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Abstract

Diffusion-based molecular graph generative models have
achieved significant success in template-free, single-step ret-
rosynthesis prediction. However, these models typically gen-
erate reactants from scratch, often overlooking the fact that
the scaffold of a product molecule typically remains un-
changed during chemical reactions. To leverage this useful
observation, we introduce a retrieval-augmented molecular
graph generation framework. Our framework comprises three
key components: a retrieval component that identifies similar
molecules for the given product, an integration component
that learns valuable clues from these molecules about which
part of the product should remain unchanged, and a base gen-
erative model that is prompted by these clues to generate the
corresponding reactants. We explore various design choices
for critical and under-explored aspects of this framework
and instantiate it as the Retrieval-Augmented RetroBridge
(RARB). RARB demonstrates state-of-the-art performance
on standard benchmarks, achieving a 14.8% relative improve-
ment in top-1 accuracy over its base generative model, high-
lighting the effectiveness of retrieval augmentation. Addition-
ally, RARB excels in handling out-of-distribution molecules,
and its advantages remain significant even with smaller mod-
els or fewer denoising steps. These strengths make RARB
highly valuable for real-world retrosynthesis applications,
where extrapolation to novel molecules and high-throughput
prediction are essential.

1 Introduction
In recent years, machine learning methods have shown great
promise in accelerating the de novo drug discovery pro-
cess (Blakemore et al. 2018). A crucial stage of this pro-
cess is retrosynthesis prediction—designing the synthesis
routes that can lead to the target molecules through a se-
ries of chemical reactions (Strieth-Kalthoff et al. 2020). In
this paper, we focus on template-free, single-step prediction,
namely identifying direct precursor(s) of a given product
molecule, which can serve as a building block in design-
ing the entire synthesis pathway (Segler, Preuss, and Waller
2018; Zhong et al. 2023).
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†Co-corresponding authors.
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Figure 1: Randomly sampled chemical reactions and re-
trieved molecules similar to the given product, showcasing
the intuition that they can provide clues about which parts of
the product should remain unchanged.

Many existing methods formulate this prediction task as
a sequence-to-sequence translation problem based on the
SMILES (Weininger 1988) of reactants and products (Zheng
et al. 2019; Tetko et al. 2020; Kim et al. 2021; Wan et al.
2022; Zhong et al. 2022; Zeng et al. 2024; Han et al.
2024). Despite their advantages, such as simplicity and effi-
ciency, representing molecules as sequences can lose impor-
tant structural information from the molecular graph, which
might lead to less accurate predictions (Shi et al. 2020).

However, turning to graph-to-graph translation problem
is not a free lunch since graph generation is challeng-
ing, mainly due to the combinatorial nature of graph data
that often results in a high intrinsic dimension. As even a
single error in predicting a bond or atom type can make
the whole synthesized graph incorrect, traditional one-shot
graph generation methods struggle to achieve satisfactory
performance (Igashov et al. 2024). Recently, diffusion mod-
els have become the state-of-the-art for molecular graph
generation, where an iterative process decomposes the origi-
nal one-shot generation into a series of small graph edits (Vi-
gnac et al. 2023). Therefore, some recent works utilize dif-
fusion models to frame retrosynthesis prediction as a con-
ditional graph generation problem, achieving unprecedented
successes (Wang et al. 2023; Laabid et al. 2024; Igashov
et al. 2024).

Although the decomposition strategy of diffusion models
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effectively addresses the high-dimensional nature of graph
data to some extent, we note that these methods approach
retrosynthesis prediction by generating molecular graphs
from scratch, thereby overlooking a common phenomenon
in chemical reaction: the product’s scaffold largely remains
unchanged during the reaction, with changes occurring pri-
marily at the reaction center (Fang et al. 2023). Conse-
quently, what needs to be conditionally generated are the
small subgraphs that change in the chemical reaction, if
given both the product itself and the unchanged part of it.
This observation motivates us to introduce an idea (visual-
ized in Fig. 1): We augment the conditioned product with
similar molecules, where analyzing their substructures or
fragments can provide valuable clues about what should re-
main unchanged.

Therefore, we propose a retrieval-augmented molecu-
lar graph generation framework specially designed for
template-free, single-step retrosynthesis prediction task, as
illustrated in Fig. 2. Our framework consists of three main
components: a retrieval component, an integration compo-
nent, and a base generative model. Given a product, the re-
trieval component uses it as the query to search for similar
molecules from an external dataset of commercially avail-
able molecules. The retrieval results are processed by the in-
tegration component to extract useful clues, which are then
fed into the base generative model. With these clues, the
generative model is expected to achieve more competitive
performance.

