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Abstract

Large Language Models (LLMs) have achieved remarkable
success and have been applied across various scientific fields,
including chemistry. However, many chemical tasks require
the processing of visual information, which cannot be suc-
cessfully handled by existing chemical LLMs. This brings a
growing need for models capable of integrating multimodal
information in the chemical domain. In this paper, we in-
troduce ChemVLM, an open-source chemical multimodal
large language model specifically designed for chemical ap-
plications. ChemVLM is trained on a carefully curated bilin-
gual multimodal dataset that enhances its ability to under-
stand both textual and visual chemical information, includ-
ing molecular structures, reactions, and chemistry examina-
tion questions. We develop three datasets for comprehensive
evaluation, tailored to Chemical Optical Character Recogni-
tion (OCR), Multimodal Chemical Reasoning (MMCR), and
Multimodal Molecule Understanding tasks. We benchmark
ChemVLM against a range of open-source and proprietary
multimodal large language models on various tasks. Experi-
mental results demonstrate that ChemVLM achieves competi-
tive performance across all evaluated tasks.

Code — https://github.com/AI4Chem/ChemVIm

Introduction

Large Language Models (LLMs) have been widely adopted
in various scientific domains due to their high potential to
accelerate scientific discovery (Zhang et al. 2024a; M. Bran
et al. 2024; Jablonka et al. 2024; Zhao et al. 2024; Dagde-
len et al. 2024). However, despite their promising poten-
tial to advance research, purely text-based models are lim-
ited in handling the diverse multimodal data encountered
in the fields of chemistry, including molecular structures,
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reaction equations, and other related phenomena. These limi-
tations can impede the performance of comprehensive mul-
timodal chemical reasoning (MMCR) tasks, leading to po-
tential misinterpretations or misleading hallucinations. More-
over, chemists often spend significant time manually redraw-
ing chemical images using software like ChemDraw (Li et al.
2004) to convert them into machine-readable formats such
as SMILES (Weininger 1988) or IUPAC names (Favre and
Powell 2013). Although traditional Chemical Optical Charac-
ter Recognition (OCR) models, especially transformer-based
ones like MolScribe (Qian et al. 2023b) and Decimer (K Ra-
jan 2020), have achieved remarkable success in converting
chemical images into SMILES (Qian et al. 2023b; Rajan,
Zielesny, and Steinbeck 2021), their capabilities are limited
to modality conversion and thus fails to address multimodal
chemical reasoning (MMCR) tasks. For MMCR tasks, naive
modality conversion was inadequate indeed, a more sophis-
ticated capability that can offer a deeper insight into the
non-text data is still required for the community. Therefore,
a model that can seamlessly bridge visual and textual infor-
mation in chemistry is desired.

While existing multimodal Large Language Models
(MLLMSs) (Liu et al. 2023, 2024; OpenAl 2023; Bai et al.
2023a; Young et al. 2024; Wang et al. 2023a) excel at pro-
cessing diverse data types, their generic nature falls short in
the chemical domain due to limited specialized knowledge.
This gap necessitates a model specifically designed for chem-
istry that integrates textual and visual information, thereby
enhancing research and analytical efficiency for chemists,
overcoming the limitations of generalist approaches by pro-
viding precise, domain-specific insights.

To address this issue, we introduce ChemVLM?, an open-
source multimodal large language model specifically de-
signed for the chemical domain, built upon the ViT-MLP-
LLM architecture (Liu et al. 2023). Our model combines a
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state-of-the-art Vision Transformer (ViT) (Dosovitskiy et al.
2020) for robust image encoding with ChemLLLM (Zhang
et al. 2024a), a domain-specific Large Language Model
trained on billions of tokens from high-quality chemical
data. This architecture effectively bridges the gap in domain-
specific knowledge needed to process multimodal chemical
tasks. A Multi-Layer Perceptron (MLP) layer is adopted as a
projector to perform image-text alignment. We implement a
two-stage supervised fine-tuning strategy to enhance model
performance. In the first stage, we freeze the LLM compo-
nent to focus on modality alignment. In the second stage,
we unfreeze and update all parameters to adapt the model
to downstream tasks. This structured approach ensures that
ChemVLM achieves competitive performance across a vari-
ety of chemical tasks.

