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Abstract

While Vision Language Models (VLMs) have demonstrated
remarkable capabilities in general visual understanding, their
application in the chemical domain has been limited, with
previous works predominantly focusing on text and thus over-
looking critical visual information, such as molecular struc-
tures. Current approaches that directly adopt standard VLMs
for chemical tasks suffer from two primary issues: (i) com-
putational inefficiency of processing entire chemical images
with non-informative backgrounds. (ii) a narrow scope on
molecular-level tasks that restricts progress in chemical rea-
soning. In this work, we propose TinyChemVL, an efficient
and powerful chemical VLM that leverages visual token re-
duction and reaction-level tasks to improve model efficiency
and reasoning capacity. Also, we propose ChemRxn-V, a
reaction-level benchmark for assessing vision-based reaction
recognition and prediction tasks. Directly predicting reac-
tion products from molecular images poses a non-trivial chal-
lenge, as it requires models to integrate both recognition and
reasoning capacities. Our results demonstrate that, with only
4B parameters, TinyChemVL achieves superior performance
on both molecular and reaction tasks, while also demonstrat-
ing faster inference and training speeds compared to exist-
ing models. Notably, TinyChemVL outperforms ChemVLM
while utilizing only 1/16th of the visual tokens. This work
builds efficient yet powerful VLMs for chemical domains by
co-designing model architecture and task complexity.

Code — https://github.com/xxlllz/TinyChemVL

Introduction
The remarkable success of Large Language Models (LLMs)
on diverse tasks, from question answering to code genera-
tion (Zhang et al. 2024d; Grattafiori et al. 2024), has spurred
significant interest in leveraging their reasoning capabili-
ties to accelerate scientific discovery. This trend is particu-
larly prominent in domains like mathematics and chemistry,
where core entities such as equations and molecules can be
parsed in structured textual formats (Lu et al. 2022; Light-
man et al. 2023; Zhang et al. 2024a, 2025). Especially in
the chemical field, the molecules are parsed into SMILES
(Lightman et al. 2023) and SELFIES (Krenn et al. 2022)
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formats for the following analysis. However, representing
the chemical molecules in text format inevitably omits some
spatial information. More recently, Vision Language Mod-
els (VLMs) have demonstrated remarkable capabilities in
addressing a wide range of visual tasks, such as image cap-
tioning and question answering (Liu et al. 2023; Zhao et al.
2025b), which can handle more complex tasks. However, in
the chemical field, there is still a lack of exploration on how
to efficiently utilise VLMs for chemical tasks. Recent works
have demonstrated initial attempts in adapting VLMs for
chemical applications such as molecule caption and property
prediction (Li et al. 2025). However, the models are gener-
ally fine-tuned on general domain VLMs, which limits their
efficiency in handling chemical problems.

Although previous works have made some initial explo-
rations in the field of vision-based chemistry, several chal-
lenges remain to be addressed. (i) Visual redundancy in
processing molecule image. In the molecular images, all
structural information is contained within the graphical rep-
resentations of the molecules, while the background region
is considered non-informative. Consequently, there is signif-
icant redundancy in the visual tokens used to represent the
entire image, as most tokens correspond to this uninforma-
tive space. Also, the partitioning of the molecular image into
patches risks the loss of important structural information.
For example, in the ChemVLM (Li et al. 2025), a 800× 800
image needs 1280 visual tokens for embedding, which is
around 100 times the number of tokens in the textual ques-
tions, which significantly increases the time and compu-
tational cost for both training and inference. (ii) Limited
model performance and evaluation diversity. Currently,
the capacities of chemical VLMs are limited, and evalua-
tions are not comprehensive. Existing works (Li et al. 2025;
Tan et al. 2025) focus on tasks at the molecular level, such
as SMILES Optical Character Recognition (OCR) and prop-
erty prediction, while ignoring issues at the reaction level.
Unlike direct recognition, reaction-level tasks, such as re-
action prediction, require the models to perform chemical
understanding and reasoning to greater extents. (iii) Bottle-
neck on molecular image generation. Recently, ChemM-
LLM (Tan et al. 2025) proposes that generating the molecu-
lar image would expand the applications of VLMs in chem-
istry and combine VQ-GAN (Esser, Rombach, and Ommer
2021) with LLMs to generate images. However, purely gen-

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

1596



erating molecular images requires external tools to parse
images back into SMILES strings for subsequent analysis.
Also, there is a mismatch between the architecture of cur-
rent VLMs and the requirements of direct image generation.

