Appendix of RxnCaption: Reformulating Reaction Diagram Parsing as Visual
Prompt Guided Captioning

1. Related Work

1.1. Chemical Reaction Mining

Existing research on extracting chemical reactions from lit-
erature primarily employs text mining to identify entities
such as reactants and products in patents [18]. Tools like
LeadMine perform entity recognition, while fingerprint-
based methods enhance role assignment in noisy data [19].
Rule-based and machine learning approaches, including
Naive Bayes, are used for section identification and dataset
construction [18]. Recent initiatives like the ORD offer
structured schemas for reaction data sharing [11]. Reac-
tion Miner [30] and automated methods using Transformer-
based ChemBERT improve product identification and role
labeling [9]. ReactlE [29] employs weak supervision with
linguistic cues to enhance extraction. LLMs facilitate zero-
shot NER, ITUPAC-to-SMILES conversion, and atom map-
ping, adding 26% new reactions from patents [22].

Chemical reaction diagram parsing has advanced re-
cently. ReactionDataExtractor 2.0 [24] combines molecu-
lar and arrow detectors with text recognition, but its rule-
based system struggles with generalization due to cumula-
tive errors. RxnScribe [17] redefines diagram parsing as
a sequence generation task using Pix2Seq [4], creating a
RxnDP dataset from real papers. RxnIM [5] introduces
LVLMs, using synthetic data to address scarcity and em-
ploying a three-stage training strategy: 1) Pre-localization
for molecular detection; 2) Full parsing with synthetic data;
3) Fine-tuning with real data. Despite high computational
demands, it only marginally improves parsing accuracy
over RxnScribe and struggles with out-of-distribution sam-
ples (as detailed in § 4.2 of the Main paper).

1.2. LVLM and Visual Prompt

Recently, Large Vision-Language Models (LVLMs) [2, 6,
10] built on Large Language Models (LLMs) [1, 20, 21]
have made significant strides. These models excel in visual
perception [14], visual question answering (VQA) [27],
and multimodal reasoning [8, 28], with applications in
medicine [13], autonomous driving [7], remote sensing [15,
16], and OCR [23].

Visual prompts [25] provide input in visual forms (e.g.,

images, selections, markings) in LVLMs, enhancing fine-
grained understanding and task adaptability. Unlike text
prompts, visual prompts directly affect the input image, im-
proving visual attention and reducing hallucinations. Set-
of-Mark (SoM) [26] demonstrated the effectiveness of “dis-
crete markings” by overlaying symbols on images to guide
GPT-4V in tasks like directional question-answering with-
out fine-tuning, establishing a “marking as prompt” zero-
shot paradigm. Vip-llava [3] allows models to under-
stand arbitrary visual prompts, enabling region-specific
question-answering without additional fine-tuning, and in-
troduces the ViP-Bench for evaluation. Image-of-Thought
(IoT) [31] suggests models plan a multi-step visual-text rea-
soning chain, dynamically generating necessary masks or
text markings using external tools (e.g., SAM [12], OCR),
achieving an automated “prompt as program’ process.

2. Details for Pilot Study

2.1. Task Definition of RxnDP

We define the Reaction Diagram Parsing (RxnDP) task as
R = F(I), where I represents the input chemical reaction
diagram, F is the RxnDP model, and R = {R;} is the set
of all chemical reactions in the diagram.
Each reaction R; consists of three roles:
R; = (Creact ) Ceond ; Cprod )
reactants  conditions  products
Each role Cioe = {c;} (role € {react, cond, prod}) is
composed of several components. The components can be
in two modalities: molecular structure diagrams and text.
A molecular structure diagram component (referred to as
molecular component) is represented by the bounding box
coordinates of the molecule in the diagram, while a text
component is represented directly by its textual content.

2.2. Prompts for LVLM inference of Pilot Study

The prompt templates for VQA are shown in Table | (reac-
tion counting), Table 2 (molecule counting), Table 3 (cyclic
reaction detection), and Table 4 (tree structure detection).
These VQA tasks are primarily designed to evaluate the
model’s basic visual question answering capabilities regard-
ing chemical diagrams.



Prompt: Reaction Counting

You are given an image containing one or more chemical reac-
tion equations. Your task is to count how many distinct reaction
equations are present in the image. Output a JSON object with
a single key ’reaction_count’ and an integer value indicating the
number of reactions. For example: {“’reaction_count™: 2}.

