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Abstract
Multi-step retrosynthetic planning aims to decom-
pose target molecules into available starting ma-
terials by iteratively invoking single-step predic-
tion models within a search algorithm. The suc-
cess of retrosynthetic planning depends on the joint
guidance of single-step reasoning and global search
across steps. However, most existing frameworks
make step-wise decisions based only on the current
molecular state, without explicitly modeling syn-
thesizability signals that reflect long-range reach-
ability. In this work, we propose GuideRetro,
a synthesizability-aware framework for multi-step
retrosynthetic planning that integrates global syn-
thesizability knowledge into step-wise retrosyn-
thetic prediction. GuideRetro learns transferable
knowledge from large-scale reaction networks by
modeling the evolution of synthetic complexity
along reaction pathways. During planning, a route-
aware synthesis state modeling module combines
the evolving retrosynthetic route with retrieved
global signals to guide reactant generation at each
step. Experiments on benchmark datasets show
that GuideRetro achieves state-of-the-art perfor-
mance. The integration of global synthesizabil-
ity knowledge and route-aware modeling improves
planning accuracy and search efficiency under real-
istic retrosynthetic settings. The code is available
at: https://github.com/L-AJ/GuideRetro.

1 Introduction
Retrosynthetic planning identifies feasible synthetic routes
that iteratively decompose target molecules into accessible
starting materials [Corey and Wipke, 1969; Corey, 1991],
forming the foundation of organic synthesis across appli-
cations in drug discovery, materials science, and indus-
trial chemistry [Coley et al., 2018a; Genheden et al., 2020;
Dong et al., 2022]. With the growing availability of large-
scale reaction datasets extracted from patents and the chemi-
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cal literature [Lowe, 2012], data-driven retrosynthesis meth-
ods have emerged as the dominant paradigm in computer-
aided synthesis planning (CASP).

Most data-driven multi-step planning methods formulate
the task as an iterative search process, as illustrated in Fig-
ure 1a. A single-step model predicts plausible precursor sets
for a given molecule at each step [Segler and Waller, 2017;
Coley et al., 2017; Dai et al., 2019; Karpov et al., 2019;
Liu et al., 2023b; Han et al., 2024; Xu et al., 2025],
while a search algorithm repeatedly applies this model to
expand intermediate states until purchasable starting mate-
rials are reached [Segler et al., 2018; Chen et al., 2020;
Genheden et al., 2020; Xie et al., 2022; Liu et al., 2023a;
Wang and Montana, 2025].

Within this framework, single-step prediction defines the
reaction space to be explored, while the search algorithm de-
termines which intermediate candidates are expanded during
planning. Despite progress in both components, a fundamen-
tal mismatch remains between single-step training objectives
and multi-step planning goals. Existing retrosynthesis mod-
els are typically optimized to maximize the likelihood of lo-
cally plausible reactions, while multi-step planning requires
selecting transformations that lead to reachable starting ma-
terials over multiple steps [Torren-Peraire et al., 2024]. This
misalignment implies that high confidence at the single-step
level does not translate into successful multi-step planning,
especially when early decisions constrain subsequent plan-
ning steps. This motivates us to design a synthesizability-
aware retrosynthesis framework that explicitly incorporates
global synthesizability signals to guide single-step predic-
tions toward effective multi-step planning (Figure 1b).

To this end, we propose GuideRetro, a synthesizability-
aware framework for multi-step retrosynthetic planning.
GuideRetro learns transferable global synthesizability knowl-
edge from large-scale reaction networks via preference-
based optimization, providing directional signals that guide
transformations leading to reachable starting materials.
Given the path-dependent nature of retrosynthetic feasibil-
ity, GuideRetro further conditions this global guidance on
the evolving reaction route through a Route-aware Synthe-
sis State Modeling module, producing a synthesis-aware state
that integrates molecular structure with route context. This
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Figure 1: (a–b) Overview of multi-step retrosynthetic planning paradigms. (c) GuideRetro achieves higher planning success rates and better
search efficiency than existing methods in (a).

state is then used to guide step-wise reactant generation via
a Reactants Generator, enabling locally accurate predictions
that aligned with route-level feasibility. Experiments on
benchmark datasets show that GuideRetro achieves state-of-
the-art multi-step planning performance, with higher plan-
ning accuracy and lower search cost, as illustrated in Fig-
ure 1c. Our main contributions are summarized as follows:

• We propose a novel synthesizability-aware retrosynthe-
sis framework that integrates global synthesis knowl-
edge into step-wise prediction for multi-step planning.

