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Abstract. Chemical reaction diagram parsing aims to automatically
convert reactions from images into machine-readable formats. Current
leading approaches employ end-to-end generative models to directly de-
code reaction diagrams into structured coordinate sequences, performing
object localization and relationship modeling in a unified process. How-
ever, two critical bottlenecks remain: severe data scarcity due to the
high cost of expert annotation, and output instability caused by the
complex sequential dependencies between chemical reactions, where mi-
nor prefix errors can lead to cascading parsing failures. In this paper, we
propose RobustRDP, a Robust Reaction Diagram Parser built on a
multimodal large language model (MLLM). Its superior performance pri-
marily stems from two advancements: Synthetic-to-Real Data Scal-
ing: We develop a layout-driven synthesizer and an efficient annotation
platform to create a large-scale training set, along with a more compre-
hensive evaluation benchmark. Robustness-Oriented Training: We
propose a three-stage progressive training strategy (Pretraining, Multi-
Task SFT, DPO). The SFT stage employs two auxiliary tasks includ-
ing region-guided reaction parsing and prefix-perturbed reaction parsing
to mitigate sequential dependencies between reactions and enhance the
model’s robustness against prior errors. The DPO stage further stabilizes
outputs in failure-prone scenarios. Extensive experiments demonstrate
the superior performance of RobustRDP, establishing a solid foundation
for automated reaction diagram parsing. Code and model weights are
available at https://github.com/jaydetang/RobustRDP.
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1 Introduction

The task of reaction diagram parsing focuses on converting reactions from im-
ages in chemical literature into structured, machine-readable formats. As dia-
grams are the primary form of conveying complex reaction pathways, the abil-
ity to parse them automatically is essential for building large-scale chemical
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<rxn>
<rct>
42 97 252 209<mol>
<cnd>
321 80 485 133<txt>
317 163 466 224<txt>
<prd>
555 66 790 234<mol>

<rxn>
<rct>
555 66 790 234<mol>
<cnd>
574 351 697 413<txt>
584 429 671 457<txt>
<prd>
168 332 533 604<mol>

Prompt = “… Please output the
bounding box coordinates of all
reactants, conditions, and products in
each reaction using the following
special token format:
<rxn><rct>x1 y1 x2 y2<mol><cnd>x1 y1
x2 y2<txt><prd>x1 y1 x2 y2<mol> ”

RobustRDP

Input Image Output Visualization

ProductsConditionsReactants
N#CC1=CC2=C(C=C1C#N)C(=N)NC2=S1) NaHS x H2O DMF, r.t., 1h

2) H3O+/ DMF 1 min
C1=C(C(=CC(=C1C#N)C#N)C#N)C#NRxn 1
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C4=CC(C#N)=C(C#N)C=C41

H3O+/DMF ~20 h
2 moles

N#CC1=CC2=C(C=C1C#N)C(=N)NC2=SRxn 2

Fig. 1: RobustRDP generates object coordinates in a predefined format, allowing easy
identification of reactants, conditions, and products for each reaction. Molecule and
text object content can be then recognized using OCSR and OCR technologies.

databases [10, 14], advancing computer-aided synthesis planning [20, 28], and
expediting automated drug discovery [26,46]. Specifically, this task requires pre-
cisely identifying the reactants, conditions, and products associated with each
reaction. However, the diverse layout configurations and complex reaction path-
ways exhibited in diagrams make accurate parsing highly challenging.