To rigorously evaluate the performance of chemical
domain models, we introduce three specialized datasets:
ChemOCR, MMCR-Bench, and MMChemBench. Each
dataset is designed to assess distinct aspects of model ca-
pabilities. Specifically, ChemOCR focuses on modality con-
version, offering bilingual questions that challenge models
to recognize the SMILES format from molecular images,
directly testing OCR capabilities within a chemical context.
MMCR-Bench is mainly derived from the chemistry section
of the Chinese college entrance examination and expands to
assess models on their ability to solve complex multimodal
chemical reasoning (MMCR) problems. MMChemBench,
extended from ChemBench (Zhang et al. 2024a), includes
molecule caption and molecule property prediction tasks with
multimodal information, providing a comprehensive view of
a model’s capability on Multimodal Molecule Understanding.
Additionally, we further validate our model’s performance us-
ing established open-source benchmarks (Lu et al. 2022; He
et al. 2024b), ensuring a comprehensive assessment across
diverse chemical tasks.

In our assessment, ChemVLM demonstrated significant
improvements over baseline models and achieved state-of-
the-art (SOTA) performance on several tasks, surpassing GPT-
4 vision models (OpenAl 2023, 2024c). These results under-
score the model’s substantial advantages in chemical image
recognition and image-text MMCR tasks.

Our key contributions are as follows:

1. A multimodal LLM dedicated to chemistry. We pro-
pose ChemVLM, an open-source MLLM for the chem-
istry area. In detail, We present and implement a Vi-
sion Transformer-Multi-Layer Perceptron-Large Lan-
guage Model (ViT-MLP-LLM) architecture specifically
tailored for chemical domain visual-language processing.

2. A comprehensive dataset suite. We develop three new
datasets (ChemOCR, MMCR-Bench, and MMChem-
Bench) with diverse tasks to evaluate the capability of
visual-language models in the chemical domain.

3. A variety of reliable evaluation. We assess the perfor-
mance of different models on various chemical tasks, in-
cluding benchmarks collected by ourselves and the open-
sourced ones. Results show that our model exhibits desir-
able performance in multimodal chemistry understanding
and reasoning.
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We hope ChemVLM can advance chemical research by
bridging the gap between multimodal data interpretation and
domain-specific knowledge and inspire future works in this
field.
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Figure 1: Overall architecture of ChemVLM. ChemVLM
combines the advantage of an advanced vision transformer
and a large language enriched with chemical knowledge, en-
suring the strong ability of multimodal chemical knowledge
understanding and reasoning.

Related Work

Overview of Multimodal Large Language Models. In ad-
dition to textual content, visual information encompasses a
wealth of data, and integrating these modalities through large
language models (MLLMs) has demonstrated superior com-
prehension, reasoning, and generation capabilities compared
to traditional models. Notable MLLMs include GPT-4V (Ope-
nAI 2023), which extends GPT-4 with a visual module, and
the Gemini series (Team et al. 2023; Reid et al. 2024), which
processes audio, video, and text inputs with enhanced long-
context understanding. Proprietary models like QwenVL-
Plus/Max (Bai et al. 2023a), MM1 (McKinzie et al. 2024),
and Claude-3V (Anthropic 2024) also exhibit exceptional
multimodal performance. Open-source MLLMs, such as the
LLaVA series (Liu et al. 2023, 2024), VisionLLM (Wang
etal. 2024a), CogVLM (Wang et al. 2023b), LLaMA-Adapter
V2 (Gao et al. 2023), and ShareGPT4V (Chen et al. 2023),
continue to evolve but still lag behind their proprietary coun-
terparts in performance.