• We introduce a global synthesizability representation
learned via preference supervision on large-scale reac-
tion networks, capturing route-level preferences over
retrosynthetic transformations.

• Extensive experiments show that GuideRetro achieves
state-of-the-art performance on benchmark datasets, im-
proving planning accuracy, robustness to route depth,
and success rate under constrained search budgets.

2 Related Work
Single-step Retrosynthesis Models. Single-step retrosyn-
thesis focuses on predicting plausible reactant sets for a
given target molecule and serves as a fundamental compo-
nent of data-driven synthesis planning. Early approaches
rely on reaction templates to ensure chemical validity [Segler
and Waller, 2017; Coley et al., 2017; Dai et al., 2019;
Chen and Jung, 2021; Xie et al., 2023], while semi-template-
based methods decompose the task by first predicting bond
disconnections and then completing synthons to recover full
reactant structures [Shi et al., 2020; Somnath et al., 2021;
Wang et al., 2021; Wang et al., 2023]. More recently,
template-free models formulate retrosynthesis as a sequence-
to-sequence problem and leverage Transformer architectures
to directly translate product into reactants [Schwaller et al.,
2019; Zhong et al., 2023; Han et al., 2024; Wang and Mon-
tana, 2025]. Although these models have achieved strong per-
formance at the single-step level, they are typically optimized
for local reaction plausibility and do not explicitly consider
whether the predicted intermediates remain feasible when in-
tegrated into multi-step retrosynthetic routes.

Search Algorithms in Retrosynthetic Planning. Multi-
step retrosynthetic planning is commonly formulated as a
structured search problem, in which a single-step retrosynthe-
sis model proposes expansions and a planner selects which
intermediate states to explore. Representative paradigms
include Monte Carlo Tree Search (MCTS) [Segler et al.,
2018], proof-number search over AND/OR trees [Kishimoto
et al., 2019], and A*-like planners such as Retro*, which
select expansions guided by learned value estimates [Chen
et al., 2020]. Subsequent work has focused on improv-
ing search efficiency and reliability by enhancing value es-
timation, for example through graph-based aggregation of
partial synthesis trees in Retro*-style planning [Xie et al.,
2022]. More recently, learning-based strategies have been ex-
plored to refine planning behavior, including reinforcement
learning for search control [Yu et al., 2022], bidirectional
search schemes [Yu et al., 2024], and preference-based ob-
jectives learned from successful planning trajectories [Liu et
al., 2024; Wang and Montana, 2025]. Despite these advances,
most approaches treat expansion and selection as largely de-
coupled, with route-level information used mainly to rank
candidate expansions during search, while single-step genera-
tion remains driven by local reaction plausibility. These lim-
itations motivate the development of synthesizability-aware
methods that can align step-wise retrosynthetic predictions
with route-level feasibility.

3 Preliminaries
Problem Formulation. We formulate retrosynthetic plan-
ning as a sequential decision-making problem that decom-
poses a target molecule into commercially available starting
materials. The space of all molecules is denoted byM, and
commercially available starting materials by S ⊂ M. Given
a target product molecule m0 ∈ M, the task is to find a
retrosynthetic route whose leaf nodes belong to S. At step
t ≥ 0, the route up to step t is represented as an ordered
sequence τt = (m0,m1, . . . ,mt), where each mi ∈ M is
an intermediate molecule obtained by applying a single-step
retrosynthetic reaction to its predecessor mi−1. A planning
algorithm iteratively expands intermediate molecules until all
terminal molecules in the route belong to S.