Traditional approaches primarily rely on cascaded pipelines and hand-crafted
heuristics, such as ReactionDataExtractor [40,41] and OChemR [24]. They first
use object detection [32, 33] models to localize key elements in reaction dia-
grams, such as molecules, text, and arrows. Then, heuristic rules based on ge-
ometric relationships and arrow directions are applied to identify the chemical
relationships, determining which objects are reactants, conditions, and products
in each reaction. However, this approach suffers from cross-stage error accumu-
lation and limited generalization, resulting in degraded performance. Current
leading approaches reformulate reaction diagram parsing as a structured coor-
dinate sequence generation task, as illustrated in Fig. 1. By generating a series
of object coordinates in a predefined format, these approaches unify object lo-
calization and relationship modeling into an end-to-end process, yielding sub-
stantial performance gains. RxnScribe [29] pioneers this paradigm by adopting
Pix2Seq [5] as the generative model backbone. RxnIM [6] subsequently leverages
MLLMs [4, 39, 42] with a multi-stage SFT training strategy, achieving further
improvements. RxnCaption-VL [35] overlays bounding boxes and indices pro-
duced by MolYOLO [35] onto images as visual prompts, enabling the MLLM to
focus solely on generating object relationship sequences.
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Despite these advancements, two critical bottlenecks remain, as illustrated
in Fig. 2. The first is severe data scarcity. Annotating object locations and the
inter-object relationships in complex reaction diagrams is highly labor-intensive,
thus most models still rely on the RxnScribe dataset [29], which contains only
1,240 training images, hardly sufficient for MLLMs training. The second is out-
put instability. The structured coordinate sequence exhibits complex sequential
dependencies between reactions, such that local errors can trigger a collapse of
the entire sequence. This issue is further exacerbated by the vanilla next-token
prediction training: the model may overly rely on object information from pre-
ceding reactions (shortcut learning), while being exposed only to ground-truth
prefixes (oracle prefix). Consequently, minor prefix errors at inference can prop-
agate and cause cascading failures, leading to unstable outputs.

To address these challenges, we propose RobustRDP, a robust reaction di-
agram parser built upon an MLLM backbone. To bridge the data gap, we de-
velop a layout-driven synthesizer that mimics the compositional logic of reaction
diagrams in chemical literature. By sampling molecules, text, and arrows and
arranging them on blank canvases according to rules, the synthesizer generates
diverse layouts with ground-truth labels, providing a large pre-training corpus. In
addition, we develop an efficient annotation platform integrated with an object
detection [34] model to facilitate semi-automated labeling, enabling the creation
of a substantially larger dataset for training and evaluation. To mitigate the
output instability, we introduce a three-stage robustness-oriented training strat-
egy. During the SFT stage, region-guided reaction parsing requires RobustRDP
to parse the standalone reaction within given regions, thus preventing it from
using preceding reaction cues as shortcuts and compelling it to fully exploit vi-
sual information. Prefix-perturbed reaction parsing injects simulated errors into
preceding sequences, training RobustRDP to recover from errors and maintain
stability despite prior inaccuracies. During the DPO stage, we collect erroneous
sequences generated by RobustRDP with high probability as rejected responses,
further stabilizing outputs in failure-prone scenarios.

In summary, our main contributions are as follows:

– We propose a synthetic-to-real data scaling scheme involving a layout-driven
synthesizer and an efficient annotation platform to produce extensive syn-
thetic and real datasets for training and evaluation.

– We introduce a three-stage robustness-oriented training strategy, leveraging
auxiliary SFT tasks to mitigate sequential dependencies and DPO to further
stabilize outputs.

– Extensive experiments demonstrate the superior performance of RobustRDP,
establishing a SOTA foundation for reaction diagram parsing.

2 Related Work

Reaction Diagram Parsing. A complete reaction diagram parsing workflow
typically involves object localization, relationship modeling, and content recogni-
tion. With the maturity of Optical Chemical Structure Recognition (OCSR) [9,
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Shortcut
Learning

<rxn><rct>42 97 252 209<mol><cnd>321 80 485 133<txt>
317 163 466 224<txt><prd>555 66 790 234<mol>
<rxn><rct>555 66 790 234<mol>…

<rxn><rct>42 97 252 209<mol><cnd>321 80 485 133<txt>
317 163 466 224<txt><prd>555 66 790 234<mol>
<rxn><rct>555 66 790 234<mol>…

Minor prefix errors can propagate 
and cause cascading failures

Training

Inferencing

Oracle
Prefix

# Eval# Train
1381240

RxnScribe Dataset Statistics

Data Scarcity Output Instability

𝑅! 𝑅" 𝑅# … 𝑅$

error propagation

Fig. 2: Two critical bottlenecks in reaction diagram parsing. (Left) Predominant re-
liance on the RxnScribe dataset provides insufficient training samples for robust gener-
alization. (Right) Complex sequential dependencies, exacerbated by shortcut learning
and oracle prefix issues during training, undermine RobustRDP’s inference robustness.