Nevertheless, applying Retrieval-Augmented Generation
(RAG) to retrosynthesis prediction is nontrivial. For our re-
trieval component, determining which external dataset to use
and how to effectively retrieve molecular graphs requires ex-
ploration, given that the chemical space is larger and more
diverse than natural images, and there is no direct counter-
part of CLIP encoders (Radford et al. 2021) for graph data.
For our integration component, it is essential to study how
to represent the retrieved molecules and which neural ar-
chitecture is suitable for the augmented generative model.
The cross-attention mechanisms that successfully serve text-
to-image generation (Peebles and Xie 2023) may not di-
rectly translate for facilitating interactions among tokens
(i.e., atoms) of different graphs.

Hence, we explore various potential design choices
through pilot experiments and comprehensive analysis
to instantiate our framework as Retrieval-Augmented
RetroBridge (RARB), using the Markov bridge-based
RetroBridge (Igashov et al. 2024) as the base generative
model. We compare RARB with the state-of-the-art ret-
rosynthesis prediction methods on standard benchmarks.
RARB not only achieves the best performance in regular
settings but also show that retrieval augmentation can pro-
vide advantages for handling out-of-distribution molecules.
Moreover, RARB maintains remarkable advantages even
with smaller models or fewer denoising steps. Meanwhile,
our introduced retrieval augmentation preserves both the di-
versity and efficiency of the adopted base generative model
at nearly the same level.

We summarize our contributions as follows:
• We propose a retrieval-augmented molecular graph gen-

eration framework for retrosynthesis prediction that can
be easily plugged into various generative models, seam-
lessly enhancing their performance.

• We thoroughly investigate the design choices for our
proposed framework and gain useful insights to develop
RARB as a practical instance.

• RARB achieves state-of-the-art performance, with a no-
table 14.8% relative improvement in top-1 accuracy over
the base generative model. Additionally, RARB shows
advantages in handling out-of-distribution products.

2 Related Work
Retrosynthesis Modeling. Recent retrosynthesis prediction
methods can be categorized into three main groups based
on their dependency on prior chemical knowledge (Zhong
et al. 2023; Liu et al. 2023). (1) Template-based methods
formulate retrosynthesis as a classification problem, select-
ing a proper reaction template from a predefined set of can-
didates, which significantly limits their generalization abil-
ity (Zhong et al. 2023). (2) Semi-template methods decom-
pose retrosynthesis into two stages: first, identifying the re-
action center to obtain intermediate molecules known as
synthons, and second, converting these synthons to reac-
tants. However, these methods are constrained by their defi-
nition of the reaction center and are prone to error propaga-
tion (Zhong, Yang, and Chen 2023). (3) Template-free, fully
end-to-end methods are the most scalable, as they do not rely
on prior chemical knowledge and generate the target reac-
tants directly. These methods typically use SMILES (Zhang
et al. 2024) or molecular graph for data representation, lead-
ing to sequence-base methods (Zheng et al. 2019; Tetko
et al. 2020; Kim et al. 2021; Zhang et al. 2024) and graph-
based methods (Igashov et al. 2024; Laabid et al. 2024), re-
spectively. In this work, we propose RARB, an end-to-end
template-free graph-based method. Despite being template-
free, its retrieval component can provide hints similar to
semi-template methods.
Generative Diffusion Models. Generative diffusion mod-
els (Sohl-Dickstein et al. 2015; Ho, Jain, and Abbeel 2020),
which are parameterized Markov chain trained to reverse
a pre-defined forward diffusion process that gradually cor-
rupts training data into noise, have shown promising re-
sults across various domains (Kong et al. 2021; Dhariwal
and Nichol 2021; Vignac et al. 2023; Ho et al. 2022; Li
et al. 2022). Recently, researchers have extended these mod-
els to handle discrete random variables (Austin et al. 2021),
particularly molecular graphs (Vignac et al. 2023; Hooge-
boom et al. 2022). Discrete diffusion model have been ap-
plied to retrosynthesis, treating chemical reactions as a con-
ditional graph generation task (Wang et al. 2023; Laabid
et al. 2024). Igashov et al. (2024) proposed a Markov bridge-
based approach to model the probabilistic dependency be-
tween the spaces of products and reactants, outperform-
ing vanilla diffusion models for conditional graph genera-
tion. However, existing diffusion model-based methods of-
ten overlook the observation that the molecular graph re-
mains largely unchanged during chemical reactions (Zeng
et al. 2024). Our proposed RARB introduces a retrieval-
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Figure 2: Overview of our retrieval-augmented molecular graph generation framework. The ‘*’ symbol indicates “dummy”
atoms, which represent atoms that may be denoised into real atoms in the final reactant.

augmented strategy to leverage common substructures in
similar molecules, framing retrosynthesis as a substructure-
level generative task.
Retrieval-Augmented Generation. Despite the impressive
performance of recently proposed generative models, they
still face challenges such as outdated knowledge, lack of
long-tailed knowledge, and significant demands in energy
consumption and training time (Zhao et al. 2024). Retrieval-
Augmented Generation (RAG) aims to mitigate these issues
using external memory and flexible retrieval dataset (Car-
lini et al. 2021; Mallen et al. 2023; Kang et al. 2024).
Most existing works focus on text-related tasks facilitated by
large language models, with limited exploration into other
modalities (Xu et al. 2021). Blattmann et al. (2022) pro-
posed retrieval-augmented diffusion model for image syn-
thesis task. To the best of our knowledge, our proposed
RARB is the first successful attempt to apply a retrieval-
augmented diffusion model to reactants generation.