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



~1.7 
million 

reactions 
data

Global Synthesizability Knowledge Learning

Route-aware Synthesis State ModelingRetrosynthesis
Route  

𝑚!

𝑚"

𝑚#

Synthesizability 
Memory Retrieval

O

N

O

OH

N

O

OH

NCl

O

Reactants Generator

O

O

NCl

F

OH

+

!𝒆𝒈𝒍𝒐𝒃𝒂𝒍

Subgraph sampling

Synthesizability-aware 
Preference Optimization

Synthesizability 
Memory

Negative

Positive

Negative

Positive
Positive

Negative

Learning

Anchor
anchor

anchor

Starting 
materials

Step 1

Step 2

Step 3

𝑚!

𝑚"

Ro
ut

e 
M

em
or

y 
En

co
de

r

τ#

Φ)*+

ℋ!

ℋ"

ℋ#

𝓗𝒓𝒐𝒖𝒕𝒆 Sy
nt

he
sis

-A
wa

re
 

Fu
sio

n

ℋ0

𝓗𝒇𝒊𝒏𝒂𝒍

Top-M 
Neighbors

𝓛𝒈𝒆𝒏

ℒ𝑩𝑷𝑹

𝑧!

𝑧"

𝑧#

M
ea

n 
Po

ol
in

g

Re
ac

ta
nt

s 
De

co
de

r

Figure 2: Overview of the GuideRetro framework. (Top) Synthesizability Memory is learned from large-scale reaction data via
synthesizability-aware preference optimization. (Bottom) Given a partial route τt = (m0, . . . ,mt), GuideRetro retrieves global synthe-
sizability guidance for mt and fuses it with route context Hroute(τt) to form a synthesis-aware state Hfinal for reactant generation.

Synthetic Complexity Score. Synthetic Complexity Score
(SCScore) [Coley et al., 2018b] is a learned metric that maps
a molecule m to a scalar score s(m) ∈ [1, 5], designed to
correlate with the expected number of reaction steps required
for synthesis. It is trained on large-scale reaction data under
the assumption that reaction products are, on average, more
synthetically complex than their reactants. In this work, we
use SCScore as a supervisory signal to capture global synthe-
sizability information over the reaction network. Rather than
using SCScore solely as a local heuristic, we leverage it to
model how synthetic difficulty evolves along multi-step ret-
rosynthetic pathways, thereby providing route-level guidance
beyond single-step reaction feasibility.

4 The Proposed GuideRetro
This section introduces GuideRetro, a synthesizability-aware
framework for multi-step retrosynthetic planning. As shown
in Figure 2, GuideRetro first learns global synthesiz-
ability knowledge by training a reaction graph encoder
with synthesizability-aware preference supervision, capturing
transformation patterns that reflect long-range synthetic feasi-
bility. During planning, a route-aware synthesis state mod-
eling module combines the evolving retrosynthetic route with
retrieved global guidance to construct synthesis-aware states.
A Reactant Generator finally performs autoregressive reac-
tant generation conditioned on these synthesis-aware states.
Each component is described in detail below.

4.1 Global Synthesizability Knowledge Learning
Effective multi-step planning benefits from global and direc-
tional signals of molecular synthesizability that cannot be
obtained from single-step reaction prediction alone. To ob-
tain such signals, we learn global synthesizability knowl-
edge from large-scale reaction data by constructing a reac-

tion graph and learning molecule representations that model
the evolution of synthetic difficulty along reaction pathways.
Synthesizability-Aware Reaction Graph Construction.
A reaction graph G = (V, E) is constructed from a reaction
dataset, where the node set V corresponds to molecules in
the molecular space M. For each reaction, a directed edge
(u, v) ∈ E is added from each reactant molecule u to the cor-
responding product molecule v, representing a forward reac-
tion direction. To encode directional synthetic difficulty, each
edge (u, v) is annotated with a synthetic complexity differ-
ence, which is defined as follows:

∆suv = s(v)− s(u), (1)
where s(·) denotes the synthetic complexity score, and larger
values of ∆suv indicate more favorable retrosynthetic discon-
nections, as they correspond to greater reductions in molecu-
lar complexity from product v to reactant u.
Synthesizability Representation Learning. Given the re-
action graph G, a global synthesizability embedding space is
learned to capture how synthetic complexity evolves along
reaction pathways. To encode the inherent directionality
of chemical transformations, molecular representations are
initialized with a translational embedding [Bordes et al.,
2013], which imposes an asymmetric structure between re-
actants and products. Building on this directional initial-
ization, we apply a relational graph convolutional network
(RGCN) [Schlichtkrull et al., 2018] over G to propagate syn-
thesizability signals across multi-step synthetic pathways. At
layer l, the representation of molecule i is updated by ag-
gregating information from its incoming reactant neighbors,
which is defined as:

ẽ
(l+1)
i = ϕ(l)

∑
j∈Ni

cij W
(l)ẽ

(l)
j + W

(l)
0 ẽ

(l)
i

 , (2)
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where ẽ
(l)
i ∈ Rdg denotes the global synthesizability embed-

ding, Ni = { j | (j, i) ∈ E } denotes the set of predecessor
molecules that can produce molecule i, W (l) and W

(l)
0 are

learnable transformations, cij is a degree-based normaliza-
tion coefficient, and ϕ(l)(·) is a non-linear activation function.
Synthesizability-aware Preference Optimization. To
align the learned representations with retrosynthetic pref-
erences, we introduce a training objective that encourages
higher scores for reaction steps leading to simpler precursors.
This is based on the assumption that larger reductions in
molecular complexity correspond to more effective ret-
rosynthetic disconnections. For each product molecule v
in a sampled subgraph, the reactant u+ with the largest
synthetic complexity reduction ∆suv is treated as the pos-
itive sample. K negative reactants {u−

k }Kk=1 are sampled
from the remaining incoming edges of v within the same
mini-batch. Each candidate reaction (u, v) is scored using
a bilinear interaction function [Yang et al., 2014], defined
as f(u, v) = ⟨ẽu,w, ẽv⟩, where ẽu and ẽv are the learned
representations of the reactant and product molecules, and w
is a trainable relation vector. The model is optimized with a
Bayesian Personalized Ranking loss [Rendle et al., 2012]:

LBPR = −E

[
1

K

K∑
k=1

log σ
(
f(u+, v)− f(u−

k , v)
)]

, (3)

which encourages the model to assign higher scores to tran-
sitions associated with greater reductions in complexity. This
learning process results in an embedding space that encodes
global preferences over synthesizable retrosynthetic transfor-
mations, which is used to support subsequent planning.

4.2 Route-Aware Synthesis State Modeling
To model route-dependent transformations in multi-step ret-
rosynthesis, we introduce a route-aware synthesis state mod-
eling module that constructs a planning state by combin-
ing route context and global synthesizability signals to guide
step-wise reactant generation.
Route Memory Encoder. At retrosynthetic step t, the cur-
rent molecule is mt with partial route τt = (m0, . . . ,mt).
Each molecule along the route is encoded into token-level
representations using a shared molecular encoder Φmol:

Hi = Φmol(mi), Hi ∈ RLi×d. (4)
To model route-level dependencies, token representations are
summarized into molecule embeddings via mean pooling,
zi = Pool(Hi) ∈ Rd. Given the current embedding zt and
the route memory {zi}ti=0, the route-aware context represen-
tation is computed as follows:

αt,i =
exp(z⊤t zi)∑t
j=0 exp(z

⊤
t zj)

, z̃t =
t∑

i=0

αt,izi. (5)

The context vector is then linearly projected and fused with
the token-level representation of the current molecule:

Hroute = Ht + z̃tWr, (6)
where Wr ∈ Rd×d is a learnable projection matrix whose
output is broadcast along the sequence dimension. The re-
sulting Hroute serves as the route-aware state for subsequent
global synthesizability fusion and reactant generation.