22,30,31,43] and Optical Character Recognition (OCR) [11,16,25] technologies,
recognizing the content of individual molecules and text is well-established; con-
sequently, the primary bottlenecks lie in the first two steps. Early approaches,
such as ReactionDataExtractor [40,41] and OChemR [24] perform object local-
ization and relationship modeling in a cascaded manner. They first employ object
detection models, such as Faster R-CNN [33] or DETR [45], to identify the loca-
tions of molecules and text, alongside a dedicated arrow detection model to deter-
mine the start and end points of arrows. Relationships between objects are then
inferred using heuristic rules—for example, objects near the arrow’s start are con-
sidered reactants, those along the shaft as conditions, and those at the arrow’s
end as products. Currently, mainstream approaches formulate reaction diagram
parsing as a coordinate sequence generation task, unifying object localization
and relationship modeling into an end-to-end process. RxnScribe [29] pioneers
this paradigm with a Pix2Seq [5] backbone and establishes the first standard
training and evaluation datasets. RxnIM [6] upgrades the backbone from the
small Pix2Seq model to an MLLM and adopts a multi-stage SFT training strat-
egy, resulting in improved parsing accuracy. RxnCaption-VL [35] incorporates
visual prompts by overlaying bounding boxes and indices from MolYOLO [35]
onto the image, enabling the MLLM to focus solely on decoding relationship se-
quences and thus reducing the generation burden. Despite these improvements,
robust parsing of diverse diagrams still leaves significant room for progress.

MLLMs. MLLMs [2, 12, 13, 36, 38] have recently achieved significant break-
throughs across a broad range of vision-language tasks [8,15,17]. Early MLLMs,
such as Flamingo [1], BLIP-2 [19], and CogVLM [37], experimented with various
cross-modal interaction architectures. This gradually converged on the widely
adopted Encoder-Projector-LLM architecture, exemplified by models like LLaVA-
1.5 [21], Qwen2.5-VL [3], and InternVL2.5 [7]. Within this framework, significant
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research specifically focus on enhancing visual grounding capabilities. Models
like Shikra [4], Kosmos-2 [27], Ferret-v2 [44], and Groma [23] have integrated
coordinate-aware instruction tuning, demonstrating strong object localization
and referring expression comprehension. However, these general-domain MLLMs
often underperform on reaction diagrams due to a severe distribution shift from
natural images. In addition, general MLLMs lack the capacity to perform ob-
ject localization and relationship modeling simultaneously, which is essential for
reaction diagram parsing. Therefore, careful domain adaptation is necessary for
general MLLMs to effectively handle this task.

3 Methodology

3.1 Problem Formulation

The objective of reaction diagram parsing is to transform an input image I into
a set of chemical reactions R = {R1, R2, . . . , Rn}. Each reaction is defined as a
tuple Ri = (Srct,Scnd,Sprd), consisting of three functional roles: reactants (Srct),
conditions (Scnd), and products (Sprd). Each Srole contains a variable number
of objects oj , represented as oj = (bj , cj), where bj = (xmin, ymin, xmax, ymax)
denotes the bounding box of the object, and cj ∈ {molecule, text} indicates its
semantic category. To enable autoregressive generation with MLLMs, we serialize
the structured reaction set R into a token sequence Y with explicit structural
markers. As illustrated in Fig. 1, each reaction block begins with <rxn>, followed
by role-specific sections separated by <rct>, <cnd> and <prd>. Within each
section, an object is encoded as its bounding box coordinates followed by a
category token (<mol> or <txt>).

3.2 Synthetic-to-Real Data Scaling

To address the severe data scarcity in reaction diagram parsing, we introduce
a synthetic-to-real data scaling scheme. Large-scale synthetic images, despite
certain distributional differences from real images, allow RobustRDP to acquire
fundamental object localization and relationship modeling capabilities, achieving
an initial adaptation. Extensive annotated real images extend the RxnScribe-
train set, exposing RobustRDP to diverse layouts and stylistic nuances in genuine
chemical literature, thereby ensuring robust generalization.