3 Methodology
In our work, we represent a molecular graph as G = (X,E),
where X ∈ RN×Ka is the matrix of atom feature, and
E ∈ RN×N×Kb is the matrix of bond feature. Here, N de-
notes the number of atoms, and each atom and bond have Ka

and Kb categories, respectively. Thus, we can denote each
given product as a graph GP and, without loss of generality,
represent a set of its reactant molecules as GR, where each
molecule corresponds to a connected component. Given that
a product can have multiple sets of reactants that lead to its
formation, we frame the template-free, single-step retrosyn-
thesis prediction task as estimating the conditional density
function p(GR|GP)

1 based on a finite sample of observed

1For simplicity, we use this graph notation to denote both the
random variable and its realization.

graph pairs, denoted as Dobs = {(GPi , GRi)}
|Dobs|
i=1 .

To this end, we propose a retrieval-augmented molecu-
lar graph generation framework. As depicted in Fig. 2, our
framework includes a retrieval component, an integration
component, and a base generative model that work syner-
gistically to enable the sampling of GR for a given GP. A
key feature is the use of an external dataset of commer-
cially available molecules, denoted as Dext = {Gj}|Dext|

j=1 .
Intuitively, the retrieval component searches for “relevant”
graphs from Dext for each given GP, while the integration
component extracts helpful information from the search re-
sults to prompt the base generative model. Any generative
modeling method that can incorporate this additional infor-
mation can serve as our base model, with the prompt seam-
lessly integrated to enhance its generative capabilities. Be-
low, we elaborate on these three components, focusing on
critical design choices and how they culminate in the devel-
opment of our specific instance, RARB.

3.1 Retrieval Component
Given a query, i.e., a product GP, this component searches
Dext and returns a specified number of molecules. We denote
the search results for k molecules as S(k)

Dext
(GP). Determining

both the appropriate external dataset Dext and the strategy for
producing S(k)

Dext
(GP) is crucial.

External Dataset. Based on our observation in Fig. 1, the
quality of retrieved molecules directly influences the sub-
structure information extracted as clues about which part
of GP should remain unchanged. Fang et al. (2023) also
attempt to extract common substructures from an external
dataset, allowing them to focus on predicting the SMILES
of the remaining fragments. Their external dataset is derived
from their product-reactant pairs that are used for model
training. However, recent RAG research in CV and NLP
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has shown that relying solely on the training data for re-
trieval can potentially limit the model’s generalization ca-
pacity (Blattmann et al. 2022). Hence, we conjecture that an
external dataset Dext that includes a diverse and extensive
collection of molecules is more likely to yield common sub-
structures resembling the product’s scaffold.

To verify our conjecture, we train and evaluate RARB
on the USPTO-50k dataset. Accordingly, we compare two
distinct choices for Dext: (i) USPTO-50k: A subset of all re-
actants in the training split is used as Dext for model train-
ing and validation, and a subset of all reactant in both the
training and validation splits is used as Dext for testing. (ii)
USPTO-applications: a subset of all reactants collected from
the USPTO 2001-2016 applications, which is significantly
larger and more diverse than USPTO-50k.
Pilot Experiment 1: We compare the performance of RARB
using these two choices of Dext. USPTO-applications dataset
demonstrates improved performance across all metrics, with
the top-1 accuracy increasing by 16.6% compared to that
using USPTO-50k.

More details can be found in Appendix C.1.

Retrieval Strategy. Conventionally, S(k)
Dext

(GP) can be de-
fined as the top-k instances in Dext that maximizes a specific
similarity function w.r.t. the query, i.e., f(GP, ·). When cal-
culating similarity, we need to design how to represent the
molecule and select an appropriate similarity metric. There
are two main strategies: (i) computing the cosine similarity
between two vector representations encoded by a learnable
encoder, and (ii) computing a general or domain-specific
similarity metric based on manually designed features.

Most RAG methods in the CV and NLP domains adopt
the former strategy. However, despite recent advances in rep-
resentation learning for molecular graphs (Zhou et al. 2023;
Qiang et al. 2023), there is no universally adopted “stan-
dard” molecule encoder akin to CLIP in those domains. This
raises a concern: will the representation issue become an ob-
stacle to applying RAG to molecular graphs?