Global Synthesizability Retrieval. The Synthesizability
Memory learned from the reaction graph stores global rep-
resentations that capture synthetic feasibility patterns across
chemical space. Given a query molecule mt, we retrieve its
top-M nearest neighbors based on Tanimoto similarity over
Morgan fingerprints [Rogers and Hahn, 2010].The retrieved
embeddings are given by:

{ẽi}Mi=1 = Retrieve(mt; Ẽ), (7)

where Ẽ denotes the Synthesizability Memory and ẽi ∈ Rdg

are the retrieved molecule embeddings, The retrieved em-
beddings are then aggregated by mean pooling, ẽglobal =
1
M

∑M
i=1 ẽi, to obtain a global synthesizability representation

for the current planning step.
Synthesis-Aware Fusion. To inject global synthesizability
guidance into step-wise retrosynthetic prediction, we fuse
the route-contextualized token representations with the re-
trieved global embedding using a gated fusion mechanism.
The route-contextualized token representations are denoted
by Hroute ∈ RL×d, while the pooled global synthesizability
embedding is denoted as ẽglobal ∈ Rdg . The global embed-
ding is then broadcast to the token level and used to compute
a token-wise fusion gate:

G = σ(HrouteWg + ẽglobalUg) , (8)

where σ is the sigmoid function and Wg, Ug are learnable
projection matrices. The final synthesis-aware representation
is then computed as:

Hfinal = Hroute +G⊙ ϕ(ẽglobalWf ) , (9)

where ϕ(·) denotes a non-linear activation and Wf is a learn-
able transformation matrix, and⊙ denotes element-wise mul-
tiplication. The resulting Hfinal adaptively integrates route
context with global synthesizability guidance and conditions
the decoder for next-step reactant generation.

4.3 Reactants Generator
Given the synthesis-aware representation Hfinal, an autore-
gressive Transformer decoder is used to generate reactant
SMILES [Weininger, 1988]. The decoder attends to Hfinal

via cross-attention, allowing each decoding step to incorpo-
rate route context and global synthesizability guidance.This
design enables the model to generate chemically valid precur-
sor sequences that follow the evolving retrosynthetic route.

4.4 Training and Inference
Training of GuideRetro is performed in two stages. We first
train the Synthesizability Memory on the reaction graph us-
ing the synthesizability-aware preference objective in Eq. (3).
After pretraining, the memory is fixed and used as a retrieval
module during downstream retrosynthetic modeling. The re-
maining components are then jointly optimized with teacher
forcing by minimizing the negative log-likelihood of the tar-
get reactant sequence, which is defined as:

Lgen = −
L∑

t=1

logP (yt | y<t,Hfinal; Θ) , (10)
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Algorithm 1 Multi-step retrosynthetic inference
Input: Target molecule m0, Starting Material Set S , Synthe-
sizability Memory Ẽ
Output: Predicted reactant setR

1: Initialize reactant setR ← ∅.
2: Initialize route set L ← {τ0 = (m0)}.
3: while L ̸= ∅ do
4: Select a partial route τt = (m0, . . . ,mt) from L.
5: // Step 1: Synthesizability Memory Retrieval
6: Retrieve global synthesizability embedding ẽglobal for

current molecule mt from Ẽ.
7: // Step 2: Route-aware Synthesis State Modeling
8: Compute Hfinal from τt and ẽglobal.
9: // Step 3: Reactant Generation

10: Generate reactant candidates Rpred from Hfinal.
11: for each reactant r ∈ Rpred do
12: if r ∈ S then
13: Add r toR.
14: else
15: Extend route τ ′ ← (τt, r).
16: Add τ ′ to L.
17: end if
18: end for
19: end while
20: returnR

where L is the length of the reactant sequence, yt denotes the
t-th token in the reactant sequence and Θ denotes the train-
able parameters. During inference, GuideRetro is integrated
into a multi-step planner, generating top-N precursor candi-
dates at each expansion step until all terminal molecules are
commercially available (Algorithm 1).

5 Experiments
We explore the following research questions: (1) RQ1: Does
GuideRetro outperform baselines in multi-step retrosynthetic
planning? (2) RQ2: How does each component affect the
performance of GuideRetro? (3) RQ3: How well does
GuideRetro generalize across diverse datasets and settings?