Do not include any explanation or additional text.
<image>Now output your JSON format result:

Table 1. Prompt template for counting reaction

Prompt: Molecular Structure Counting

You are given an image containing one or more chemical
reaction equations. Your task is to count how many dis-
tinct molecule structures (i.e., chemical structure diagrams) are
present in the image. Output a JSON object with a single key
’structure_count’ and an integer value indicating the number of
molecular structures. For example: {”’structure_count™: 4}.
Do not include any explanation or additional text.
<image>Now output your JSON format result:

Table 2. Prompt template for counting molecular structures

Prompt: Cyclic Reaction Detection

You are given an image of a chemical reaction. Your task is
to determine whether the image contains a cyclic (graph-style)
chemical reaction diagram. Output a JSON object with a single
key ’cyclic’ and a boolean value indicating whether the image
contains a cyclic (graph-style) chemical reaction diagram. If
the image contains a cyclic reaction, output: {”cyclic”: true}.
Otherwise, output: {"cyclic”: false}.

Do not include any explanation or additional text.
<image>Now output your JSON format result:

Table 3. Prompt template for detecting cyclic chemical reactions

The Prompt template for BROS pattern is shown in Table
5. The prompt template for BIVP is shown in Table 6.

2.3. Metric and Detailed Results of Pilot Study

HardMatch: A strict reaction-level matching strategy that
requires all components of a reaction, including molecular
structures and textual elements in reactants, products, and
conditions, to be correctly matched. Each predicted com-
ponent must have an IoU >0.5 with its ground truth coun-
terpart. A reaction is counted as a true positive only if all
associated components meet this criterion.

SoftMatch: A relaxed reaction-level matching strategy
that ignores all text components and merges conditions into

Prompt: Tree Reaction Detection

You are given an image of a chemical reaction. Your task is to
determine whether the image contains a tree (tree-style) chem-
ical reaction diagram. Output a JSON object with a single key
’tree’ and a boolean value indicating whether the image con-
tains a tree (tree-style) chemical reaction diagram. If the image
contains a tree reaction, output: {“tree”: true}. Otherwise,
output: {’tree”: false}. Do not include any explanation or ad-
ditional text.

<image> Now output your JSON format result:

Table 4. Prompt template for detecting tree-structured chemical
reaction

Prompt: BROS pattern

You are given an image containing one or more chemical reac-
tion equations. Each equation has three parts: reactants, con-
ditions, and products. Each part may include multiple objects,
and each object is either a structure, text, identifier, or supple-
ment. Please extract all objects and their bounding boxes, and
return them in the following strict JSON format: a list, where
each element represents a reaction with keys ‘reactants’, *con-
ditions’, and ’products’. Each key maps to a list of objects, and
each object has:

- category: one of “structure”, “text”, “identifier”, or “supple-
ment”

- bbox: a list of four normalized values [x1, y1, x2, y2], rep-
resenting the bounding box of the object relative to the image
size. Each value must be between 0 and 1.

The coordinates must satisfy: x1 <x2, yl <y2. (x1, y1) corre-
sponds to the top-left corner, and (x2, y2) to the bottom-right
corner of the object in the image.

[{

"reactants": [{"category": "structure",
"bbox": [0.1, 0.2, 0.3, 0.41}1,

"conditions": [{"category": "text",
"bbox": [0.32, 0.21, 0.4, 0.25]1}],

"products": [{"category": "structure",

"bbox": [0.45, 0.2, 0.6, 0.41}]
}]

Output only the JSON. Do not include any explanation or ad-
ditional text.
<image>Now output your JSON format result:

Table 5. Prompt for BROS pattern

reactants during evaluation. A reaction is counted as a true
positive only if all molecular structures in the reactants and
products achieve IoU >0.5 with the ground truth. This strat-
egy focuses solely on structural alignment.