We argue that features based on structural patterns pre-
defined by domain experts can meet the need since we aim
to retrieve molecules that share similar sub-structures, par-
ticularly the scaffold, with the query. As a potential de-
sign, we consider using Morgan fingerprints to obtain the
bit vector vj for molecule Gj and use the Tanimoto coeffi-
cient (Bajusz, Rácz, and Héberger 2015) as similarity func-
tion f(Gi, Gj) =

vi·vj

∥vi∥2+∥vj∥2−vi·vj
. We conduct a prelim-

inary experiment to evaluate this design:
Pilot Experiment 2: We compute f(GP, Gj), Gj ∈ {GR} ∪
Dext and rank all Gjs in descending order. Then, we evaluate
the ranking of GR. Our design, namely, Morgan Fingerprint
(radius: 2, bit: 4096) results in an averaged ranking 1.22,
which implies the validity of our design.

In this pilot experiment, the rationale is that, if we want
the molecules retrieved based on GP to be informative about
the ground-truth reactants GR, then f(GP, GR) should be
higher than for most of the candidates. More details about
this pilot experiments can be found in Appendix C.2. It is
worth noticing that our RAG framework neither requires nor
expects Dext to include the ground-truth reactant molecules.

More importantly, in Sec. 4.1, we explicitly exclude the
ground-truth reactants from our adopted Dext.

3.2 Integration Component
This component generates a prompt vector cGP for a given
product GP based on its search results S(k)

Dext
(GP). This

prompt is then injected into the base generative model.
We begin by explaining why we prefer encoding the re-
trieved molecules rather than directly feeding them into the
base generative model. Next, we present the neural archi-
tecture designed to extract useful clues from these encoded
molecules.

Molecule Representation. In estimating p(GR|GP), a nat-
ural solution is to treat GP as a conditioning factor and feed
it into a parametric generative model such as the denoiser of
a diffusion model Dθ. In the t-th step of its denoising pro-
cess, we denote the current state by G

(t)
R to emphasize the

eventual target is the reactant, and Dθ(G
(t)
R , GP) is encour-

aged to predict GR (Laabid et al. 2024). When conditioned
on GP, “alignment” between the reactant and the product is
necessary for a permutation-equivariant Dθ to express iden-
tity reaction, where the “alignment” has been realized via
either Markov bridge (Igashov et al. 2024) or explicit atom
mappings (Laabid et al. 2024).

When augmented with S(k)
Dext

(GP), a natural solution is to
input all k molecular graphs directly into Dθ, thus preserv-
ing as much of the retrieved information as possible. How-
ever, unless each Gi ∈ S(k)

Dext
(GP) is “aligned” to the re-

actant, a permutation-equivariant Dθ(G
(t)
R , GP, G1, . . . , Gk)

may not be expressive enough to solve what we define as
“union reaction”, a simple and necessary capability. Due
to the limited space, we defer our detailed analysis to Ap-
pendix A. If we follow Laabid et al. (2024) to achieve align-
ment by the atom mapping matrices, we would need to per-
form k graph matchings for each GP, which is unaffordable
in practice.

Thus, we encode S(k)
Dext

= {Gi}ki=1 into graph-level rep-
resentations before further processing. Intuitively, we prefer
molecule representation learned in a self-supervised man-
ner so that it would not be biased towards certain kind
of task. Specifically, for our RARB instance, we adopt
Uni-RXN (Qiang et al. 2023), a contrastive learning-based
method, and apply its permutation-invariant encoder E(·) to
transform each Gi into an embedding hi.

Prompt Extraction. Recall that our objective is to extract
common structural information from {Gi}ki=1 as clues about
which parts of GP remain unchanged. To achieve this, we de-
sign a prompt extractor that is fed with {hi}ki=1 and converts
them into a single prompt vector cGP .

Intuitively, mining the common structural information
among k molecules requires carefully comparing them pair-
wise and then aggregating results from each of them. Hence,
we parameterize our prompt extractor fϕ primarily using a
multi-head self-attention block, followed by a sum pooling
layer and a linear layer to transform the token embeddings
into the final prompt vector.
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Figure 3: The prompt extractor transforms the embeddings
of retrieved molecules into a prompt vector, which is then
added to the global features of the graph at current step.

Additionally, we posit that the rankings of these k
molecules can reflect their contributions to identifying the
unchanged subgraph(s) in the given product, as these rank-
ings are determined by their similarity to the product. Thus,
we apply a linear layer to transform the rankings into po-
sitional encodings {PEi}ki=1, which are then added to the
molecule embeddings to form the initial token embeddings
{hi + PEi}ki=1. These token embeddings are fed into our
prompt extractor to produce a dp-dimensional prompt vec-
tor, i.e., cGP = fϕ({hi+PEi}ki=1). The entire neural archi-
tecture is visualized in Fig. 3.

