et al. 2011). Next, the
MolSight image encoder, with its parameters frozen, was
employed to extract features from each image. These image
features, after undergoing global average pooling, were then
fed into a trainable MLP probe for the final classification.
Following standard evaluation protocols for this benchmark,
all datasets were partitioned using the scaffold split method,
which groups molecules by their structural backbone to pro-
vide a more rigorous test of model generalization. Tab. 4 re-
ports the ROC-AUC scores on all eight classification tasks.
We report the mean and standard deviation across 5 random
seeds (from 0 to 4).

Conclusion
In this paper, we introduced MolSight, a comprehensive
framework designed to address the challenges of Optical
Chemical Structure Recognition (OCSR), particularly in
accurately interpreting stereochemistry. Our novel three-
stage training paradigm, which synergizes large-scale pre-
training, multi-granularity fine-tuning, and reinforcement
learning, proves highly effective. Extensive experiments
demonstrate that MolSight achieves state-of-the-art perfor-
mance across several challenging benchmarks. Furthermore,
the strong transfer learning performance on downstream
molecular property prediction tasks validates the robustness
of the features learned by our model, highlighting its po-
tential for broader applications in automated chemical data
analysis.
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