Overview of Chemical OCR and MMCR. Various ways
have been attempted by prior works to extract visual infor-
mation from the chemical images. Works on diagram parsing
focused on the segmentation of molecular images (Joshua
et al. 2019; EJ Beard 2020) and the recognition of their chem-
ical structures (Qian et al. 2023b; IV Filippov 2009; K Rajan
2020). Some researchers want to understand the relationships
between the molecules, i.e., reaction schemes. Wilary and
Cole proposed ReactionDataExtractor (DM Wilary 2021) to
extract reaction schemes from the diagrams. A method called
Chemgrapher (M et al. 2020) suggests dealing with the prob-
lem in a modular fashion by using a segmentation algorithm
to segment the images containing chemical graphs to detect
atom locations, bonds, and charges. Only a few try to predict



the properties of molecules. Chithrananda et al. make one of
the first attempts to systematically evaluate transformers on
Multimodal Molecule Understanding tasks such as molecular
property prediction (Seyone Chithrananda 2020). We provide
an MLLM method to help solve the problem of chemical
OCR and can work as a chemical properties answer assistant.

Architecture of ChemVLM

As shown in Figure 1, ChemVLM follows the architecture
from LLaVA (Liu et al. 2023, 2024) in the fashion of "ViT-
MLP-LLM". This framework integrates a Vision Transformer
(ViT) followed by Multi-Layer Perceptron (MLP) compo-
nents, seamlessly connected to a Large Language Model
(LLM). We adopt InternViT-6B (Chen et al. 2024c) as the vi-
sion encoder and ChemLLLM-20B (Zhang et al. 2024a) as the
language model, as it demonstrates strong chemical capabili-
ties. The projector is an MLP to convert the visual feature into
the language embedding space, whose weights are randomly
initialized. The visual encoder takes images of 448 x 448
resolution as input and extracts high-level features from them.
The visual features are then transformed into the same di-
mension of the language tokens, aligning them with the text
space. Simultaneously, the textual input passes through the
tokenizer to be converted into a sequence of tokens. The im-
age and text tokens are then concatenated to form a unified
token sequence and then fed into the LLM. The LLM syn-
thesizes the multimodal tokens to generate a cohesive and
contextually relevant response. This pipeline enhances the
model’s capability in complex chemical environments.

Data Composition

This section details our approach to enhancing our model’s
recognition and understanding of images of molecules and re-
actions, and multimodal reasoning tasks in chemistry. We aim
to improve the model’s capability in real-world multimodal
scenarios by leveraging diverse datasets and educational re-
sources. We visualize the data preparation work in Figure 3.
The data production process is as follows. (1). We collect raw
data encompassing various tasks from reliable open-source
chemical datasets and databases. (2). We apply diverse image
transformation techniques for data augmentation, including
style transformations (e.g., handwritten styles, graph paper
backgrounds), rotations, blurring, and other enhancement
techniques. (3). A variety of templates are carefully designed
to cover different task scenarios and improve diversity (please
refer to the Appendix for template details). (4). These tem-
plates are filled with raw data to create high-quality QA pairs,
which will be used to train and evaluate MLLMs. Here we
show the data distribution of our train data and benchmarks in
Figure 2. Detailed explanation can be found in the Appendix.

Molecule Subset

To improve the model’s ability on Multimodal Molecule
Understanding and Recognition, we collect images from dif-
ferent sources to cover a broad range of styles. The sources
are demonstrated as follows.
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Figure 2: Data distribution of our train data and benchmarks.

* Hand-drawn style. We utilize the DECIMER
HDM (Brinkhaus et al. 2023) dataset that contains
over 7,000 hand-drawn molecular structure images. This
dataset includes drawings created with different inks and
types of pens.

* Scanned and photographed style. This subset encom-
passes images with potential artistic enhancements and
photographic distortions. We used the dataset compiled by
Molscribe Project (Qian et al. 2023b), including molecular
images sourced from published literature.

* Electronic document style. This subset is characterized
by images generated by chemical drawing tools, including
ChemDraw (Li et al. 2004), RDKit (Landrum 2014) and
Indigo’. The images are created with varying line styles
and color presets.