We conduct a preliminary experiment to validate the ef-
fectiveness of our prompt extractor parameterization:
Pilot Experiment 3: We compare our design for fϕ with
an alternative that directly applies an multi-layer percep-
tron (MLP) to the concatenation [h1, . . . ,hk]. When incor-
porated with the same base generative model, our design
achieves a 65.3% relative improvement in top-1 accuracy
over the MLP-based approach, demonstrating its superior-
ity in capturing common substructure information.

More details are provided in Appendix C.3.

3.3 Base Generative Model
We adopt RetroBridge (Igashov et al. 2024), a state-of-the-
art method, as the base generative model for RARB. How-
ever, our framework is flexible enough to incorporate the re-
trieval augmentation into any parametric conditional gener-
ative model.

Modeling. RetroBridge is built on the Markov bridge
framework (Çetin and Danilova 2016), which is particularly
well-suited for estimating a conditional distribution, such
as p(GR|GP) in retrosynthesis, from samples drawn from
the joint distribution, e.g., Dobs = {(GPi

, GRi
)}|Dobs|

i=1 . Un-
like traditional diffusion models, RetroBridge replaces the
sampling-friendly initial distribution (e.g., Uniform) by the
marginal distribution p(GP). Consequently, the denoising
process starts with G

(t)
R = GP at t = T , where we use

G
(t)
R to denote the state at timestep t out of a total of T

steps. At each step, the ground-truth reactant is predicted
by a parametric denoiser based on the current state, i.e.,
Ĝ

(0)
R = Dθ(G

(t)
R ). The predicted reactant is then used for

sampling the state of the next step G
(t−1)
R , and this routine

continues until t = 0.
In RetroBridge, the arguments of the denoiser often in-

clude conditioning factors such as GP and/or some (graph-
level) global features y(t) of the current state G

(t)
R . For

RARB, it is natural to include the prompt extracted
from GP’s retrieval results as the additional input, i.e.,
Dθ(G

(t)
R , GP,y

(t), cGP). As shown in Fig. 3, we use a Graph
Transformer-based neural architecture (Dwivedi and Bres-
son 2021; Vignac et al. 2023) as the backbone of our de-
noiser, maintaining consistency with RetroBridge. Addition-
ally, we add the extracted prompt cGP to the global features
y(t) before processing them through the Transformer layers.

Optimization. Generally, diffusion models are optimized
by maximizing the Variational Lower Bound (VLB) of the
original intractable log-likelihood function. However, Di-
Gress (Vignac et al. 2023) simplifies this by directly mini-
mizing the Cross-Entropy (CE) loss between predicted state
at t = 0 and the ground-truth target. While RetroBridge
prefers VLB and has observed its advantages over CE in
retrosynthesis prediction tasks, we consider both options in
RARB and compare them in Sec. 4, revealing that each has
its own strengths.

As a retrieval-augmented model, RARB faces the risk
that the denoiser Dθ(G

(t)
R , GP,y

(t), cGP) might rely too
heavily on the provided prompt cGP . On one hand, we expect
this prompt to contain rich information that aids in accu-
rately predicting the correct GR, which should enhance the
accuracy of conditional generation. On the other hand, such
a helpful conditioning factor might encourage Dθ to use it
as a shortcut, potentially leading to an under-utilization of
the current state G

(t)
R .

It is worth noticing that the prompt cGP is determined
solely by the given product GP and remains fixed throughout
the entire denoising process, while the state G

(t)
R is stochas-

tic. Over-reliance on the former while neglecting the latter
could reduce the diversity of denoising results, resulting in a
very limited number of distinct reactants for a given product.

To mitigate the potential decrease in diversity caused by
retrieval, we introduce two strategies to increase the random-
ness ingrained in cGP : S1: to use a dropout rate in the prompt
extractor fϕ that is higher than that of Dθ. S2: to retrieve the
top-(k + e) similar molecules through our retrieval compo-
nent and then randomly select k out of them as the retrieval
results S(k)

Dext
(GP). The extra number of retrieved molecules e

is a hyper-parameter, which controls how we balance accu-
racy and diversity. The second strategy can be consistently
applied during both training and inference stages.

4 Experiments
To evaluate the retrieval augmentation introduced in our
framework, including both its benefits and potential draw-
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backs, we conducted quantitative evaluations to address the
following research questions: RQ1: Can the retrieval aug-
mentation enhance the performance of the base generative
model? RQ2: Does it improve out-of-distribution general-
ization? RQ3: Do smaller diffusion models or those with
fewer denoising steps still benefit from this augmentation?
RQ4: Does the retrieval stage negatively impact diversity
and efficiency? RQ5: Does the quality of retrieved results
impact the base generative model? Due to space constraints,
the qualitative case study is provided in Appendix D.