5.1 Experimental Setup
Datasets. The reaction graph G is constructed from the
USPTO-FULL dataset [Dai et al., 2019], after remov-
ing reactions involving molecules in the benchmark test
sets to prevent information leakage. GuideRetro is eval-
uated on RetroBench [Liu et al., 2023b], which contains
46,458/5,803/5,838 training/validation/test targets. Start-
ing materials are extracted from RetroBench as the in-stock
set, and set-wise exact match accuracy is reported. To as-
sess out-of-distribution generalization, we further evaluate on
three benchmark datasets: Retro*-190 [Chen et al., 2020],
ChEMBL-1000 [Liu et al., 2023a], and GDB17-1000 [Liu
et al., 2023a]. Following the Retro* settings, we use com-
mercially available building blocks from eMolecules1 as the
in-stock inventory and report search success rate. Further de-
tails are provided in Appendix A.1 and A.3.

1eMolecules:http://downloads.emolecules.com/free/.

Evaluation Metrics. We evaluate planning performance
using standard metrics from prior work[Liu et al., 2023b;
Chen et al., 2020]. On RetroBench, we report set-wise Top-
k exact match accuracy, where a prediction is correct if the
predicted starting-material set matches any reference route.
On Retro*-190, ChEMBL-1000, and GDB17-1000, we re-
port search success rate, defined as the fraction of targets for
which at least one complete route whose leaf molecules are
commercially available is found under a given search budget.

Baselines. We compare GuideRetro with a diverse set of
representative baselines, including template-based methods
(RetroSim [Coley et al., 2017], NeuralSym [Segler and
Waller, 2017], GLN [Dai et al., 2019]), semi-template-based
approaches (G2Gs [Shi et al., 2020], GraphRetro [Somnath
et al., 2021]), and template-free models (Transformer [Kar-
pov et al., 2019], MEGAN [Sacha et al., 2021], Fusion-
Retro [Liu et al., 2023b], and FusionRetro with CREAM [Liu
et al., 2024]). For multi-step planning, these single-step mod-
els are integrated with three established search algorithms:
Retro* [Chen et al., 2020], Retro-0* (i.e., Retro* without
learned value estimation), and Greedy DFS. All methods are
evaluated under the same settings for fair comparison.

Implementation Details. GuideRetro is trained using the
Adam optimizer with a learning rate of 1 × 10−4 and batch
size 32 under teacher forcing. The molecular encoder and
reactant generator adopt a 3-layer Transformer architecture
with embedding dimension d = 64, 10 attention heads, feed-
forward hidden size 512, and dropout rate 0.1, with param-
eters shared across route steps. The Synthesizability Mem-
ory is learned by training a two-layer RGCN with embed-
ding dimension dg = 512 on the reaction graph using the
synthesizability-aware preference objective in Eq. (3). Af-
ter pretraining, the Synthesizability Memory is fixed and in-
dexed using FAISS [Douze et al., 2025] for efficient nearest-
neighbor retrieval during downstream planning. All experi-
ments are conducted on a single NVIDIA RTX 4090 GPU
(24GB). Additional details are provided in the Appendix A.4.

5.2 Main Results (RQ1)
Route Planning Accuracy. We compare GuideRetro with
representative methods on RetroBench under different search
algorithms (Table 1). GuideRetro achieves the best overall
performance across evaluated search settings. Under Retro*,
GuideRetro reaches a Top-1 accuracy of 42.9%, improving
over FusionRetro with CREBM (39.4%) by 8.9% relative
gain, and maintains improvements at higher Top-k. In addi-
tion, GuideRetro reduces the performance gap to template-
based methods (e.g., NeuralSym) without relying on pre-
defined reaction templates, and achieves the highest Top-1 ac-
curacy under Greedy DFS. These results indicate that incor-
porating global synthesizability knowledge with route-aware
state modeling improves multi-step retrosynthetic planning.