In this work, we propose TinyChemVL, a small-scale
VLM with only 4B parameters, achieving the state-of-the-
art (SOTA) performance across various vision-based chem-
ical tasks. (i) To reduce visual token redundancy, we adopt
an adaptive token merge and pruning approach (Bolya et al.
2022; Zeng and Yu 2024). Utilizing the same InternVL ar-
chitecture, our model reduces visual tokens to 1/16 of those
in ChemVLM, significantly decreasing redundancy and cap-
turing complex molecular structure. (ii) To advance the field
of vision-based chemistry, we introduce a new benchmark
named VisRxnBench. It is designed to evaluate vision-based
reaction recognition and prediction tasks, providing 5,000
samples for each. To the best of our knowledge, we are the
first to define the task of predicting products directly from
the reactant image, which expands the scope of vision-based
chemistry. Furthermore, we conduct a large-scale and di-
verse dataset for training. Benefiting from the reduced vi-
sual tokens, training time on large-scale data increases neg-
ligibly. (iii) To enable TinyChemVL to generate the molecu-
lar images. We employ executable code as the intermediary
content for generating molecular images (Zhao et al. 2025a).
This approach streamlines the process because the SMILES
string is directly included within the generated code, en-
abling the generation molecular images and eliminating the
need for additional tools in subsequent analyses. We eval-
uate TinyChemVL on various benchmarks, and the results
show that it achieves the SOTA performance on most tasks
with only 4 billion parameters. Beyond its strong perfor-
mance, TinyChemVL exhibits significantly reduced training
and inference times compared to existing models. In sum-
mary, the main contributions of this work are as follows:

• We introduce TinyChemVL, an efficient chemical VLM
that achieves SOTA performance in vision-based chemi-
cal tasks, with only 4B parameters.

• We adopt a token merging and pruning strategy to reduce
visual tokens from large background regions and merge
complex structures in molecular images. This approach
significantly reduces the number of visual tokens, leading
to substantially faster inference and training speeds.

• We introduce VisRxnBench, a novel benchmark along-
side a large-scale training dataset for evaluating vision-
based, reaction-level tasks. Our evaluation shows exist-
ing VLMs perform poorly on reaction-level tasks, espe-
cially when directly predicting products from images.

Related Works
Chemical Language Models
Leveraging language models to solve chemical-related tasks
has garnered significant attention from the research com-
munity. Previous works (Edwards, Zhai, and Ji 2021; Ed-
wards et al. 2022) utilize pretrained SciBERT (Beltagy,
Lo, and Cohan 2019) and T5 (Raffel et al. 2020) as the
backbones and fine-tune on molecule-to-natural language

translation tasks. However, these works are generally task-
specific. Building on the powerful generalization capabili-
ties of LLMs, chemical LLMs demonstrate improved gen-
eralization across a wider range of chemical tasks. Re-
cent works such as ChemLLM (Zhang et al. 2024a) and
ChemDFM (Zhao et al. 2024b) achieve this by conduct-
ing large-scale chemical instruction tuning datasets and fine-
tuning on existing LLMs such as InternLM. UniMoT (Zhang
et al. 2024c) utilize a molecular tokenizer instead of a pro-
jection layer to encode the molecular graph information.
ChemCrow (M. Bran et al. 2024) integrates expert-designed
tools with GPT-4 as the backbone for chemistry tasks.

Vision Language Models
Recently, leveraging the projection layer to align LLMs and
vision encoders, VLMs have achieved superior performance
on many visual tasks (Zhang et al. 2024b; Bi et al. 2024).
Current models, like GPT-4o (OpenAI 2024) and InternVL
(Chen et al. 2024) have shown strong performance on vi-
sion understanding and reasoning tasks. Recently, VLMs
have been increasingly applied to vision-based tasks in the
field of chemistry. For instance, ChemVLM (Li et al. 2025)
introduces vision-based chemical datasets and utilizes In-
ternVL architecture (Chen et al. 2024) as the backbone for
fine-tuning. ChemDFM-X (Zhao et al. 2024a) utilizes dis-
tinct encoders to align representations from visual and graph
modalities with the texts. In the generative domain. ChemM-
LLM (Zhang et al. 2024a) employs the VQ-GAN (Esser,
Rombach, and Ommer 2021) as the encoder and decoder
for molecular image understanding and generation. How-
ever, these models are typically directly fine-tuned on ex-
isting architectures and suffer from significant visual token
redundancy, resulting in computational inefficiency. To ad-
dress these issues, we propose TinyChemVL, which em-
ploys an adaptive token merging and pruning strategy, along
with a large-scale and diverse training corpus, to enhance
both model efficiency and performance.