Layout-Driven Synthesizer. Due to the labor-intensive annotation of real
reaction diagrams, we develop a layout-driven synthesizer to procedurally gen-
erates large-scale, high-quality synthetic data. The synthesis process follows a
“sample-render-arrange” pipeline to mimic the compositional logic of real re-
action diagrams. First, the synthesizer samples chemical elements, including
molecules from the PubChem [18] dataset and text from a corpus of reaction
conditions like reagents, catalyst and temperature. Second, the sampled elements
are rendered into individual images with high visual variability, where molecules
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Single Line Multiple Line

Tree Graph

Annotation Platform Interface

Fig. 3: (Left) Synthetic reaction diagrams with four representative layouts generated
by our layout-driven synthesizer. (Right) Our efficient annotation platform, support-
ing semi-automatic annotation of object bounding boxes and chemical relationships,
facilitating the construction of the RobustRDP-train and RobustRDP-test sets.

rendered with the Indigo toolkit are augmented through node shuffling and co-
ordinate scaling, and text adopts diverse fonts and sizes to simulate various
publication styles. Finally, the rendered components are placed on a blank can-
vas, connected by directional arrows and organized into four primary layouts in
genuine chemical literature: Single-line for basic linear reactions; Multiple-line
for wrapping pathways with shared intermediates across rows; Tree for conver-
gent or divergent branches; and Graph for complex interconnected networks.
By recording bounding box coordinates and functional roles during placement,
the synthesizer automatically generates large-scale diagrams with ground-truth
labels. Some representative synthetic examples are show in Fig. 3 (Left).

Efficient Annotation Platform. To scale annotated real diagrams, we de-
velop an efficient annotation platform tailored for the reaction diagram parsing
task. The platform supports labeling both object bounding boxes and object
relationships. Given that object detection is a well-established field with many
mature models, we leverage RxnScribe-train set and 500 manually labeled images
in our early annotation phase to train a YOLO26 [34] model. This establishes
a semi-automated labeling workflow, enabling subsequent annotation to focus
solely on correcting occasional bounding box errors and labeling object relation-
ships, reducing manual effort by approximately 40%. The annotation platform
interface is shown in Fig. 3 (Right).

3.3 Robustness-Oriented Training

Chemical reaction diagram parsing requires precisely generating a series of object
coordinates in a predefined format, which exhibits complex sequential dependen-
cies between reactions. To mitigate output instability, we propose a three-stage
robustness-oriented training strategy, as illustrated in Fig. 4. The Pretraining
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stage enables RobustRDP initially adapt to this task, supporting more efficient
subsequent learning on real data. The SFT stage adopting two auxiliary tasks
to mitigate output instability arising from the shortcut learning and oracle pre-
fix issues. The DPO stage further enhances robustness by explicitly suppressing
RobustRDP’s inherent failure modes.

Pretraining. While general MLLMs excel at natural image understanding,
they are not well adapted to the abstract symbols and topological structures
inherent in chemical reaction diagrams. To bridge this gap, we utilize the large-
scale synthetic images generated by our layout-driven synthesizer for pretraining.
This stage familiarizes RobustRDP with abstract reaction elements, equipping
the MLLM with foundational parsing capabilities and enabling more effective
training on real images in subsequent stages. Although synthetic data exhibits
a distributional shift from diagrams in chemical literature, its extensive scale,
diverse layout coverage, and precise ground-truth labels provide effective super-
vision. Through the large-scale synthetic pretraining, RobustRDP acquires the
capabilities of both object localization and relationship modeling, while adapt-
ing to the predefined sequence format that incorporates special tokens as explicit
structural markers.

Multi-task SFT. In the Supervised Fine-tuning (SFT) stage, we utilize a
combination of real images from our annotated RobustRDP-train set and the
RxnScribe-train set. To further expand the dataset, we apply a combination
of augmentation techniques following the practices in RxnScribe [29], includ-
ing multi-image stitching (compositing multiple reaction diagrams into a single
diagram), horizontal and vertical flipping, and rotation.