Planning Robustness under Increasing Route Depth.
Beyond overall planning accuracy, we further analyze the im-
pact of route depth on planning success rates using Greedy
DFS. As shown in Figure 4, GuideRetro consistently achieves
higher success rates than all template-free baselines across
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Single-step Models
Search Algorithm Retro* Retro*-0 Greedy DFS

Top-1 Top-2 Top-3 Top-4 Top-5 Top-1 Top-2 Top-3 Top-4 Top-5 Top-1

Template-based

RetroSim [Coley et al., 2017] 35.1 40.5 42.9 44.0 44.6 35.0 40.5 43.0 44.1 44.6 31.5
NeuralSym [Segler and Waller, 2017] 41.7 49.2 52.1 53.6 54.4 42.0 49.3 52.0 53.6 54.3 39.2
GLN [Dai et al., 2019] 39.6 48.9 52.7 54.6 55.7 39.5 48.7 52.6 54.5 55.6 38.0

Semi-template-based

G2Gs [Shi et al., 2020] 5.4 8.3 9.9 10.9 11.7 4.2 6.5 7.6 8.3 8.9 3.8
GraphRetro [Somnath et al., 2021] 15.3 19.5 21.0 21.9 22.4 15.3 19.5 21.0 21.9 22.2 14.4

Template-free

Transformer [Karpov et al., 2019] 31.3 40.4 44.7 47.2 48.9 31.2 40.5 45.1 47.3 48.7 26.7
MEGAN [Sacha et al., 2021] 18.8 27.9 32.7 36.6 38.1 18.6 27.7 32.6 36.4 38.5 32.9
FusionRetro [Liu et al., 2023b] 37.5 45.0 48.2 50.0 50.9 37.5 45.0 48.3 50.2 51.2 33.8
FusionRetro + CREBM [Liu et al., 2024] 39.4 46.6 49.3 50.7 51.5 39.6 46.7 49.5 51.0 51.7 -
RetroInText 41.2 48.7 51.8 53.3 54.2 42.1 49.9 53.0 54.7 55.7 39.8

GuideRetro (Ours) 42.9 50.7 54.3 56.0 57.1 42.9 50.7 54.3 55.9 57.0 40.9

Table 1: Retrosynthetic planning results on RetroBench dataset with Set-wise Exact Match Accuracy(%) (Best in bold, second underlined).

Single-step Search Retro*-190 ChEMBL-1000 GDB17-1000

50 100 200 500 50 100 200 500 50 100 200 500

NeuralSym Retro*-0 26.8 37.4 58.9 78.9 66.5 69.1 72.2 75.0 4.0 5.2 6.5 7.6
Retro* 43.7 51.6 66.3 85.8 67.2 71.0 72.9 76.3 3.6 5.7 6.8 8.3

FusionRetro Retro*-0 66.3 72.6 77.4 83.2 70.6 78.1 82.8 86.1 77.6 86.2 91.6 95.0
Retro* 85.3 87.9 88.9 90.0 84.9 86.6 87.8 88.1 90.6 93.1 95.1 96.1

GuideRetro (Ours) Retro*-0 91.1 97.9 99.5 99.5 93.3 96.2 96.8 96.8 97.7 99.5 99.6 99.6
Retro* 99.5 100.0 100.0 100.0 96.3 96.6 96.8 96.8 99.2 99.5 99.6 99.6

Table 2: Search Success Rates (%) on Retro*-190, ChEMBL-1000, and GDB17-1000 datasets with varying search budgets.

different route depths. Although the performance of all meth-
ods degrades as route depth increases due to error propagation
across successive steps, GuideRetro maintains a clear perfor-
mance advantage at every depth. In particular, at a depth of 8,
GuideRetro achieves a 29.4% success rate, nearly doubling
the performance of FusionRetro (14.8%), while the vanilla
Transformer and GraphRetro exhibit near-zero success rates
(≈0%). These results indicate that incorporating global syn-
thesizability knowledge into route-aware synthesis state mod-
eling leads to more informative intermediate decisions and
improved robustness in deeper retrosynthetic planning.