Methods
The overall structure of TinyChemVL is illustrated in Fig-
ure 1. TinyChemVL adopts the well-established ViT-MLP-
LLM architecture, following the same framework conducted
by InternVL (Chen et al. 2024) and ChemVLM (Li et al.
2025) to ensure fair comparisons. In contrast to prior works,
we adopt InternVL2.5-4B as our backbone. To process high-
resolution images, the dynamic resolution strategy segments
the image into several 448 × 448 tiles based on its dimen-
sions and concatenates them with the downsampled image.

Visual Token Redundancy
The vision transformer aims to encode the image into vi-
sual features. Given the input image resolution N × N , the
ViT encode the image to (N//P )2 tokens with P ×P patch
size. When facing the high-resolution image, the dynamic
resolution strategy first segments it into standard-resolution
tiles, followed by a directly down-sampled thumbnail. Then
the ViT encode each tile independently and concatenates the
processed tokens to conduct the visual tokens. We identify
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Figure 1: The overview structure of TinyChemVL. For the input image, a dynamic resolution strategy is employed to segment
and downsample it to standard resolutions. The vision encoder progressively reduces the number of visual tokens through the
adaptive token merging and pruning method. The pixel shuffle operation is the default strategy utilized in InternVL2.5.

a severe modality imbalance when representing chemical
molecular images. A standard-resolution (448×448) molec-
ular image is encoded into 256 visual tokens, approximately
8.5 times more than the around 30 textual tokens required
for its corresponding SMILES representation. (Based on an
average of 200k SMILES embedded with the InternVL2.5
tokenizer). As molecular images are characterized by inher-
ent sparsity, most visual tokens correspond to blank back-
grounds. This results in significant visual token redundancy,
imposing a substantial computational burden on chemical
VLMs. Furthermore, the patching process disrupts molec-
ular structures by fragmenting the visual representation. To
mitigate the above challenges, we introduce an adaptive to-
ken merging and pruning strategy.

Adaptive Token Merge and Pruning
The visual token reduction strategy, positioned between the
attention and FFN layers in each transformer block, adap-
tively prunes inattentive tokens and merges duplicative ones
based on the current visual token distribution (Bolya et al.
2022; Kim et al. 2024). In detail, token scores are first calcu-
lated to quantify the task-specific importance of each token.
While numerous non-parametric token scoring mechanisms
have been proposed (Liang et al. 2022; Xu et al. 2022; Zeng
et al. 2025), we adopt the Adaptive Token Sampler (ATS)
(Fayyaz et al. 2022) specifically for its ability to incorporate
the value matrix V in calculations.

A = Softmax

(
Q ·KT

√
d

)
(1)

Scorei =
A1,i+1 × ∥V i+1∥∑N

j=1 A1,j+1 × ∥V j+1∥
, (2)

where Q, K, V are the query, key, values of self-attention.
A is the attention metric. Scorei is the importance score as-
signed to image tokens.

Token Pruning For token pruning, we adopt the standard
Top-K selection strategy (Wu et al. 2023; Liang et al. 2022),
which preserves a fixed number (K) of the highest-scoring
tokens. Since the total number of input tokens at each layer
is pre-defined, this approach is equivalent to pruning a fixed
number of tokens, which provides predictable control over
the compression ratio.

Token Merge For token merging, we leverage the Bipar-
tite Soft Matching (BSM) algorithm (Bolya et al. 2022) due
to its superior performance. BSM first partitions the tokens
into two equal-sized sets. It then constructs a bipartite graph
by creating an edge between each token in one set and its
most similar counterpart in the other, using cosine similar-
ity as the metric. After selecting the Top-K edges with the
highest similarity scores, the remaining connected tokens
are merged via a weighted average of their features. Cru-
cially, this merging process is not constrained by spatial ad-
jacency. Non-adjacent tokens can also be merged if they be-
long to different subsets and are similar enough.

