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Abstract

Ensuring synthesizability remains a major chal-
lenge in generative small molecule design. While
recent developments in synthesizable molecule
generation have demonstrated promising results,
they are largely confined to 2D molecular graph
space, limiting their ability to perform geometry-
based conditional generation. In this work, we
present SYNCOGEN, a single framework with
simultaneous masked graph diffusion and flow
matching for synthesizable molecule generation.
SYNCOGEN samples from the joint distribution
of molecular building blocks, chemical reactions,
and atomic coordinates. To train the model, we
curated SYNSPACE, a dataset containing over
600K synthesis-aware building block graphs and
3.3M conformers. We show that SYNCOGEN
achieves state-of-the-art performance on uncondi-
tional small molecule graph and conformer gen-
eration, and the model delivers competitive per-
formance in zero-shot in linker design. Overall,
our multimodal formulation represents a foun-
dation for future applications enabled by non-
autoregressive molecular generation, including
analogue expansion, lead optimization, and direct
structure conditioning.

1. Introduction
Generative models significantly enhance the efficiency of
chemical space exploration in drug discovery by directly
sampling molecules with desired properties. However, a key
bottleneck in their practical deployment is low synthesizabil-

1University of Toronto 2The Hospital for Sick Children
3University of Cambridge 4ETH Zürich 5Vector Institute 6Mila -
Quebec AI Institute 7McGill University 8Caltech. Correspondence
to: Andrei Rekesh <a.rekesh@mail.utoronto.ca>, Cheng-Hao Liu
<chenghao.liu@mail.mcgill.ca>.

Proceedings of the Workshop on Generative AI for Biology at the
42nd International Conference on Machine Learning, Vancouver,
Canada. PMLR 267, 2025. Copyright 2025 by the author(s).

ity—generated molecules are often difficult or impossible
to produce in the laboratory (Gao & Coley, 2020). Ad-
dressing this limitation has recently become an active area
of research. In particular, several template-based methods
(Koziarski et al., 2024; Cretu et al., 2024; Seo et al., 2024;
Gaiński et al., 2025; Gao et al., 2024; Jocys et al., 2024;
Swanson et al., 2024) have been proposed to better reflect
the chemical synthesis process. These approaches typically
operate on representations akin to synthesis graphs, which
abstract away the underlying 3D molecular structure. As a
result, they are unable to access geometric information con-
tained in molecular conformations when guiding generation
toward molecules that exhibit desirable properties.

A promising alternative for molecular design involves
spatial modeling at the atomic level. Inspired by advances
in protein structure prediction (Yang et al., 2025; Campbell
et al., 2024; Wang et al., 2025) and the development of
generative frameworks such as diffusion and flow matching,
recent work has focused on directly sampling 3D atomic co-
ordinates of small molecules (Hassan et al., 2024; Jing et al.,
2023; Fan et al., 2024). These methods learn to generate
spatially meaningful, property-aligned conformations along
with molecular graphs. The ability to model atomic struc-
ture directly increases the expressivity of these approaches,
enabling applications such as pocket-conditioned generation
(Lee & Cho, 2024), scaffold hopping (Torge et al., 2023;
Yoo et al., 2024), molecular optimization (Morehead &
Cheng, 2024), and analog discovery (Sun et al., 2025).
However, integrating synthesizability constraints into these
models remains a major challenge, and most existing 3D
generative approaches do not address this issue.

This work aims to bridge the gap between 3D molecular
generation and synthetic feasibility by introducing SYNCO-
GEN (Synthesizable Co-Generation), a generative model
capable of directly sampling highly synthesizable molecules
in 3D coordinate space (Figure 1). Our main contributions
are as follows:

• Generative Framework: We propose a novel genera-
tive framework that combines masked graph diffusion
with flow matching to jointly sample from the distribu-
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tion over building block-level reaction graphs and 3D
atomic coordinates, unifying structure- and synthesis-
aware modeling.

• Molecular Dataset: We curate and release a new
datasetSYNSPACE comprising 622,766 synthesizable
molecules represented as building block-level reaction
graphs, along with 3,360,908 associated low-energy
conformations. Compared to existing synthon-based
datasets, ours enables the training of models that gener-
ate more readily synthesizable molecules and directly
suggest streamlined synthetic routes.

• Empirical Validation: We demonstrate thatSYNCO-
GEN outperforms existing methods in 3D molecule gen-
eration, all while modelling the reaction steps. As a
multimodal model,SYNCOGEN can further predict con-
formations or generate discrete graphs. Lastly,SYNCO-
GEN performs zero-shot conditional molecular genera-
tion tasks such as linker design, highlighting its applica-
bility for drug-discovery.