Reaction Subset

To enhance our model’s visual understanding of a broad spec-
trum of chemical reaction schemes and synthesis processes,
we have gathered a diverse collection of images, ranging
from simple reaction images to complex synthesis pathway
diagrams. The sources are demonstrated as follows.

» Simple chemical reaction images. This subset contains
two types of images. The first consists of inorganic
chemical reaction equations, primarily sampled from the
PEACE (Zhang et al. 2024b) dataset, which includes re-
action equation image fragments extracted from the lit-
erature. The second focuses on organic chemical reac-
tions, which are mainly based on reaction scheme images
collected from organic chemistry literature (Qian et al.
2023a). Additionally, we synthesize a batch of reaction
scheme images using RDKit (Landrum 2014) with data
from the USPTO-50K (Maziarz 2024) dataset.

* Synthesis pathway diagrams. This subset also includes
two types of images. The first features simpler synthe-
sis routes with fewer than five steps gathered from real
literature (Qian et al. 2023a). The second involves more
complex diagrams called Total Synthesis, which aims to
create complex large molecules, typically natural prod-
ucts found in biological organisms, from commercially
available small molecules artificially. The data are col-

A universal cheminformatics toolkit, utilities and database
search tools can be found in https://github.com/epam/Indigo



lected from The Organic Chemistry Data (Myers 2024)
and SynArchive website*.

Multimodal Chemical Reasoning (MMCR) Tasks

Existing multimodal chemical models (Qian et al. 2023b;
IV Filippov 2009; K Rajan 2020; Qian et al. 2023a; Zhang
et al. 2024b) primarily focused on modality conversion tasks,
such as OCR and molecule captioning, and have achieved
a remarkable progress. However, with large language mod-
els increasingly being used as tools for knowledge reason-
ing and scientific discovery (Mirza et al. 2024), the need
for a deeper, more integrated understanding of multimodal
knowledge has become critical. Some multimodal question-
answering datasets (Mirza et al. 2024; Luo et al. 2023) have
been involved in the field of chemistry, however, these efforts
often focus solely on evaluating the model’s ability to recog-
nize and statistically analyze local structures or sub-patterns
within non-text modalities, such as identifying specific func-
tional groups within molecular structures. For tasks like solv-
ing chemistry problems in high school chemistry exams, the
model needs to possess strong logical reasoning skills, be
able to capture critical information from the questions, and
combine it with extensive domain-specific knowledge to pro-
vide accurate and reasonable answers.

Given the importance of the problem above, we utilize
examination data within the chemistry discipline to build a
Q&A dataset. Inspired by C-MHChem (Zhang et al. 2024a),
we carefully curate and deduplicate a dataset containing
200,000 high-quality multimodal chemistry questions from
the OpenDatal.ab platform (He et al. 2024a), covering Chi-
nese education from secondary school to graduate levels®. It
includes various problem types such as multiple choice, fill-
in-the-blank, and short answer. The questions are designed to
assess diverse skills of test-takers, including error correction,
knowledge-based Q&A, complex reasoning, and experiment
protocol design. This dataset aims to equip the model with
a deeper understanding of chemistry, enabling it to tackle
complex multimodal challenges in real-world scenarios.

Data Quality Enhancement

To ensure higher data quality and improve the effectiveness
of training, we implement a series of data quality improve-
ment techniques, as depicted in Figure 3. Considering the
importance of diverse training data for learning meaningful
image-text interactions, we apply RanDepict (Brinkhaus et al.
2022) to incorporate variation in image styles. This includes
style transformations (e.g., handwriting style, grid paper back-
grounds), rotations, blurring, and other data augmentation
techniques for molecular images. Additionally, we perform
validation checks on the SMILES fields in the text informa-
tion and remove any irrelevant symbols to maintain accuracy.
Furthermore, we diversify the question-answer prompt tem-
plates by interacting with GPT-4 (OpenAl 2024a) to generate
prompts in different linguistic styles, both in Chinese and

*https://synarchive.com/

¥The chemistry QA pairs from OpenDataLab are originally in
Chinese, and we translate 10,704 of them into English using the
Bing translator from pypi/translators.
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English. These prompts are then used to construct the final
question-answer pairs for supervised finetuning.