Proportional Attention As the sequence of tokens is con-
densed by merging and pruning after each attention block,
we follow ToMe (Bolya et al. 2022) to maintain a row vector
s that tracks the number of original tokens each current to-
ken represents, thereby preserving information fidelity. This
row vector is also used as a weight to reflect its importance
in the calculation of the attention matrix

A = Softmax

(
Q ·KT

√
d

+ log s

)
. (3)

Adaptive Policy Consistent with trends observed in prior
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work (Wu et al. 2023), our analysis of the InternViT-300M-
448px-V2.5 encoder confirms that the variance of token sig-
nificance scores for a given sample correlates positively with
model depth. This inspired us to employ an adaptive strat-
egy to mitigate the token redundancy. When token signifi-
cance scores exhibit low variance, it indicates a convergence
of importance, often corresponding to a large background
area. In this situation, these uninformative tokens are pruned.
Conversely, when the scores show high variance, it signifies
that some tokens are much more important than others and
likely represent complex structures. In these cases, tokens
corresponding to adjacent or functionally similar molecu-
lar structures are merged. This approach reduces the num-
ber of visual features by removing irrelevant tokens, while
simultaneously creating a more efficient and holistic struc-
tural representation of the molecule. Furthermore, since the
variance of token significance scores differs across instances
even within the same layer, we propose a strategy that adapts
at both the instance and layer levels.

Sopi
= var(Scorei), (4)

Policyi =
{

Token Pruning, if Sopi
≤ τ

Token Merge, otherwise
(5)

where τ is a decision threshold hyperparameter that bal-
ances the trade-off between the pruning and merge strate-
gies, which we set to a default value of 1e − 5 based on a
statistical analysis of score variances across existing chemi-
cal image datasets.

Data Construction
Training Data
A primary challenge in training effective VLMs for chem-
istry is the curation of suitable training datasets. While nu-
merous chemical datasets have been collected, the majority
of them are in text (Zhang et al. 2024a; Fang et al. 2023) or
graph (Park et al. 2024; Lee et al. 2025) formats, with a no-
table lack of image data. However, training high-performing
VLMs necessitates a large-scale and diverse image-text cor-
pus. As the training corpus of ChemVLM (Li et al. 2025) is
not open-source, we leverage the training corpora provided
by the more recent work ChemMLLM (Tan et al. 2025) as
the initial datasets. However, we find that the scope and di-
versity of this training dataset are still limited. Therefore,
we construct a large-scale training dataset containing both
molecular and reaction-level tasks.

Molecule Recognition For vision-based chemical tasks,
where molecules are represented as images, the capacity
to recognize their structures is a foundational skill. This
task requires the VLM to parse the visual representation
of a molecule into its SMILES format, thereby unlocking
subsequent chemical analyses. We collect training corpus
from ChEBI-20-MM (Liu, Tao, and Ren 2025), MolGrapher
(Morin et al. 2023), MolScribe (Qian et al. 2023), ORDerly
(Wigh et al. 2024) and EDU-CHEMC (Chang et al. 2025).
For data already available as <image, SMILES> pairs, we
incorporate them directly into our training corpus. For all
other instances, which consist solely of SMILES strings, we

generate the corresponding molecular images using RDKit
(Bento et al. 2020) and Indigo (EPAM Systems 2024). To
ensure visual diversity, we manually define a diverse range
of seed drawing parameters, including color, size and style,
which are then randomly combined and applied during im-
age rendering. Furthermore, our experiments reveal that rec-
ognizing SMILES strings from handwritten molecular im-
ages poses a significant challenge. To address this, we adapt
the EDU-CHEMC dataset (Chang et al. 2025) by develop-
ing a parser code that converts its native structure-specific
markup language (SSML) (Hu et al. 2023) into correspond-
ing SMILES, yielding a paired dataset of handwritten im-
ages and their corresponding SMILES string.

Reaction Recognition. Beyond individual molecules, we
also apply TinyChemVL to the task of whole reaction recog-
nition, which is foundational to understanding chemical re-
actions. To address the scarcity of public data on chemical
reactions, we utilize the same method denoted in molecu-
lar image generation and render reaction images from the
ORDerly dataset (Wigh et al. 2024). For each input image,
the task is to parse the depicted chemical reaction into the
reactants>reagents.solvents>products format. Each compo-
nent, expressed in SMILES format, may represent more than
one molecule. In cases with multiple molecules, their re-
spective SMILES strings are concatenated and separated by
a period (e.g., c1ccccc1.Cl).