Planning Success on Challenging Targets. To further as-
sess planning reliability on difficult targets, we evaluate
GuideRetro on the Retro*-190, which contains 190 challeng-
ing molecules. As shown in Table 2, GuideRetro achieves
higher success rates than prior methods under limited search
budgets, improving Retro*-0 success from 66.3% to 91.1% at
budget 50 and reaching 99.5% under Retro* at the same bud-
get. These results validate the effectiveness of GuideRetro for
reliable multi-step retrosynthetic planning.

5.3 Ablation Study (RQ2)
To evaluate the contribution of each component in
GuideRetro, we perform ablation studies on RetroBench us-

ing Greedy DFS (Table 3). Removing the Route Memory
Encoder (w/o RME) leads to the largest drop in exact match
accuracy from 40.9% to 34.0%, underscoring the necessity of
modeling the evolving retrosynthetic route. Excluding Global
Synthesizability Retrieval (w/o GSR) reduces accuracy to
33.8%, showing that route context alone is insufficient with-
out global guidance. Removing the synthesizability-aware
preference objective (w/o SPO) causes a smaller but consis-
tent decline to 36.6%, indicating the benefit of preference-
aligned pretraining. Although the gain from GSR is moder-
ate, Appendix B.2 shows that its impact increases with route
depth, indicating complementary effects across components.

5.4 Generalization Ability of GuideRetro (RQ3)
To evaluate the generalization of GuideRetro, we integrate it
with Retro* and Retro*-0 search on two out-of-distribution
benchmarks: ChEMBL-1000 and GDB17-1000. As shown
in Table 2, GuideRetro consistently achieves higher search
success rates than prior methods, with the largest improve-
ments observed under constrained search budgets. For ex-
ample, under Retro*-0 with a budget of 50, GuideRetro im-
proves success rates from 70.6% to 93.3% on ChEMBL-1000
and reaches 97.0% on the more challenging GDB17-1000
benchmark, compared to 77.6% obtained by FusionRetro.
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SCScore: 3.00 1.981.72 1.08 1.25
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Figure 3: Retrosynthetic routes for the same Retro*-190 target molecule (SCScore = 3.00), predicted by GuideRetro (top) and FusionRetro
(bottom). Arrows denote retrosynthetic steps with SCScore changes; the dashed box shows a reference route for a similar molecule.

Figure 4: Planning success rate vs. route depth under Greedy DFS.

Under Retro* search, GuideRetro achieves 97.7% success
on GDB17-1000 at the same budget and consistently outper-
forms FusionRetro across datasets and budgets. These results
demonstrate that GuideRetro generalizes well across diverse
chemical spaces and search settings.

5.5 Case Study
To provide a qualitative comparison, we analyze retrosyn-
thetic routes generated by GuideRetro and FusionRetro for a
target molecule (SCScore = 3.0) from Retro-190*. As shown
in Figure 3, GuideRetro finds a synthesis route with only
two model calls, while FusionRetro requires fifteen calls.

Model Variant Exact Match (%) ∆ Drop

GuideRetro w/o RME 34.0 −6.9
GuideRetro w/o GSR 33.8 −7.1
GuideRetro w/o SPO 36.6 −2.9

GuideRetro (Full) 40.9 –

Table 3: Ablation study of GuideRetro on RetroBench.

Along the GuideRetro route, intermediate complexity de-
creases steadily, enabling efficient convergence to starting
materials. Moreover, the resulting route is consistent with
the reference synthesis in the reaction graph. This example
highlights the effectiveness of GuideRetro for reliable and ef-
ficient multi-step retrosynthetic planning. More examples are
provided in Appendix B.4.

6 Conclusion

We introduce GuideRetro, a synthesizability-aware frame-
work for multi-step retrosynthetic planning. By learning
global synthesizability knowledge from large-scale reaction
networks and integrating it with route-aware synthesis state
modeling, GuideRetro provides effective guidance for step-
wise retrosynthetic prediction throughout the planning pro-
cess. This enables planning decisions to incorporate route-
level feasibility beyond local chemical context. Experi-
ments on multiple benchmarks demonstrate consistent im-
provements in planning accuracy, robustness, and search effi-
ciency, highlighting the value of synthesizability-aware guid-
ance for reliable retrosynthesis.
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