The objective of the primary task, Vanilla Reaction Parsing (VRP), is to op-
timize the model parameters θ to accurately predict all reactions in the reaction
set R, conditioned on the input image I. The training objective is formulated
as a next-token prediction task:

LV RP = −
n∑

i=1

logP (Ri | R<i, I; θ) (1)

where Ri denotes the i-th reaction and R<i = {R1, . . . , Ri−1} represents the
prefix including all preceding reactions. However, we identify two fundamental
limitations in this standard SFT process that can exacerbate output instability:

(a) Shortcut Learning. Due to the causal attention mechanism, when learning
to predict reaction Ri, the model can attend to additional information from the
preceding reactions R<i, such as ground-truth object bounding boxes bj and
categories cj . Additionally, the products of Ri−1 often serve as the reactants of
Ri. This allows the model to rely on preceding reaction cues as “shortcuts” to
infer the current reaction, rather than fully exploiting the visual information in I.
Consequently, the model tends to overfit the sequential dependency P (Ri | R<i),
resulting in deficient local parsing accuracy for individual reactions.
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Fig. 4: (Up) Images utilized at each training stage. (Bottom) The three-stage progres-
sive training strategy, comprising Pretraining for initial adaptation, Multi-Task SFT
for robustness enhancement, and DPO for explicit failure mode suppression.

(b) Oracle Prefix. During training, the prefix sequence consists entirely of
ground-truth reactions R<i, thereby forming an oracle prefix. However, during
inference, the model relies on its own predictions R̂<i, which may contain errors,
forming an imperfect prefix. This train–inference mismatch makes the model
highly sensitive to its own mistakes, preventing recovery from early-stage minor
errors and easily leading to cascading failures. Collectively, the deficiency in local
parsing accuracy, coupled with a high sensitivity to prefix errors, exacerbates
output instability during inference. Therefore, to enhance model robustness, we
propose two auxiliary SFT tasks:

(i) Region-Guided Reaction Parsing (RGRP). To mitigate shortcut learning,
this task provides the image I along with an additional region coordinate Broi,
which specifies the boundaries of the region of interest encapsulating a single
reaction Rroi. RobustRDP is required to only generate the reaction Rroi within
that spatial constraint. Formally, the objective is defined as:

LRGRP = − logP (Rroi | Broi, I; θ) (2)

By providing Broi, we disrupt RobustRDP’s reliance on the preceding reactions
R<i, thereby compelling it to enhance the standalone local parsing accuracy.

(ii) Prefix-Perturbed Reaction Parsing (PPRP). To mitigate the oracle pre-
fix and the resulting train–inference mismatch problem, we simulate imperfect
prefixes during training. Given the ground-truth sequence R = {R1, . . . , Rn},
we randomly select a subset of indexes P ⊂ {1, . . . , n} and apply rule-based
perturbations to corresponding reactions, ultimately constructing a perturbed
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sequence R̃. These perturbations include randomly scaling object coordinates,
omitting essential objects, and injecting redundant objects to simulate common
inference errors. RobustRDP is then trained to predict only the unperturbed
reactions conditioned on the perturbed prefix:

LPPRP = −
∑
i/∈P

logP
(
Ri | R̃<i, I; θ

)
(3)

By exposing RobustRDP to perturbed prefixes during training, this task im-
proves its robustness to prefix errors. RobustRDP learns to recovery from early-
stage minor errors and generate correct subsequent reactions during inference,
thereby alleviating cascading failures.

During the SFT stage, the primary reaction diagram parsing task is jointly
optimized with the two auxiliary tasks. This multi-task training strategy specif-
ically enhances both local parsing accuracy for individual reactions and robust-
ness to prefix errors, leading to more stable inference.

DPO. While SFT builds a strong foundation for reaction diagram parsing by
maximizing the likelihood of ground-truth sequences, this purely imitation ob-
jective does not explicitly suppress RobustRDP’s inherent failure modes, al-
lowing it to generate certain erroneous predictions with high probability. To
further strengthen RobustRDP’s robustness, we incorporate Direct Preference
Optimization (DPO) to explicitly suppress these predictions.