4.1 Experimental Setup
Datasets. We conduct our experiments using the USPTO-
50k dataset (Schneider, Stiefl, and Landrum 2016), adhering
to the standard train/validation/test splits (Dai et al. 2019;
Somnath et al. 2021). To assess RARB’s ability to han-
dle out-of-distribution data, we construct a more challeng-
ing dataset by applying a cluster splitting strategy (Zheng
et al. 2019) to USPTO-50k. Specifically, we first use Mor-
gan fingerprints to measure the scaffold similarities between
products and employ the Butina algorithm (Butina 1999) to
cluster them with a similarity threshold of 0.6. Then, we sort
the clusters in descending order by size, and we split these
sorted clusters into train/validation/test splits with an 8/1/1
ratio, resulting in our USPTO-50K-cluster dataset. For the
external dataset, we utilize data from USPTO 2001-2016
applications, comprising 1,939,254 raw reactions. We pro-
cess these raw data using the method proposed by Dai et al.
(2019). Importantly, we then remove duplicates, empty re-
actants, and reactants also present in USPTO-50k, resulting
in a final retrieval dataset of 969,307 molecules.
Baselines. We compare RARB with representative meth-
ods across three categories: template-based, semi-template,
and template-free approaches. Since RARB is a template-
free method that incorporates RetroBridge as a component,
the comparison will primarily focus on RetroBridge and
RARB. Additionally, we evaluate RARB using two com-
monly employed loss functions: Cross-Entropy and the Vari-
ational Lower Bound (VLB).

We select RetroBridge, based on the Graph Transformer
architecture, as the base model primarily due to its state-of-
the-art performance. We also note that another recent work,
DiffAlign (Laabid et al. 2024), which shows comparable
performance, is based on a GNN architecture. Our frame-
work is general enough to incorporate various neural ar-
chitectures, e.g., injecting our encoded retrieval results to a
GNN via a virtual node connected to all atoms. Due to the
limited space, we will show consistent improvements across
multiple base models to further validate our framework in
the future.
Metrics. For each input product, we sample 100 reactant
sets from RARB and rank them based on their confidence
scores, determined by the frequency of their occurrences.
We then report top-k (exact match) accuracy, which is the
proportion of input products for which the model success-
fully generates the correct reactants within its top-k distinct
samples. Next, we use the forward reaction prediction model
Molecular Transformer (Schwaller et al. 2019) to predict the
products of these top-k samples. We report round-trip accu-

Model k=1 3 5 10
Template-Based

GLN (Dai et al. 2019) 52.5 69.0 75.6 83.7
LocalRetro (Chen and Jung 2021) 53.4 77.5 85.9 92.4

Semi-Template
MEGAN (Sacha et al. 2021) 48.0 70.9 78.1 85.4

G2G (Shi et al. 2020) 48.9 67.6 72.5 75.5
RetroXpert (Yan et al. 2020) 50.4 61.1 62.3 63.4

RetroPrime (Wang et al. 2021) 51.4 70.8 74.0 76.1
Retrodiff (Wang et al. 2023) 52.6 71.2 81.0 83.3

GraphRetro (Somnath et al. 2021) 53.7 68.3 72.2 75.5
Template-Free

SCROP (Zheng et al. 2019) 43.7 60.0 65.2 68.7
Tied Transformer (Kim et al. 2021) 47.1 67.1 73.1 76.3

Aug. Transformer (Tetko et al. 2020) 48.3 - 73.4 77.4
GTA aug (Seo et al. 2021) 51.1 67.6 74.8 81.6

Graph2SMILES (Tu and Coley 2022) 52.9 66.5 70.0 72.9
Retroformer (Wan et al. 2022) 52.9 68.2 72.5 76.4
DualTF aug (Sun et al. 2021) 53.6 70.7 74.6 77.0
DiffAlign (Laabid et al. 2024) 54.7 73.3 77.8 81.8

RetroBridge (Igashov et al. 2024) 50.8 74.1 80.6 85.6
RARB (VLB) 56.2 77.4 82.4 86.1

RARB (Cross-Entropy) 58.3 75.2 78.8 81.5

Table 1: Top-k (exact match) accuracy on the standard test
split of USPTO-50k. The best-performing methods in each
group are highlighted in bold.

racy (Schwaller et al. 2020) as the percentage of correctly
predicted reactants among all predictions. Predicted reac-
tants are considered correct if they either match the ground
truth or, when processed by the forward prediction model,
lead back to the original input product. We also report round-
trip coverage, which measures whether there is at least one
correct prediction among the top-k samples. Moreover, we
define diversity as the number of distinct reactants within
the 100 samples and report the average diversity value for
the test products.
Implementation. We implement RARB based on the open-
sourced code of RetroBridge. More details are deferred
to Appendix B. Our code is available at this repository:
https://github.com/anjie-qiao/RARB.