Training
Training Strategy

ChemVLM’s training follows a two-stage paradigm inspired
by InternVL (Chen et al. 2024a). The first stage focuses on
aligning the image and text modalities, while the second stage
involves supervised finetuning. During training, we segment
images into pixel tiles with a maximum of 12, depending on
the image’s aspect ratio and resolution. A context length of
2048 tokens is utilized to accommodate detailed responses,
and the response formatting follows the prompt structure
used in LLaVA 1.5 (Liu et al. 2024).

Image-Text Modal Alignment Training. In the first stage,
we utilize a diverse multimodal dataset, encompassing both
a general-purpose corpus and a specialized chemical corpus,
to enhance the alignment of visual and textual representa-
tions. Specifically, we freeze the weights of LLM and the
base visual encoder, training only the randomly initialized
projector and the additional LoRA (Hu et al. 2021) layers
in the visual encoder to imbue it with an understanding of
chemical space. Finetuning with LoRA effectively reduces
the number of trainable parameters and computational costs,
while simultaneously lowering the risks of model overfitting
and catastrophic forgetting.

Supervised FineTuning Training. In the second stage, we
finetune the model using a combination of multimodal data
and pure text data. The training dataset includes both spe-
cialized data from the field of chemistry and general-purpose
corpora. In this process, since ViT and LLLM account for a
significant proportion of the parameters, LoRA is applied to
finetune the LLM and ViT components to reduce training
costs. Meanwhile, the projector, which has a much smaller
parameter footprint, is fully trained using all parameters. The
parameters used in this stage are derived from those merged
and processed in the first stage.

Training Details

For each stage, the model is trained on 16 NVIDIA
A100x80G GPUs for one epoch. The batch size is set to
4 and gradients are accumulated over 4 iterations. We use

Model&Method Avg Sim. (%1) | Tani@1.0 (%1)
Decimer 85.0 77.3
Molscribe 92.0 89.1
Qwen-VL-Chat 5.0 0.0
LLaVA-v1.5-13B 1.0 0.0
InternVL-v1.5 9.0 0.0
Yi-VL-Plus 5.0 0.0
GPT-4V 15.0 2.1
ChemVLM-26B (ours) 71.0 42.9

Table 1: Results on ChemOCR. Tanimoto similarities are
written as Avg Sim. (%7), and Tanimoto@ 1.0 written as
Tani@1.0 (%7). High is better for both metrics.
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Figure 3: Overview of our data composition work. This multi-step process ensures our model’s good performance and a

comprehensive evaluation.

AdamW (Loshchilov and Hutter 2017) as the optimizer and
Deepspeed bfloat16 (bf16) (Rasley et al. 2020) precision for
efficient training. To handle distributed training, we consis-
tently apply the Deepspeed ZeRO-3 (Rajbhandari et al. 2020)
strategy. We adopt the chat template from InternLM2 (Cai
et al. 2024) as the dialogue schema for the LLMs. Please refer
to the supplementary material for more detailed information.

Experiments

In this section, we conduct extensive experiments to assess
the chemical capabilities of ChemVLM and other competing
models on benchmarks of various tasks.

Evaluation Settings

To assess the multimodal capabilities of models on chemical
tasks, we evaluate their performance on both publicly avail-
able and self-curated benchmarks. Our evaluation focuses
on the three critical chemical tasks, including Chemical Op-
tical Character Recognition (Chemical OCR), Multimodal
Chemical Reasoning (MMCR), and Multimodal Molecule
Understanding.