To construct the preference dataset DDPO = {(I, yw, yl)}, we pair a pre-
ferred response yw with a rejected response yl for a given image I. The preferred
responses yw correspond to the ground-truth reaction sequences. The rejected
responses yl are sampled from the model’s outputs after the SFT stage on the
training set, retaining those with evaluation metrics below a threshold. We op-
timize the policy πθ to maximize the margin between the preferred and rejected
responses. The DPO loss is formulated as follows:

LDPO = −E(I,yw,yl)∼DDPO

[
log σ

(
β log

πθ(yw | I)
πref (yw | I)

− β log
πθ(yl | I)
πref (yl | I)

)]
(4)

where πref denotes the frozen SFT model used as a reference to prevent excessive
distribution shift, σ(·) denotes the sigmoid function and β is a hyperparameter
controlling the sharpness of the preference margin.

Through this stage, RobustRDP further enhances its output robustness in
failure-prone scenarios.

4 Experiments

4.1 Experimental Setup

Datasets. The pretraining dataset consists of 60,000 synthetic images gener-
ated by our layout-driven synthesizer, specifically including 10,000 single-line im-
ages, 10,000 multiple-line images, 20,000 tree images, and 20,000 graph images.
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Table 1: Data statistics across the Pretraining, Multi-task SFT, and DPO stages.

Pretraining Multi-task SFT DPO

Data Source 60,000
Synthetic Images

4,240 Real Images
63,600 Aug. Images

4,240 Real Images
63,600 Aug. Images

Total Samples 60,000
127,200 (VRP)
31,800 (RGRP)
31,800 (PPRP)

14,169

The SFT dataset is built upon a collection of 4,240 real images, which includes
3,000 newly annotated images and 1,240 existing images from the RxnScribe-
train [29] set. By applying data augmentations to these real images, we generate
an additional 63,600 augmented images. For the primary VRP task, the real
and augmented images are mixed at a 1 : 1 ratio, resulting in 127,200 training
samples. To support the robustness-oriented auxiliary tasks, we further derive
31,800 training samples for RGRP task and 31,800 training samples for PPRP
task from the real and augmented images. The DPO dataset consists of 14,169
preference pairs. Specifically, we first perform inference with the SFT model on
the real and augmented images, retaining images with predictions yielding a
hard match F1 score of less than 0.8. The model’s prediction is treated as the
rejected response, and the corresponding ground-truth reaction sequence serves
as the preferred response. Furthermore, we annotate 500 real images with 2,634
reactions to create the RobustRDP-test benchmark, substantially larger than
the RxnScribe-test [29] which contains 138 images with 392 reactions, providing
a more comprehensive assessment. The data statistics are shown in Table 1.

Evaluation Metrics. We adopt the same evaluation protocol as RxnScribe [29]
to ensure a consistent comparison. Given a ground-truth set G = {R1, . . . , Rn}
and a predicted set P = {R̂1, . . . , R̂m}, each predicted reaction is compared
against all ground-truth reactions. Object-level correspondences are established
by matching bounding boxes using Intersection over Union (IoU), where a pair
is considered matched if the IoU exceeds 0.5. To accommodate potential annota-
tion ambiguities, there are two metrics of distinct criteria. Hard Match: This
represents the most strict criterion, where a predicted reaction R̂ is considered
correct only if all its components—reactants, conditions, and products—exactly
match the corresponding objects in the ground truth R. Soft Match: Account-
ing for common annotation ambiguities, such as molecules visually placed as
conditions but functioning as reactants, this metric focuses solely on molecule
objects and does not distinguish between reactants and reagents in conditions.
For both matching criteria, we calculate the precision, recall, and F1 scores.
The final performance is reported as micro-averaged metrics across the entire
evaluation set.
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Table 2: Performance comparison of various reaction diagram parsing models. The
evaluation includes Hard Match and Soft Match metrics (Precision, Recall, and F1

score) on the RxnScribe-test and RobustRDP-test sets.