Prompt: BIVP pattern

You are an expert in chemical image structure analysis. You
will be given an image in which all molecular structures’ have
been boxed and numbered. Your task is to identify and re-
construct the chemical reaction(s) in the image based on these
boxed structures. Please follow the rules below:

1. Each reaction must contain three fields: reactants, condi-
tions, products (each is a List[Dict])

2. Each Dict must include:

- type: one of “mol”, ’txt”, or "idt”

- if type is "mol”, second field is index (box ID);

- if type is ”txt” or "idt”, second field is content (raw text)
3. Boxed molecular structures must be type “mol”. Other
elements must use “txt” or "idt”

4. Ignore decorations, arrows, and illustrations; only extract
real elements

5. Clean up identifiers and retain only the core ID

6. If no reaction exists in the image, return an empty list []

7. Use arrow direction: tail = reactants, head = products

Example format:

[

"reactants": [

{"type": "mol", "index": 1},

{"type": "txt", "content": "NaCl"}

] r

"conditions": [

{"type": "mol", "index": 3},

{"type": "txt", "content": "H20, 25°C"}

1y

"products": [

{"type": "mol", "index": 2},
{"type": "idt", "content": "la"}
]

]

Do not include any explanations, comments, or non-structured
data.

<image>  Please
from the image.
action list  without

extract the list of reactions
Return only the JSON re-
adding any other content.

Table 6. Prompt for BIVP pattern

The results of RxnDP task on RxnScribe-test-slct for
General-purpose VLM in VQA task, BROS strategy, and
RxnDP task in BIVP strategy are shown in Tables 9, 7,
and 8, respectively.

Hard Match Soft Match
P R F1 P R F1

Gemini-2.5-Pro 07 06 06 382 33.0 354
GPT40-2024-11-20 04 03 03 04 03 03
QwenVL-Max 0 0 0 50 40 44

Model

Table 7. Zero-shot results of RxnDP task on RxnScribe-test-slct
for General-purpose VLM in BROS strategy

Hard Match Soft Match
P R F1 P R F1

Gemini-2.5-Pro 172 188 179 778 845 810
GPT40-2024-11-20 99 9.7 98 59.7 557 57.6
QwenVL-Max 145 134 139 69.6 63.6 66.5

Model

Table 8. Zero-shot results of RxnDP task on RxnScribe-test-slct
for General-purpose VLM in BIVP strategy



VQA Question Gemini-2.5-Pro GPT40-2024-11-20 QwenVL-Max

How many reactions are in the image? 72.72 61.81 74.54
How many molecular structures are in the images? 66.36 25.45 56.36
Are there any cyclic reactions? 91.82 87.27 77.27
Are there any tree-structured reactions? 72.73 71.82 86.36
Average 75.91 61.59 73.63

Table 9. Zero-shot results of VQA task on RxnScribe-test-slct for General-purpose VLM
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Figure 1. Visualization of four layouts of U-RxnDiagram-15k’s training data.



3. Details of U-RxnDiagram-15k

Existing RxnDP datasets have notable limitations: the
RxnScribe dataset, derived from real papers, includes
only 1378 samples, while the RxnIM dataset, though large,
is artificially synthesized, limiting diversity and model gen-
eralization (see § 4.2 of the Main paper). To overcome these
issues, we developed the U-RxnDiagram—15k dataset,
which is a large, high-quality, and diverse RxnDP dataset.
The layout of training data of U-RxnDiagram—-15k is
shown in Figure 1.

Journal Number of Papers
Organic Letters 661
The Journal of Organic Chemistry 518
Journal of the American Chemical Society 387
Angewandte Chemie International Edition 373
Chemical Communications 222
Chemical Science 164
ACS Catalysis 155
Chemistry — A European Journal 126
Nature Communications 94
Nature Chemistry 35
Science 26
Nature Synthesis 24
Nature 16
Chem 15
Nature Catalysis 14
CCS Chemistry 12
JACS Au 7

Science Advances

Accounts of Chemical Research
Chemical Reviews
Communications Chemistry
Chemical Society Reviews

—— e ) =]

Table 10. Journal distribution of the U-RxnDiagram-15k dataset

Year Number of Papers

2021 36
2022 978
2023 1310
2024 513
2025 25

Table 11. Yearly distribution of papers in the U-RxnDiagram-15k
dataset

U-RxnDiagram-15k comprises 2,862 organic chemistry
papers (2021-2025) split temporally into training (pre-July
2024) and test sets. The detailed statistics of source are in
Table 10, 11 and 12. Our future work will thus focus on
expanding the dataset’s temporal diversity.

Publisher Number of Papers
American Chemical Society (ACS) 1732
Wiley 499
Royal Society of Chemistry (RSC) 387
Springer Science and Business Media LLC 184
American Association for the

Advancement of Science (AAAS) 33
Elsevier BV 15
Chinese Chemical Society 12

Table 12. Publisher distribution of papers in the U-RxnDiagram-
15k dataset

For the U-RxnDiagram—15k dataset, each image con-
tains annotated bounding boxes (bboxes) that identify spe-
cific regions of interest within chemical diagrams. We
extract the bounding box coordinates and crop the cor-
responding image regions, then apply a specialized OCR
prompt(see Table 13) to each cropped region using Gemini-
2.5-Pro.