Property Prediction. Following the property prediction
task of ChemMLLM, we construct training data involv-
ing first decomposing reactions in the ORDerly dataset into
molecules, then sampling SMILES based on their length dis-
tribution, and finally utilizing RDKit to calculate molecular
properties. The properties include molecular weight (MW),
logarithm of the Partition Coefficient of a solute between
octanol and water (LogP), Topological Polar Surface Area
(TPSA), Hydrogen Bond Donor (HBD), Hydrogen Bond
Acceptor (HBA), Rotatable Bond (RB), and Quantitative Es-
timate of Drug-likeness (QED).

Reaction Prediction. Drawing inspiration from chemical
experts who can predict reaction products simply by observ-
ing the structures of the reactants, we construct a vision-
based reaction prediction dataset to train TinyChemVL for
this task. Specifically, the model learns to predict the prod-
uct from an image depicting the reactants, reagents, and sol-
vents. Additionally, to better assist the model in understand-
ing the input image, we also construct the training corpus
that pairs the input images with the corresponding SMILES
strings. All the data for this task is sampled from the OR-
Derly dataset as well.

Molecular Image Generation. ChemMLLM introduces
the task of conditional chemical image generation, which re-
quires models to generate a target molecular image based on
specified properties or optimization requirements. However,
this task remains text-centric, as performance evaluation ul-
timately relies on converting the generated image back into
a SMILES string using tools like MolScribe (Qian et al.
2023). In contrast, we propose a more direct and verifiable
paradigm that utilizes executable Python code to render
the target molecular image. To implement this, we sample
and reconstruct the ChemMLLM training data by replacing
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The contents in the image represent the reactants, 
reagents and solvents of a chemical reaction. Predict 
the products SMILES based on the given image. 
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Convert the image to reaction SMARTS format.

The reaction SMARTS in the image 
is\n<SMARTS>C=C(CCl)CCl.CCOP(OCC)OCC>>C=C(CCl)CP(=O)(O
CC)OCC </SMARTS>.

According to the reactants in the image, the SMILES of the 
products should 
be\n<product>NS(=O)(=O)c1cc(Cl)ccc1NS(=O)(=O)/C=C/c1ccc(
Cl)c(Cl)c1</ product >.

Figure 2: The demonstration about vision-based reaction
recognition and prediction tasks in ChemRxn-V.

Task Total Ours
Molecule Recognition 500k 385k
Reaction Recognition 200k 200k
Property Prediction 150k 55k
Reaction Prediction 200k 200k
Molecular Image Generation 200k 55k

Table 1: Quantity of training samples across different tasks,
showing the total number of samples (Total) and the subset
generated by ourselves (Ours). The remaining samples are
collected from existing vision-based chemical datasets.

its <|image|> tokens with the corresponding rendering
code. We also collect further property-to-image data to ex-
pand the training corpus.

Table 1 demonstrates the composition of our training
dataset for each task, distinguishing between pre-existing
samples and those we construct.

Evaluation
For the vision-based reaction recognition and prediction
tasks, we introduce a new evaluation benchmark named
(ChemRxn-V). This benchmark, containing reaction recog-
nition and prediction tasks, is curated by filtering the OR-
Derly test set (Wigh et al. 2024) and subsequently render-
ing the corresponding reaction and reactant images using
RDKit and Indigo. Specifically, each task in the ChemRxn-
V benchmark contains 5,000 test samples, which are se-

lected based on reaction length to ensure the distribution
is representative of the overall dataset. Prediction perfor-
mance is assessed by computing the RDKit fingerprint sim-
ilarity between predicted and ground-truth products, follow-
ing the Mol-instructions (Fang et al. 2023) protocol. In con-
trast, evaluating recognition performance requires a more
detailed approach, as RDKit cannot directly compare reac-
tions. Therefore, we first decompose each reaction into its
three components (reactants, reagents/solvents, products),
then calculate the fingerprint similarity for each part, and
finally compute a weighted average score based on the
molecule count per component.