Dataset Model Hard Match Soft Match

Precision Recall F1 Precision Recall F1

RxnScribe
-test

RxnDE 4.1 1.3 1.9 19.4 5.9 9.0
OChemR 4.4 2.8 3.4 12.4 7.9 9.6
RxnScribe 72.3 66.2 69.1 83.8 76.5 80.0
RxnIM 74.7 69.7 72.1 86.9 82.8 84.8
RxnCaption-VL 71.6 72.7 72.2 85.3 87.1 86.2
RobustRDP 81.0 82.4 81.7 90.2 91.3 90.8

RobustRDP
-test

RxnScribe 69.7 61.7 65.5 82.7 72.3 77.2
RxnIM 57.5 50.2 53.6 76.2 65.8 70.6
RxnCaption-VL - - - - - -
RobustRDP 82.7 82.4 82.5 91.1 90.8 91.0

Implementation Details. RobustRDP adopts Qwen2.5-VL-3B-Instruct as
the backbone. The model’s vocabulary is extended with several special tokens:
<rxn>, <rct>, <cnd>, <prd>, <txt>, and <mol>, which serve as explicit
structural markers in reaction sequences. The training process follows a three-
stage pipeline, all utilizing a cosine learning rate scheduler with a warmup ratio
of 0.03. In the pretraining stage, the vision encoder and projector are frozen to
optimize only the LLM, which is trained for 1 epoch on the pretraining dataset
with a learning rate of 1.0×10−6 and a global batch size of 16. In the SFT stage,
the primary parsing task is optimized together with the two auxiliary tasks, with
full-parameter fine-tuning performed for 1 epoch at a learning rate of 1.0×10−5

and a global batch size of 4. In the DPO stage, only the LLM is optimized for 1
epoch with a learning rate of 3.0× 10−7 and a global batch size of 64.

Baselines. ReactionDataExtractor (RxnDE) [41] and OChemR [24] rely on
cascaded pipelines and hand-crafted heuristic. The remaining baselines follow
the sequence generation paradigm. RxnScribe [29] employs the Pix2Seq model
as its backbone, RxnIM [6] leverages MLLMs, and RxnCaption-VL [35] utilizes
MolYOLO to provide visual prompts and predicts only relationship sequences.

4.2 Main Results

Table 2 presents the overall comparison on the RxnScribe-test and RobustRDP-
test benchmarks. Traditional approaches like RxnDE and OChemR exhibit sig-
nificantly lower performance, largely due to their heavy reliance on handcrafted
heuristics which fail to generalize to diverse real-world diagrams. RobustRDP
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Fig. 5: Representative parsing results of RobustRDP on the RobustRDP-test set. Ro-
bustRDP demonstrates robust performance across reaction diagrams of diverse layouts
and varying complexity.

consistently outperforms existing sequence-based models, achieving the best per-
formance across all metrics. On the RxnScribe-test benchmark, RobustRDP
achieves an F1 score of 81.7% under the hard match criterion and 90.8% under
soft match, demonstrating a substantial improvement over the strongest baseline,
RxnCaption-VL, by 9.0% and 4.6% in F1, respectively. This performance advan-
tage is further maintained on the more challenging RobustRDP-test benchmark,
where RobustRDP achieves a hard match F1 score of 82.5% and a soft match
F1 score of 91.0%, yielding substantial gains of 17.0% and 13.8% in F1 scores
compared to RxnScribe. These results underscore RobustRDP’s superior robust-



RobustRDP 13

Table 3: Ablation study on the key method components of RobustRDP. Individual
contributions are evaluated by incrementally removing each component. The experi-
mental results are obtained from the RxnScribe-test set.