We utilize the chemistry part of open-source multimodal
benchmarks, CMMU (He et al. 2024b) and ScienceQA (Lu
et al. 2022) for MMCR evaluation. To evaluate the model’s
capability of Multimodal Molecule Understanding, we con-
struct a multimodal chemical benchmark named MM Chem-
Bench, derived from ChemBench (Zhang et al. 2024a) with
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Model ScienceQA | CMMU MMCR-
&Method Chem (%71) | Chem (%71) | Bench (%1)
Qwen-VL-Chat 65.3 22.1 28.3
LLaVA-v1.5-13B 43.6 18.6 23.1
InternVL-v1.5 74.0 26.9 36.5
Yi-VL-Plus 68.1 29.1 35.3
GPT-4V 71.9 24.2 40.1
ChemVLM-26B (ours) 71.2 31.6 41.7

Table 2: Results on Chemisty part of CMMU, ScienceQA,
and MMCR-Bench. We compare our model’s performance
with several MLLMs and report the accuracy. The evaluation
is conducted in a zero-shot manner.

two image-text tasks: molecule caption and molecular prop-
erty prediction. Meanwhile, we employ other scientific dis-
ciplines within the CMMU (He et al. 2024b) framework to
assess ChemVLM’s generalization capabilities in different
areas. We also adopt Scibench (Wang et al. 2024b), a college-
level chemistry test set consisting of purely textual data, to
evaluate the model’s problem-solving abilities in more com-
plex tasks.

Moreover, we build two datasets for a more compre-
hensive benchmarking called ChemOCR and MMCR-
Bench. Specifically, ChemOCR includes 1000 chemical
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Figure 4: In the left figure, we compare ChemVLM with
three other MLLMs on other subjects aside from chemistry
on CMMU. In the right figure, we show results on the subsets
related to chemistry on Scibench. The numbers represent the
performance of ChemVLM.

OCR image-text pairs collected from an open-source chemi-
cal database (Qian et al. 2023b). And MMCR-Bench includes
1000 high-quality multimodal chemistry exam questions from
the Chinese college entrance examination.

Results on Chemical OCR Task

In this task, the models are expected to generate a correspond-
ing SMILES string for each molecular image. We compare
our model with previous end-to-end models dedicated to
this task, including Decimer (Rajan, Zielesny, and Steinbeck
2021) and Molscribe (Qian et al. 2023b). These models are
limited to generating SMILES and lack natural language
processing capabilities. Therefore, the comparison is also
conducted on various multimodal LLMs (MLLMs) including
Qwen-VL-Chat (Bai et al. 2023b), LLaVA-v1.5-13B (Liu
et al. 2023), InternVL-v1.5 (Chen et al. 2024b), Yi-VL-
plus (Young et al. 2024), and GPT-4V (OpenAl 2024b). We
employ 1000 image-text pairs in ChemOCR to evaluate the
model’s overall chemical OCR capabilities. We compute the
Tanimoto similarity between the generated molecules and
ground truth molecules with RDKIT (Landrum 2014), and
report the average Tanimoto similarity and Tanimoto hit 1.0
(tanimoto@1.0), which measures the percentage of structures
with 1.0 similarity.

The evaluation results are shown in Table 1. Our model
exhibits strong performance on this task, outperforming all
competing MLLM models. While ChemVLM’s performance
is behind specialized models like Decimer and MolScribe, it
offers greater versatility in handling a wider range of tasks,
not limited to Chemical OCR. Notably, a 59% increase in
average similarity and a 40.8 increase in tanimoto@ 1.0 can
be found when compared with GPT-4V.

Results on MMCR Tasks

In addition to the OCR-related tasks, we test our model
on question-answer tasks compiled from exams. The task
involves data from three different sources. We utilize the
chemical sections of the CMMU and ScienceQA datasets,
which are collected from exams across various grade levels.
Additionally, we include 1000 multimodal chemistry exam
questions from our custom test set, MMCR-Bench. The total
score is calculated based on the following criteria.
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An answer gets one point when it matches all the right
choices of a multiple-choice problem, else it gets zero point.

For a fill-in-the-blanks problem, an answer should make
all the blanks right, and then get one point. A wrong blank
means zero points for the whole problem. We complete this
process by prompting the Qwen-max API (Yang et al. 2024).
Please refer to the supplement for more details.

At last, the total score is calculated by dividing the number
of questions into points a model gets.