2. Background and Related Work

Flow Matching. Given two distributions� 0 and� 1, and
an interpolating probability path� t such that� t =0 = � 0

and� t =1 = � 1, �ow matching (Lipman et al., 2023) aims
to learn the underlying vector �eldut that generates� t .
Directly regressingut with a parametric versionv� is un-
fortunately not possible asut is typically not known in
closed form. Instead, �ow matching de�nes a conditional
probability path� t j1 and its corresponding vector �eldut j1.
The marginal vector �eldut can then be learnt withv� by
regressing againstut j1 with the CFM objective:

L CFM(� ) = Et; x 1 � � 1 ;x � � t j 1 ( �j x 1 ) jj vt (x ; � ) � ut j1(x jx1)jj2

(1)

Masked Discrete Diffusion Models. Consider a clean
data-pointx � � data, wherex is represented as a one-hot
encoding overK categories. Discrete diffusion models
(Austin et al., 2021; Sahoo et al., 2024) map the com-
plex data distribution� data to a simpler distribution via
a Markov process, with absorbing (or masked) diffusion
being the most common. In the masked diffusion frame-
work, the forward interpolation process(� t )t 2 [0;1] with the
associated noise schedule(� t )t 2 [0;1] results in marginals
q(zt jx ) = Cat(zt ; � t x + (1 � � t )m), wherezt andm de-
note intermediate latent variables and the one-hot encoding
for the special[MASK] token, respectively. The correspond-
ing posterior can be derived as:

q(zs jzt ; x) =

(
Cat(zs; zt ); zt 6= m
Cat(zs; (1 � � t )m +( � s � � t )x

1� � t
); zt = m

(2)

In the reverse process, one typically estimatesp� (zs jzt ),
whose optimal form matches Equation (2):

p� (zs jzt ) =

(
Cat(zs; zt ); zt 6= m
Cat(zs; (1 � � t )m +( � s � � t )x � (z t ;t )

1� � t
); zt = m

(3)

Sahoo et al. (2024) include two modi�cations tox � , namely
zero-masking probabilitiesandcarry-over unmasking,
leading to improved likelihoods. We also use this in this
work.

3D Molecular Generation. Several recent works (Irwin
et al., 2025; Le et al., 2023; Vignac et al., 2023; Huang
et al., 2023; Dunn & Koes, 2024) tackle the problem of
unconditional molecular structure and atomic co-generation
by sampling from the joint distribution over atom types and
coordinates. However, like all models that generate atomic
coordinates directly, they lack the ability to constrain the
design space to molecules accessible via synthetic chemistry.
A concurrent work (Shen et al., 2025) recently explored the
use of generated 3D structures to guide GFlowNet policies
in designing the graph of synthon-based linear molecules,
although it does not focus on the quality of the structures.

Synthesizable Molecule Generation. Beyond directly
optimizing synthesizability scores (Liu et al., 2022; Guo &
Schwaller, 2025) – which are often unreliable – the predom-
inant approach to ensuring synthetic accessibility involves
modifying generative models to incorporate reaction tem-
plates. Early methods explored autoencoders (Bradshaw
et al., 2019; 2020), genetic algorithms (Gao et al., 2021), and
reinforcement learning (Gottipati et al., 2020; Horwood &
Noutahi, 2020). More recently, GFlowNet-based (Koziarski
et al., 2024; Cretu et al., 2024; Seo et al., 2024; Gaiński et al.,
2025) and transformer-based (Gao et al., 2024; Jocys et al.,
2024) methods have gained prominence. Synthesizability-
aware generative models have already shown practical utility
in biological discovery tasks (Swanson et al., 2024). How-
ever, most existing methods only generate molecular graphs
and do not produce 3D structures.

3. Dataset

Training a synthesizability-aware co-generation model re-
quires a dataset of easily synthesizable molecules in an
appropriate format. In addition to atomic coordinates, this
includes a graph-based representation from which plausible
synthetic pathways can be inferred. A common approach is
to use synthons—theoretical structural units that can be com-
bined to form complete molecules. While widely adopted
(Baker et al., 2024; Grigg et al., 2025; Medel-Lacruz et al.,
2025), synthon-based representations do not guarantee the
existence of a valid synthesis route, and do not directly pro-
vide one even if it exists. Moreover, they lack the �exibility
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Figure 1.SYNCOGEN is a simultaneous masked graph diffusion and �ow matching model that generates synthesizable molecules in 3D
coordinate space. Each node corresponds to a building block and edges encode for chemical reactions. Note that nodes are not necessarily
linear and that the leaving groups are not displayed.

to constrain the reaction space, which is often critical when
prioritizing high-yield, high-reliability reactions or operat-
ing within the limits of automated synthesis platforms such
as self-driving labs (Abolhasani & Kumacheva, 2023).