Training Details
We utilize InternVL2.5-4B as the backbone model for su-
pervised fine-tuning (SFT). The visual token reduction strat-
egy provides the computational efficiency necessary for full-
parameter fine-tuning. The model is trained on 8 NVIDIA
A100×80G GPUs for 1.5 epochs. The per-device batch size
and the gradient accumulation steps are set to 16 and 2, re-
spectively. All the training process is conducted on ms-swift.

Experiments
Experiment Settings
Baselines To assess the effectiveness of our proposed Tiny-
ChemVL, we compare it with existing models in three
setups: (1) General-domain open-source VLMs, including
InternVL2.5-4B (Chen et al. 2024), Qwen2.5-VL-7B (Bai
et al. 2025), LLaVA-v1.5-7B (Liu et al. 2023) and Phi-3.5-
vision (Abdin et al. 2024). (2) Proprietary models include
GPT-4V (OpenAI 2023) and GPT-4o (OpenAI 2024). (3)
Chemical-domain VLMs including ChemVLM (8B, 26B)
(Li et al. 2025), ChemDFM-X (13B) (Zhao et al. 2024a) and
ChemMLLM (Tan et al. 2025).

Benchmarks To ensure a fair and direct comparison with
prior works, we align our evaluation protocols with es-
tablished methods. For the molecule recognition task, we
adopt the benchmarks from ChemVLM (ChemOCR) and
ChemMLLM (img2smiles), reporting two primary metrics
calculated via RDKit, the average Tanimoto similarity (Avg.
Sim.) and the Tanimoto hit at 1.0 (Tani@1.0). For prop-
erty prediction, we also utilize benchmarks in ChemMLLM
(img2property) using the Mean Squared Error (MSE) be-
tween predicted and ground-truth values for evaluation. For
molecular image generation, we assess performance on the
two distinct subtasks proposed in ChemMLLM. For the
image-to-image (img2img) task, property improvement is
quantified by the increase in LogP values between the in-
put and output molecules. For the property-to-image (prop-
erty2img) task, we calculate the Mean Squared Error (MSE)
between the output and the ground-truth input utilizing RD-
Kit. Finally, for reaction-level tasks, we evaluate perfor-
mance using our proposed ChemRxn-V benchmark, uti-
lizing the aforementioned method for evaluation To eval-
uate our adaptive visual token reduction strategy, we as-
sess the computational efficiency of TinyChemVL by com-
paring its inference throughput and training time against
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Models ChemOCR (%) img2smiles(%)
Avg Sim. Tani@1.0 Avg Sim. Tani@1.0

GPT-4V 15.0 2.1 9.74 0.01
GPT-4o 36.8 3.4 29.0 0.01
Qwen2.5-VL-7B 25.5 0.4 28.2 0.03
LLaVA-v1.5-7B 9.0 0.0 5.0 0.00
InternVL2.5-4B 4.4 0.0 2.0 0.01
Phi-3.5-vision 0.4 0.0 1.2 0.01
ChemVLM-26B 71.0 42.9 47.1 12.1
ChemVLM-8B 81.7 57.7 55.0 15.0
ChemMLLM - - 75.0 49.0
ChemDFM-X 70.9 36.5 90.9 77.6

TinyChemVL 91.2 77.4 89.5 75.6

Table 2: Evaluation results of the molecular recognition task.
The Avg Sim. and Tani@1.0 are the abbreviations of av-
erage tanimoto similarity and tanimoto hit 1.0. The best
and second-best performances are indicated in bold and
underline respectively.

Models img2property ↓
MW LogP TPSA HBD HBA RB QED

GPT-4o 7.6e3 5.7 1.2e3 1.8 6.2 11.9 0.03
Qwen2.5VL-7B 5.3e3 22 3.0e3 2.4 12.7 49.4 0.19
LLaVA-v1.5-7B 3.0e4 5.1 5.0e4 53.3 23.7 39.9 1.0e5
Phi-3.5-vision 4.8e4 14.7 2.3e4 3.3 17.7 1.0e6 276.8
InternVL2.5-4B 2.3e4 9.7 5.4e3 1.3e4 6.0e4 2.0e4 2.3
ChemVLM-8B 1.0e4 4.9 5.0e3 4.2 27.2 45.8 0.24
ChemMLLM 789.7 0.7 152.6 0.18 0.8 1.6 0.008

TinyChemVL 488.0 0.9 71.1 0.09 0.3 0.7 0.003

Table 3: Evaluation results on the property prediction task.
We manually evaluate models that are not reported in the
ChemMLLM and calculate the Mean Squared Error (MSE)
for comparison.

two baselines: the general-domain InternVL-2.5-4B and the
chemical-domain ChemVLM-8B.