The visualization of chemical reaction processes typi-
cally follows specific logical layouts to accurately convey
their intrinsic chemical relationships. There are four pri-
mary types of layouts, as shown in Figure 2: 1) the Single-
line Layout, which is characterized by the linear display of
a series of continuous chemical transformations along a sin-
gle path, sequentially arranging starting materials, interme-
diates, and products to form an unbroken reaction chain; 2)
the Multiple-line Layout, which structurally breaks down a
long reaction route into several consecutive linear segments
arranged in sections; 3) the Tree Layout, which features
multiple independent reaction pathways diverging from a
common starting material or intermediate to different prod-
ucts, forming a one-to-many radial structure; and 4) the
Cyclic Layout, which uses a closed-loop diagram to de-
scribe the process of a species undergoing a series of trans-
formations and ultimately regenerating to its initial state.

4. Details of the experiments

4.1. Results Categorized into Four Layout Types

We conducted a detailed analysis on four layout categories
using four trained models from the main experiment ta-
ble and one top-performing zero-shot VLM, Gemini-2.5-
Pro. The results are shown in Figure 3. From the fig-
ures, we can observe that, when categorized by layout
type, the difficulty of the RxnDP task follows the or-
der: Single-line < Multi-line < Tree < Cyclic. Perfor-
mance across all categories is generally slightly lower on
U-RxnDiagram-15k-test, which is due to our im-
age crop being performed at the figure/table level, result-
ing in greater diversity and realism. In terms of individ-
ual model performance, our RxnCaption-VL demonstrates



Prompt: Gemini OCR

OCR_PROMPT = “You are a chemistry OCR expert. Analyze the given image snippet from a chemical diagram and
output the most accurate text transcription.

Step 1: Determine content type

o If the image shows a graphical structure (e.g., bond lines, benzene rings, molecule drawings), return
[GRAPHICAL_STRUCTURE].
* If it is textual content (e.g., reagents, conditions, labels, simple structural formulas), transcribe it exactly as seen.

Step 2: OCR transcription rules

1. Preserve chemical formatting:
» Keep all subscripts and superscripts in their Unicode form.
» Example: H,0, Fe®’, S0,°7, S,2, not H" 20, S_n2, or Fe<sup>3+</sup>.
2. Maintain exact case:
* Output the text exactly as it appears, preserving all uppercase/lowercase letters.
* Example: Pd # pd, tBu # TBU.
3. Preserve all symbols and operators:
* Keep all characters such as +, -, ®, ©, °, /, -, —, =, =, (), [], {}, and charge signs exactly as shown.
* Do not reposition any sign or charge, maintain their original location relative to the molecule or atom.
4. Handle ions, radicals, and special symbols correctly:
* Keep radicals, dots, and charges (e.g., -, *, ") in their exact positions relative to the molecule.
* If the symbol appears directly above the molecule or its position is unclear, place it at the molecule’s upper-right
corner by default (e.g., CHs -, Mes—Acr—BF, *).
* Do not generate or alter characters, e.g., if the image shows CyS «, do not output CysS-.
5. Preserve spacing and punctuation:
* Do not insert or remove spaces unless clearly visible in the image.
* Example: NaBH, / THF stays as is; not NaBHs / THEF.
6. Support simple structural notations:
o If a short structural fragment appears (e.g., [Si]—-H, CH,=CH,, Ph—OH), transcribe it as text rather than
[GRAPHICAL_STRUCTURE].
7. Multi-line handling:
* If text spans multiple lines, combine them into one line separated by spaces, keeping all internal formatting, sub-
scripts, and symbols unchanged.
8. No interpretation or correction:
* Do not normalize chemical names, fix spelling, or guess missing text.
9. Exclude irrelevant graphical or contextual elements:
* Do not include arrows, labels, molecule indices (e.g., “la”, “2b”), or non-textual annotations as part of the OCR
output.

Examples:

* Image shows a benzene ring — Output: [GRAPHICAL_STRUCTURE ]

* Image shows a molecule labeled “la” — Output: [GRAPHICAL_STRUCTURE]
¢ Image shows text: Pd/C \nH; — Output: Pd/C H;

* Image shows two lines: NaH and THF — Output: NaH THF

* Empty or unreadable image — Output:

Final Output: Return only the recognized text or [GRAPHICAL_STRUCTURE]. If recognition is uncertain or blank,
return an empty string.”