Results on the MMCR tasks are summarized in Table 2.
Our model achieves state-of-the-art (SOTA) for the chemical
part on the CMMU benchmark. Additionally, ChemVLM
demonstrates strong performance in the chemistry section of
ScienceQA, closely matching that of GPT-4V. Upon analyz-
ing the ScienceQA dataset, we find that many of the questions
rely on common sense, making them easier for MLLMs to
solve. When it comes to MMCR-bench, ChemVLM shows
more promising performance, which surpasses GPT-4V by
1.7% and achieves state-of-the-art performance.

Model molecule property
&Method caption(%) prediction(%)
ChemLLM* 92.6 72.2
GPT-4* 96.3 68.4
Qwen-VL-Chat 86.6 56.1
LLaVA-v1.5-13B 75.9 19.6
InternVL-v1.5 78.7 322
Yi-VL-Plus 89.3 274
GPT-4V 95.2 38.6
ChemVLM-26B (ours) 98.2 80.9

Table 3: Results on MMChemBench. We report the total
score using the method of calculating a score for choice prob-
lems. Notably, we report text-only LLMs’ (*) performance on
MMChemBench’s corresponding data source: ChemBench.

Results on Multimodal Molecule Understanding
Tasks

We present MM ChemBench, an extension of ChemBench,
designed to evaluate our models’ performance in Multimodal
Molecule Understanding tasks which include molecule cap-
tion and molecule property prediction. We also compare
ChemVLM with ChemLLLM and GPT-4 to assess the impact
of incorporating visual modality into the model. The results
are presented in Table 3, which demonstrate that ChemVLM
achieves state-of-the-art performance in both tasks. A signifi-
cant improvement is observed in the property prediction task
compared to other MLLMs. The findings highlight that in-
corporating visual information greatly enhances the model’s
ability to understand domain-specific knowledge, such as
molecular structures.



Question: i 1 mL 0.1 mol/LifIAgNO3 47 T 52
(93 BT AR EEYS A 0.1 mol/L) R 3 BEEAS IER Y

n ;ﬁ\,ﬁg;gﬁ EIEYTTER AL ) AgCl;

) M’.\IHE?]
|| e ”2"‘ > ReE \“'\f'" ~mems | | B
ANO B D.
Ground truth: C
GPT-4v: il H v, MR FTH2 LA SE30 . 3
PRI, JRATHA BT 2 A T ChemVLM(ours): [#3%] C
Bk [T A ...
@, 3928, SEE 1A Y AgCITE S B
IR, AEERBESNEAS. BIKE | T

C. B3, Agl RAYIESNa2s HBIRM
HRAg2S BAYINE, HHI3JFER,
RAEDBEAIIE, HCHR;

D....... HDIEH; #HHC.

L LTk, FrARKTA. B. CAIDIRER
W, BEMBE RIEHR” KR,

AgNO; Solution

Question: Take 1 mL of 0.1 mol/L AgNO, solution and perform the
following experiments (the concentration of reagents used in the
Adding excess of experiments is all 0.1 mol/L). The incorrect statement among the following

NayS soluton

Adding excess
Wi _OTKLsobtion v

precpite g

is
A. Experiment 1: The white precipitate is the insoluble AgCl.
B. Experiment 2: This demonstrates that Agl is less soluble than AgCl.

Black
precipiate

Adding excess of
NaCl solution
0] precipitate @
€. No black precipitate with sequence 1.3.
D. No white precipitate with sequence 2.1

Ground truth: C

@ orrav:

In this problem, based on the provided ChemVLM(ours):

[Answer] C

experimental sequence and reactants, we will [Analysis]
analyze the correctness of each option. First...... :

C. If the experiments are conducted in the
order of 1,3, the AgCl produced in experiment 1
will dissolve in 3, and thus will not form the
black precipitate, Ag,S. Therefore, no black
precipitate will be observed. This description
is also correct. D. ......

In summary, since all options A, B, C, and D are
correct, there are no incorrect choices. ......