Alternatively, many synthesis-aware generators employ ex-
ternal reaction simulators, such as RDKit, to glue building
blocks iteratively. While convenient, such black-box steps
offer no �ne-grained control when a reagent has multiple
reaction centers, distinct atoms or atom sets that can each
serve as the speci�c site of bond formation or cleavage in a
coupling reaction. They also do not de�ne atom–atom map-
pings between reactants and products, making it impossible
to trace product atoms back to their parent building blocks,
which in turn complicates edge assignment in building block
graph generation.

To overcome these limitations, we curate a new dataset
SYNSPACE comprising pairs of building block-level reac-
tion graphs by constructing atom-level and building block-
level graphs directly. We then calculate corresponding 3D
coordinate tensors for each graph using semi-empirical
methods (Bannwarth et al., 2019). See Figure 2 for an
overview of the data creation process.

3.1. SYNSPACE: Graph Generation

We begin by constructing a vocabulary of 93 commercially
available, low-cost building blocks and 19 high-yield reac-
tion templates. This vocabulary is adapted from the col-
lection proposed by Koziarski et al. (2024), retaining reac-
tions that (1) ensure all product atoms originate from the
two input reagents, and (2) involve at most one leaving
group per reagent. We emphasize these are not only fea-
sible chemistries, but rather simple and ef�cient reactions
with readily-available building blocks that can enable rapid

multi-synthesis.

We procedurally generate theSYNSPACE from this vo-
cabulary by iteratively attaching building block graphs at
their respective reaction centers with compatible chemical
reaction templates, described in detail in Appendix A.2. Us-
ing this approach, we obtain 622,766 building block and
reaction graphs, each constructed from 2 to 4 sequential re-
actions. For each resulting molecule, we generate multiple
low-energy conformations and retain their atomic coordi-
nates, with a total of 3,360,908 conformations. We will
make the SYNSPACE publicly available.

Note: Injectivity. Many commercially available building
blocks contain multiple reaction centers, each compatible
with a different set of corresponding reaction centers on
other building blocks. In this way, a building block-level
reaction graphGb = ( X; E ) is not fully speci�ed when
edges are parametrized by the reaction alone. To achieve
an injective correspondence, we therefore label edges from
nodei to j > i by the triple

eij = ( r; v i ; vj ); (4)

wherer is the coupling reaction and(vi ; vj ) are the partici-
pating reaction centers on the source and destination blocks,
respectively. Strictly speaking, distinct stereoisomers that
differ only in post-coupling chirality collapse to the same
(X; E ) representation, but this granularity suf�ces for the
scope of the current work.

3.2. SYNSPACE: Conformation Generation

For each molecular graph, 50 initial conformers were gen-
erated with the ETKDG (Riniker & Landrum, 2015) al-
gorithm (RDKit implementation). These structures were
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Figure 2.Graphical overview of SYNSPACEcreation process.Highly synthesizable molecules are procedurally constructed by sampling
synthesis pathways from a prede�ned set of building blocks and reactions. Starting from an initial building block, a reaction center, a
compatible reaction, and a suitable reactant are selected. This process is iteratively repeated for a �xed number of reaction steps. After the
�nal structure is assembled, multiple low-energy 3D conformations are generated.

energy-minimised using the MMFF94 force �eld, and all
conformers within 10 kcal/mol of the global minimum were
retained. The resulting geometries were then re-optimised
with the semi-empirical GFN2-xTB (Bannwarth et al., 2019)
method, after which the same 10 kcal/mol energy threshold
was applied. At every stage, redundant structures were re-
moved by geometry-based clustering (RMSD < 1:5). This
work�ow yields, on average, 5.4 distinct conformers per
graph. Relative to exhaustive approaches such as CREST
(Pracht et al., 2024), the work�ow is several orders of mag-
nitude faster; despite occasionally omitting some conforma-
tions, the retained structures are diverse and reproduce the
bond-length, bond-angle, and dihedral-angle distributions
observed in CREST-derived datasets (see Section 5.1).

4. Methods

Notation. Let B be the building-block vocabulary andR
the set of reaction templates, with cardinalitiesB := jBj
andR := jRj . We writeN for the maximum number of
building blocks that any molecule in the training set can
contain, andM for the maximum number of atoms in a
single building block. For each blockb 2 B we denote its
set of reaction-center atoms byV(b); the global maximum
of these counts isVmax := max b2B jV(b)j.