Output only the JSON. Do not include any explanation or additional text. <image> Now output your JSON format result:

Table 13. Prompt for Gemini OCR

more balanced results across all categories, especially on more pronounced imbalance in performance across differ-
RxnScribe-test, whereas Gemini-2.5-Pro exhibits a ent categories.
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Figure 2. Four layouts of Reaction Diagram.
RxnScribe-test U-RxnDiagram-15k-test
Detector Setup Rxn Extractor Soft Match Hybrid Match Soft Match Hybrid Match
P R F1 P R F1 P R F1 P R F1
MolYOLO Gemini-2.5-pro  67.9 865 76.1 447 56.1 498 642 692 662 389 42.1 404
RxnCaption-VL 853 87.1 862 716 727 722 713 694 704 603 593 598
GT bbox + Gemini-2.5-pro 745 91.7 822 459 587 515 706 766 735 447 483 464
MolYOLO Recall RxnCaption-VL  87.2 88.1 87.6 733 735 734 759 767 763 638 639 638
MolYOLO Ground Truth 100.0 994 99.7 1000 994 99.7 100.0 91.0 953 100.0 91.0 953

Table 14. Detailed results (Table 6 in full paper) of Error Attribution Analysis of BIVP Strategy in ablation studies.

Besides, by comparing the pix2seq-based models
(RxnScribe-official and RxnScribe_w/15k) with the VLM-
trained models, we observe that traditional approaches
maintain relatively stable performance on categories such
as single-line and multi-line, but experience a significant
drop when handling more complex images like tree and
cyclic structures. This suggests that the VLM’s strong

visual-language understanding capability can greatly ben-
efit reaction diagram parsing tasks involving intricate graph
structures. Moreover, by comparing the performance of
RxnScribe-official and RxnScribe_w/15k across the two test
sets, we observe that our proposed U-RxnDiagram-15k
not only yields substantial improvements on its correspond-
ing test set, but also leads to noticeable gains on the
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Figure 3. Results categorized into four layout types on RxnScribe-test and U-RxnDiagram-15k-test.

Soft Match

Molecular

RxnScribe-test

U-RxnDiagram-15k-test

LVLM Detect Soft Match Hybrid Match Soft Match Hybrid Match
etector
P R F1 P R F1 P R F1 P R F1

YoDe 494 607 545 301 410 347 589 599 594 350 37.1 36.0

Gemini-2.5-pro  MolDetect 64.3 82.6 723 425 549 479 592 627 609 36.7 389 37.8

MolYOLO 679 865 76.1 447 56.1 498 642 692 66.6 389 421 404

YoDe 634 597 615 543 524 533 622 583 602 499 485 492

RxnCaption-VL. MolDetect 84.1 847 844 709 707 708 653 628 640 540 525 532

MolYOLO 853 87.1 862 716 727 722 713 694 704 603 593 598

Table 15. Detailed results (Table 5 in full paper) of Influence of Molecular Detector in ablation studies.

RxnScribe-test. This demonstrates the strong gener-
alizability of our constructed training dataset.

4.2. Detailed Results of Ablation Studies

For ablation experiments Error Analysis of BIVP Strat-
egy and Influence of Molecular Detector in the main text,
we present the detailed results in Table 14 and Table 15,
which include the Precision, Recall, and F1 scores for each
dataset and each evaluation metric.

4.3. Error Analysis of 2-Stage Pipeline

Table 16. Stage-wise Error Analysis.
RxnCaption-15k
Metric Drop () Metric Drop (])

Error Source RxnScribe

Upper Bound 100.0 - 100.0 -

Detection Error (Ideal Extractor)  99.7 0.3 95.3 4.7
Assignment Error (Soft-F1) 86.2 13.5 70.4 249
Textual Error (Hybrid-F1) 722 14.0 59.8 10.6

Our qualitative analysis reveals that failures primarily
stem from complex topologies, particularly in dense cyclic

reaction flows (as we showed in Sec 4.3.3), and unconven-
tional visual symbols, such as lightbulb or lightning icons
representing reaction conditions instead of text. Addition-
ally, we observed minor limitations in MolYOLO regarding
pseudo-3D structures and rare detection misses.
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