C. In Experiment 3, the yellow Agl precipitate
reacts with Na2$ solution to form black Ag2S
precipitate. If experiments are conducted in
the order of 1.3, black precipitate can still be
observed, hence C is incorrect.

D..... hence D is correct.

Therefore, Correct answer is C

VS

Figure 5: A qualitative comparison of answers on MMCR-Bench between GPT-4V and our ChemVLM. Mistakes within the
answers are highlighted in red, whereas detailed and accurate parts are emphasized in green. Since this is a Chinese exam
question, we prepare the original Chinese text and the English translation of it. This shows the strong MMCR capability of

ChemVLM.
Question: Can you tell me what is the
molecule in this image, using SMILES
format?
Ground truth:
CC1C=C(C=CN=1)C1C=CC2N=C(NC3C=C(C=C
N=3)N3CCN(CC3)C(=0)COC)SC=2N=1

GPT-4v:

ChemVLM(ours):

From my perspective, the molecule
shown in this image, when represented
with SMILES, should be:
CC1C=C(C=CN=1)C1C=CC2N=C(N
C3C=C(C=CN=3)N3CCN(CC3)C(=0
)COC)SC=2N=1

To identify the molecule in the figure and
generate its SMILES molecular formula,
we can analyze ...... we can derive the
following SMILES molecular formula:
CCOC(=0)N1CCC(CCI)Ne2nee3n(ne(e
3s2)cdcceend)C

This SMILES molecular formula
represents the chemical structure of the
molecule pictured.

Figure 6: A qualitative comparison of answers on ChemOCR
on GPT-4V and our ChemVLM. Red and green parts are the
same as Figure 5.

Study on Multidisciplinary Competence

Our proposed ChemVLM is primarily trained on a proprietary
chemistry dataset. To evaluate the model’s generalization
capabilities, we tested it on test sets from other scientific
fields within the CMMU framework. As shown in Figure 4,
the experimental results indicate that ChemVLM performs
exceptionally well in other disciplines, surpassing renowned
multimodal LLMs and InternVL-v1.5-26B. This suggests
that large-scale training on high-quality problems enables
our model to exhibit remarkable capabilities across different
scientific domains.

Study on More Difficult Questions

To test the model’s reasoning capability on complex chem-
istry problems, we evaluated various models using the
Scibench (Wang et al. 2024b) dataset. Scibench is a text-only
benchmark designed for university-level science questions
extracted from exercise books, including topics like quantum
chemistry and physical chemistry. As shown in Figure 4, our
model outperformed all models mentioned in their paper, ex-
cept for the GPT-4 series. Notably, in the "Chemmic" and
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"Matter" subtasks, our model achieved better results than
GPT-4. This highlights ChemVLM’s reasoning ability on
purely textual, more difficult questions, despite being de-
signed to address multimodal chemistry problems.

Visualization of Answers From Different MLLMSs
and Our ChemVLM

In this part, we present qualitative results to compare the
outputs of our model with those from a strong proprietary
MLLM, GPT-4V, as shown in Figure 5 and Figure 6. The
results indicate that our model exhibits a better understanding
of the questions and provides more accurate answers for
chemical OCR and examination questions. This highlights
ChemVLM’s proficiency in leveraging chemical knowledge
to address multimodal problems.

Conclusion and Future Work

In this study, we introduce ChemVLM, an open-source, mul-
timodal model tailored for applications in chemistry. Compre-
hensive evaluations indicate that ChemVLM exceeds most
existing methods, advancing the Al and chemistry fields.

Currently, ChemVLM primarily incorporates image modal-
ities and lacks processing capabilities for molecular graph
and time-series data, limiting its effectiveness in capturing
complex chemical phenomena. Additionally, the high com-
putational costs may hinder its wider adoption.

In the future, we aim to enhance ChemVLM by adding
new modalities, such as graph and time-series data. We also
plan to explore more efficient training methods and develop
a range of models with varying parameter sizes to suit di-
verse scenarios, thereby advancing LLM’s role in chemistry
research.
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