Main Results
Model Performance. The performance of molecular recog-
nition is denoted in the Table 2. As the foundation task of
vision-based chemistry, TinyChemVL achieves SOTA per-
formance on the ChemOCR, significantly surpassing ex-
isting VLMs. While ChemDFM-X (13B) slightly outper-
forms TinyChemVL (4B) on the img2smiles task, our model
is significantly more parameter-efficient, achieving nearly
equivalent performance. Furthermore, we compare Tiny-
ChemVL with specialized SMILES OCR models, for exam-
ple, Decimer (Rajan, Zielesny, and Steinbeck 2021) reports
a 92.6% average similarity and a 77.3% Tanimoto@1.0 on
the ChemOCR benchmark. TinyChemVL is the first VLM
to deliver competitive results with these specialized models.
Unlike specialized models that employ specific loss func-
tions for the image-to-SMILES task, our approach demon-

Models img2img ↑ property2img ↓
Increased LogP MW LogP TPSA

GPT-4o 1.95 7633.2 5.7 1209.2
LLaVA-v1.5-7B −0.86 > 2e6 1104.4 > 1e5
ChemLLM-7B - > 7e4 10.0 7666.0
ChemVLM-8B 0.45 > 2e5 9.0 > 2e4
ChemMLLM 4.2 > 3e4 13.2 1191.6

TinyChemVL 2.2 1620.2 0.9 182.5

Table 4: Evaluation results on the molecule image genera-
tion task. TinyChemVL achieves superior performance on
property2img tasks.

Models Recognition Prediction
Avg Sim. EM Avg Sim. Tani@1.0

GPT-4o 19.1 0.1 30.4 1.4
Qwen2.5VL-7B 3.8 0.1 11.9 0.0
Phi-3.5-vision 1.5 0.0 0.8 0.0
InternVL2.5-4B 1.6 0.0 2.7 0.0
ChemVLM-8B 0.6 0.0 4.8 0.0
ChemDFM-X 28.32 3.2 12.7 0.7

TinyChemVL 93.4 67.9 78.9 52.4

Table 5: The evaluation results on our proposed ChemRxn-
V. EM is the abbreviation of Exact Match.

strates that general-purpose VLMs have the potential to
match their performance. This finding indicates that general
VLMs can match the performance of specialist models on
specialized tasks without sacrificing their broader and ver-
satile capabilities.

The results for the property prediction tasks are summa-
rized in Table 3. TinyChemVL demonstrates superior per-
formance across most tasks, achieving approximately half
the Mean Squared Error (MSE) of the second-best model,
ChemMLLM. The only suboptimal performance is the LogP
img2img task. The performance on the image generation
task is denoted in Table 4. We evaluate baseline mod-
els (excluding ChemMLLM) on their direct generation of
SMILES strings. In contrast, TinyChemVL generates exe-
cutable Python code that renders the molecule. For a fair
assessment, we extract the SMILES from the generated
code for comparison. The results show that TinyChemVL
achieve superior performance on the property2img task. In
the img2img task, TinyChemVL achieves the second-best
performance, surpassed only by the ChemMLLM.

Furthermore, we evaluate model performance on our con-
structed ChemRxn-V, which contains vision-based reaction
recognition and prediction tasks. As shown in Table 5, Tiny-
ChemVL achieves best performance, significantly outper-
forming existing VLMs that struggle with reaction-level
tasks. Notably, for the reaction prediction task, no existing
models attempt to generate products based solely on visual
representations of the reactants. For chemical experts, the
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Models Inference Training
Sample/s (↑) Avg. Tokens (↓) Hours (↓)

ChemVLM-8B 7.41 896 -
InternVL2.5-4B 9.11 894 47∗
TinyChemVL 11.84 108 15

Table 6: The results of inference efficiency on ChemOCR.
* denotes the estimated time by tqdm. The Avg. Tokens de-
notes the average number of tokens per input, including both
visual and textual tokens.