4.2 Results and Analysis
(RQ1) Improving Base Generative Model. We compare
the top-k (exact match) accuracy of RARB with baselines

Model Coverage Accuracy
k=1 3 5 k=1 3 5

Template-Based
GLN 82.5 92.0 94.0 82.5 71.0 66.2

LocalRetro 82.1 92.3 94.7 82.1 71.0 66.7
Template-Free
RetroBridge 84.2 94.3 95.9 84.2 71.7 66.3

RARB 85.2 95.1 96.7 85.2 72.7 67.5

Table 2: Top-k round-trip coverage and accuracy on the stan-
dard test split of USPTO-50k.
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Model k=1 3 5 10
RetroBridge 42.9 66.3 73.2 77.9

RARB 54.9 71.7 76.5 78.4

Table 3: Top-k (exact match) accuracy on the USPTO-50k-
cluster dataset’s test split.

on the standard test split of USPTO-50k, as shown in Ta-
ble 1. RARB using VLB outperforms other methods across
all top-k accuracy, while the RARB using Cross-Entropy
achieves higher top-1 accuracy, even surpassing template-
based methods. Given the significantly faster training and
convergence, we choose Cross-Entropy as our loss function
for the remaining experiments.

Next, we compare round-trip coverage and accuracy of
RARB and its base generative model, as well as template-
based methods, as shown in Table 2. RARB not only outper-
forms its base generative model but also surpasses state-of-
the-art template-based methods in all top-k round-trip met-
rics. These results indicate that the retrieval augmentation
introduced by our framework enhances the performance of
the base generative model.

(RQ2) Out-of-distribution Generalization. Given that
the real-world chemical space is vastly larger than the space
covered by the training set, the model’s ability to handle
out-of-distribution (OOD) data becomes particularly crit-
ical. Thus, we compare RARB with RetroBridge on the
USPTO-50k-cluster dataset, which was divided based on
scaffold similarity clustering to effectively simulate OOD
scenarios. Retrosynthesis prediction on such a test split is
more challenging, as the reactions in the validation and test
sets exhibit lower similarity to those in the training set.

As shown in Table 3, RARB’s performance on the
USPTO-50k-cluster only slightly decreases compared to
that on the standard splits, while its improvement relative to
its base generative model, RetroBridge, becomes more pro-
nounced. Notably, in terms of top-1 accuracy, the relative
improvement increases to 28%. This result demonstrates that
our framework enhances its base generative model’s ability
to handle OOD molecules.

(RQ3) Performance with Reduced Model Complexity.
The retrieved information functions as a non-parametric
memory, providing additional context to guide the gener-
ation process and helping to bridge gaps in the model’s
learned knowledge. This approach has the potential to en-
hance the performance of generative models in resource-
constrained scenarios. To validate this, we train RARB

Model #param #step k=1 3 5 10
RetroBridge 4.8M 500 50.8 71.1 76.0 80.3

RARB 2.8M 500 54.9 73.7 78.3 82.2
4.8M 200 57.2 74.9 79.0 82.0

Table 4: Top-k (exact match) accuracy with reduced model
complexity.

in two conditions: (i) using only about 60% of the base
model’s parameters, and (ii) reducing the base generative
model’s denoising steps from 500 to 200. The results are
shown in Table 4. Even with fewer parameters or denois-
ing steps, RARB outperforms the base generative model
across all top-k accuracy metrics. Notably, reducing the de-
noising steps by 60% has only a minimal impact on RARB.
These results highlight RARB’s advantage in scenarios with
limited resources or where efficient inference is necessary.
These advantages are particularly valuable in retrosynthesis,
where high-throughput prediction is crucial for efficiently
exploring large chemical spaces and accelerating discovery.

(RQ4) Diversity and Efficiency. The evaluations above
highlight RARB’s advantages in enhancing the base gener-
ative model. Here, we investigate the potential impacts and
additional overhead that retrieval-augmented strategy may
introduce to the base generative model.
(1) Diversity. Diversity is crucial for generative models in
real-world applications, especially in molecule generation,
which involves exploring the broad chemical space. As dis-
cussed in Sec. 3.3, we are concerned that the denoiser’s over-
reliance on retrieval results may reduce the diversity of its
generated samples.

As shown in Table 5, RARB, without any specific strat-
egy to improve diversity, generates molecules that are less
diverse than those generated by its base generative model,
confirming our concern. Increasing the dropout rate for
prompt extractor to 0.5 (i.e., our first strategy (S1) ) not
only enhances RARB’s diversity but also improves its ac-
curacy, supporting our rationale of reducing the denoiser’s
reliance on shortcuts. Additionally, we further add our sec-
ond strategy (S2) to RARB, namely, randomly selecting 3
out of the top-5 ranked molecules as the retrieval results.
These two strategies, we proposed in Sec. 3.3, together lead
to a 60.7% increase in diversity compared to RARB without
these strategies, while also delivering better top-k accuracy.
(2) Efficiency. While retrieving additional information and
extracting prompt for the base generative model does add
some time overhead, our evaluation shows that this over-
head is negligible compared to the denoising process of
RetroBridge. Specifically, the retrieval of the top-10 similar
molecules from the USPTO-applications dataset and their
conversion into embeddings takes approximately 2 seconds
per sample, resulting in only a 1.9% increase in overall in-
ference time. This slight increase is expected, given that the
time-intensive sampling in diffusion models far outweighs
the retrieval process.