Method Components Hard Match Soft Match

DPO Pretrain RGRP PPRP RobustRDP
-train Precision Recall F1 Precision Recall F1

✓ ✓ ✓ ✓ ✓ 81.0 82.4 81.7 90.2 91.3 90.8
– ✓ ✓ ✓ ✓ 80.4 81.4 80.9 89.7 90.3 90.0
– – ✓ ✓ ✓ 78.2 79.5 78.8 87.9 89.0 88.5
– – – ✓ ✓ 76.7 78.6 77.6 86.9 88.8 87.8
– – ✓ – ✓ 75.2 76.3 75.7 86.2 87.5 86.8
– – – – ✓ 74.6 74.7 74.6 86.0 85.7 85.9
– – – – – 71.1 69.6 70.4 81.5 80.1 80.8

ness to handle the diverse layouts and varying complexity inherent in authentic
reaction diagrams. Some parsing results are shown in Fig. 5.

4.3 Ablation Studies

To assess the contribution of each component in the RobustRDP framework,
we conduct an incremental ablation study. The results, as shown in Table 3,
highlight the impact of our training strategy and data scaling approach.

Effect of DPO. Comparing Row 1 and Row 2 in Table 3, removing the DPO
stage causes a noticeable performance drop, with hard match F1 decreasing from
81.7% to 80.9% (-0.8%) and soft match F1 decreasing from 90.8% to 90.0% (-
0.8%). This demonstrates that DPO effectively enhances RobustRDP’s output
robustness. By explicitly contrasting correct and incorrect outputs, DPO sup-
presses RobustRDP’s inherent failure modes and mitigates the drawback of SFT
learning solely from positive supervision by mimicking ground-truth sequences.
Comparative visual examples are presented in Fig. 6 (a).

Effect of Pretraining. As shown in Row 3 in Table 3, removing the pretrain-
ing stage further reduces hard match F1 to 78.8% (-2.1%) and soft match F1 to
88.5% (-1.5%). This result demonstrates that large-scale synthetic pretraining
is essential for initializing the model with fundamental object localization and
relationship modeling capabilities, while enabling adaptation to the specialized
sequence format with newly introduced structural marker tokens. Such initializa-
tion facilitates more efficient and effective learning when fine-tuned on real-world
data in subsequent stages.

Effect of RGRP and PPRP. Rows 3 ∼ 6 in Table 3 show that removing
RGRP and PPRP leads to a substantial decline in hard match F1 from 78.8%
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(a)

(b) ✘✘✘

✘ ✘

Fig. 6: (a) Left. Results of RobustRDP (w/o DPO, Row 2 in Table 3). Right. Results
of RobustRDP (Row 1 in Table 3). (b) Up. Results of RobustRDP (w/o RGRP and
PPRP, Row 6 in Table 3). Bottom. Results of RobustRDP (Row 3 in Table 3).

to 74.6% and in soft match F1 from 88.5% to 85.9%, demonstrating the effec-
tiveness of the proposed auxiliary SFT tasks in mitigating output instability.
When removing RGRP and PPRP, we oversampled the VRP training data to
ensure that all four experiments used the same number of training samples for
fairness. Without RGRP and PPRP, RobustRDP faces shortcut learning and or-
acle prefix issues during training, resulting in deficient local parsing accuracy at
inference, and thus caused minor errors in sequence can easily propagate, leading
to cascading failures. Consequently, the evaluation metrics exhibit a substantial
decline. Comparative visual examples are presented in Fig. 6 (b).

Effect of RobustRDP-train Data. Row 7 in Table 3 evaluates RobustRDP
trained exclusively on the existing RxnScribe-train set, excluding our newly an-
notated images. The substantial decline in hard match F1 (-4.2%) and soft match
F1 (-5.1%) highlights the importance of scaling high-quality real annotations,
which introduce broader layout diversity and stylistic variations, enabling Ro-
bustRDP to better generalize to authentic reaction diagrams.
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5 Conclusion

In this paper, we propose RobustRDP, a robust reaction diagram parser that
achieves SOTA performance by addressing the critical bottlenecks of data scarcity
and output instability. Specifically, we introduce a synthetic-to-real data scal-
ing schema that significantly expands the training resources, and a three-stage
robustness-oriented training framework that enhance robustness through miti-
gating sequential dependencies. In future work, we will further explore integrat-
ing rich chemical knowledge, such as structural transformation patterns between
molecules, to enhance the model’s ability to infer object chemical relationships
in diagrams with ambiguous layouts.
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