According to the reactants in the image, the SMILES of 
the products should be 
<product>Nc1cccc(S(=O)(=O)NCc2ccccn2)c1</ product >.

Predict the reaction 
products SMILES based 
on the given image.

Vi
su

al
 To

ke
n

Q
A

<product>CCCCCCCCCCC(=O)N[C@H]1CCC(=O)OC1=O
</ product >.

Predict the reaction 
products SMILES based 
on the given image.

Q
A

Vi
su

al
 To

ke
n

Figure 3: The odd rows (QA) show how the method prunes
blank background tokens (indicated by grey areas) and
merges molecular structure tokens in a reaction image. The
even rows (Visual Tokens) display the associated task in-
struction and the final answer generated by TinyChemVL.

molecular image is the most intuitive medium for under-
standing reactions and predicting products. Unlike textual
notations such as SMILES, which are essentially a human-
defined grammar for computation, molecular images offer
a more natural representation. Therefore, enabling models
to predict reaction products directly from molecular images
represents a crucial research frontier. Success in this area
is pivotal for establishing VLMs as indispensable tools for
chemical research.

Overall, TinyChemVL achieves SOTA performance
across a diverse suite of vision-based chemical tasks at both
the molecular and reaction levels. Furthermore, we propose
ChemRxn-V, a vision-based benchmark for reaction-level
tasks that poses a significant challenge to existing models,
thereby expanding the scope of this research domain.

Model Efficiency. We conduct two primary comparisons
to evaluate our proposed TinyChemVL. First, to specifically
assess the effectiveness of our adaptive visual token reduc-
tion method, we benchmark TinyChemVL against its back-
bone model, InternVL2.5-4B. Second, to evaluate the over-
all efficiency of our approach relative to specialized models,

Ablation ChemOCR ChemRxn-V
(tokens/image) Recognition Recognition Prediction

16 77.4 62.7 52.4
4 76.2(−1.2) 59.5(−3.2) 50.1(−2.3)

Table 7: The ablation study of different numbers of visual
tokens on molecular and reaction tasks. Tani@1.0 and exact
match are utilized for comparison.

we compare TinyChemVL with ChemVLM-8B, the well-
established VLM in the chemical domain. As all these mod-
els are based on the InternVL family, we utilize LMDeploy
(Contributors 2023) as the inference toolkit for fairly com-
parison. We evaluate model efficiency on the ChemOCR
dataset by measuring both inference throughput (Samples/s)
and computational overhead, which is quantified by the av-
erage number of input tokens (Avg. Tokens). Furthermore,
we compare the training time cost of TinyChemVL against
InternVL-2.5-4B on our training corpus. To ensure a fair
comparison under identical hardware constraints, we run
each model at the maximum batch size it can accommodate
within the GPU memory budget of A100. This setting re-
veals that TinyChemVL can utilize a batch size four times
larger than InternVL-2.5-4B, forming the basis for our sub-
sequent time measurements.

The results are shown in Table 6. TinyChemVL achieves
the highest inference speed, a result attributed to its fewer
input tokens, which requires only about 1/8 input tokens
compared to competing models. Notably, TinyChemVL ex-
hibits a significant reduction in training time compared to
InternVL2.5-4B, which enhances the efficiency of finetun-
ing and promotes the iteration process.

Ablation Study
To demonstrate the efficacy of our visual token reduction
strategy, Figure 3 visualizes the compression results on
two chemical reaction images. These results show that our
method effectively prunes tokens representing solely the
blank background while preserving those crucial for rep-
resenting the molecules, without influencing the answers.
Also, we conduct an ablation study on the impact of reduced
visual token quantity with the same training data. As shown
in Table 7, further reducing visual tokens from 16 to 4 per
image results in performance drops, demonstrating the in-
sufficiency of 4 tokens for representing reaction images.

Conclusion
In this work, we propose TinyChemVL, an efficient and
powerful chemical VLM that performs superiorly on vision-
based molecular and reaction tasks. By adopting our to-
ken reduction strategy, we reduce the number of visual to-
kens to 1/16th of the original count, ensuring high efficiency
for both training and inference. Also, we propose a vision-
based reaction-level benchmark, ChemRxn-V, to assess the
vision-based reaction recognition and prediction capacities.
ChemRxn-V and TinyChemVL could generalize chemical
VLMs into more complex scenarios.
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