Model Diversity Top-k accuracy Strategy
k = 1 3 5 10

RetroBridge 12.9 50.8 71.1 76.0 80.3 -

RARB
7.47 58.3 71.5 74.1 75.7 w/o
10.1 58.3 75.2 78.8 81.5 w/ S1
12.0 56.0 76.4 81.6 84.9 w/ S1&S2

Table 5: Comparisons of diversity on USPTO-50k, where S1
means dropout=0.5 for our prompt extractor, and S2 means
sampling 3 out of top-5 molecules as retrieval results.
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Average similarity k=1 3 5 10
75%∼100% (most similar) 4.8 2.5 1.5 -0.1

50%∼75% 12.3 6.1 4.5 3.0
25%∼50% 12.2 8.3 5.9 4.2

0%∼25% (least similar) 0.8 -0.6 -0.9 -2.4

Table 6: Relative improvements of RARB over the base
generative model in Top-k (exact match) accuracy across
different similarity groups of the test set.

(RQ5) Influence of Retrieval Quality. The retrieval-
augmented strategy may raise a potential concern: how the
relevance between the query and the retrieved information
impacts the performance of the base generative model. Here,
we assess the effect of varying similarity levels between the
product and retrieved molecules, focusing particularly for
those with low similarity or complex molecules.

To do this, We rank the standard test set by the aver-
age similarity between the product and the retrieved top-3
molecules, in ascending order. We then divide the set into
four equal groups. Finally, we compute the relative improve-
ments of RARB over RetroBridge for each groups, as shown
in Table 6.

The results suggest that the benefits of retrieved molecules
for the base model generally increase with higher similar-
ity. In the least similar group, accuracy slightly declined,
likely due to irrelevant noise introduced by low-similarity
retrievals. Moreover, in the most similar group, the improve-
ments become less significant, as highly similar molecules
may limit the diversity of functional groups, potentially
overlooking those crucial for the reactants.

In Sec. 3.3, we propose the S1 and S2 strategies to pro-
mote diversity in generative model sampling. Here, we in-
corporate these strategies into RARB and evaluate the rel-
ative improvements across these groups. As shown in Ta-
ble 7, the results demonstrate that, with these strategies, even
the least similar group shows positive benefits. This suggests
that our strategies further enhance the model’s robustness to
low-similarity retrievals.

In reality, the reaction centers of product molecules may
involve multiple bonds or atoms, referred to multiple reac-
tion centers. These products often have complex structures,
and the retrieved molecules may vary significantly. In the
following, we focus on the performance of RARB on such
complex products.

We adopt the scheme from (Wan et al. 2022) to identify

Average similarity k=1 3 5 10
75%∼100% (most similar) 2.8 4.4 5.1 3.4

50%∼75% 9.0 6.3 6.3 5.0
25%∼50% 8.4 8.0 7.5 6.4

0%∼25% (least similar) 0.6 2.5 3.3 3.4

Table 7: Relative improvements of RARB with S1&S2
strategies over the base generative model in Top-k (exact
match) accuracy across all groups of the test set.

Products k=1 3 5 10
RC=1 5.5 5.5 5.8 4.8
RC>1 0.4 1.3 1.2 1.2

Full Test Set 5.2 5.3 5.6 4.6

Table 8: Relative improvements of RARB over the base
generative model in Top-k (exact match) accuracy across
different groups of the test set.

reaction centers (RC) and classify products with more than
one RC as complex. In the standard test set, 252 out of 5007
products are categorized as complex. We then calculate the
relative improvement of RARB over the base model for both
groups, as shown in Table 8. The results show that RARB’s
improvements on complex products are more modest com-
pared to the full test set, highlighting the need for future
work to develop retrieval strategies tailored to the unique
characteristics of complex molecules.

5 Conclusion

In this work, we propose a RAG framework for template-
free, single-step retrosynthesis prediction, driven by our
key insight that similar molecules can provide valuable
clues about the invariant substructures during chemical re-
actions. We instantiate our framework as RARB, which
significantly enhances the performance of its base genera-
tive model, RetroBridge, across all relevant metrics. Partic-
ularly, RARB’s superiority in handling out-of-distribution
molecules addresses a critical need in real-world applica-
tions.

We believe that the success of RARB paves the way for
further applications of RAG within drug discovery and a
broader range of molecule-centric scientific tasks. Mean-
while, as the improvements introduced by RAG tend to
heavily depend on the quality of retrieval, a novel fragmen-
t/molecule retrieval scheme would be an important research
topic. Besides, the risk of data leakage should be carefully
considered, which might require more fair evaluation proto-
col for RAG-based generative models.
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