Hence tensor shapes contain factors such asB + 1 (to
accommodate the masked token� X in X ), R V 2

max + 2
(to accommodate the no-edge and masked tokens� E and
� E ), together with the boundsN andM introduced above.
For any coordinate tensorC and binary maskS we de-
�ne the mask-weighted centroid and its centered version by
�CS :=

P
S� CP

S ; ~C := C � �CS :

SYNCOGEN. SYNCOGEN is a masked-diffusion genera-
tor for building block-level reaction graphs and coordinates.
Each molecule is represented by a triple(X; E; C ) where

X 2 f 0; 1gN �jBj +1 encodes the sequence of building-block
identities,E 2 f 0; 1gN � N �jRj V 2

max +2 labels the coupling
reaction (and centers) between every building block pair,
andC 2 RN � M � 3 stores all atomic coordinates. We de-
scribe the parameterization of graphs(X; E ) in detail in Ap-
pendix B.1. Training combines two diffusion schemes: 1) a
discrete absorbing processon(X; E ) using the categorical
forward kernel of Sahoo et al. (2024), and 2) acontinuous,
visibility -aware processon C whose endpoints are (i) a
rototranslationally-aligned isotropic Gaussian and (ii) a re-
centered ground truth, considering all "visible" atoms in the
prior.

In this section, we outline the most important compo-
nents of the training and sampling procedures ofSYNCO-
GEN. Speci�cally, this includes the model architecture (Sec-
tion 4.1), noising schemes (Section 4.2), training-time con-
straints (Section 4.3), and sampling procedure (Section 4.4).

4.1. Model Architecture

At each timestept, SYNCOGEN predicts building block

logits L X
t ; L E

t and a shifted coordinate estimate~̂C t
0 . The

total loss is the weighted sum of the cross-entropy term
L graph on (X; E ), the masked coordinate MSE termL MSE ,
and the short-range pairwise distance termL pair (see Ap-
pendix B.3 for the training algorithm and Appendix B.11
for loss details). We implement a modi�ed version ofSEM-
LA FLOW (Irwin et al., 2025), aSE(3) equivariant archi-
tecture originally designed for all-atom molecular design,
as the principal backbone to generate both coordinates and
graphs. AsSEMLA FLOW handles atom and atom-level
bond representations as both inputs and outputs, we de�ne
additional building-block-to-atom featurization protocols
(Appendix B.2) and atom-to-building-block output layers
(Appendix B.5).
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4.2. Noising Schemes

Graph Noising. Following Sahoo et al. (2024), we cor-
rupt true graphs(X 0; E0) using the posterior described in
Section 2. In practice, as all true edge matricesE0 are
symmetric, we symmetrize the sampled probabilities for
the noising and denoising ofE t correspondingly (see Ap-
pendix B.6).

Coordinate Noising. For any timet whereX t contains a
masked building block, we lack the information necessary
to disregard any of itsM possible atoms as padding. For
this reason, we design avisibility maskSt that considers
all M atoms for each noised coordinate at timet as valid.
We then center the prior by its visibility-masked centroid
~C1 = C1 � �C1St

. Here, all atomsa 2 supp(St ) nsupp(S0)
are potentially valid at timet, but represent padding indices
in the true molecule.

We thus must construct and interpolate a data-prior pair
( ~C1; ~C0) that contains a consistent number of valid atoms
jSt j by which both~C0 and ~C1 are centered. To handle atoms
that do not appear inC0, we record their points in~C1, re-
centerC0 by the same visibility-masked centroid, then copy
the atoms to their respective indices inC0. This process is
formalized in Section 4.2.

Here,A i is the set of all atom indicesa that constitute true
atoms inX 0. Essentially, we task the model with rearrang-
ing the true atoms while disregarding padding by learning
to �x padding atoms in place. Note thatSt = S0 for all t
whereX t contains no masked building blocks.

Algorithm 1 PAIRDATA
�
C0; S0; C1; t; X t

�

Input: C0 (clean coordinates),S0 (atom mask),C1 (prior
sample),t 2 [0; 1], X t (partially masked nodes)
Output: ~C0 (re-centered ground truth),Ct (interpolated
noisy coords)
1: Dt  f i j X t [i ] 6= � X g . denoised blocks
2: St [i; a]  1[i =2 D t _ a 2 A i ] . visibility
3: ~C1  C1 � �C1St

4: ~C0  ZEROTENSOR()
5: for all (i; a) do
6: if S0[i; a] = 1 then
7: ~C0[i; a]  C0[i; a] � �C1St

8: else ifSt [i; a] = 1 then . dummy atom
9: ~C0[i; a]  ~C1[i; a]

10: end if
11: end for
12: Ct  (1 � t) ~C0 + t ~C1

13: return
� ~C0; Ct

�

Note: Non-Equivariance. This process results in data
pairings where bothC0 andCt are properly centered ac-

cording to atoms that are possibly valid at timet. It is
important to note that under this scheme, while the model
is SE(3)-equivariant with respect to the system de�ned
by the partial maskSt , it is not equivariant with respect
to the orientation of the molecule itself unlessDc

t = ? ,
as the presence and temporary validity of masked dummy
atoms offsets the true atom centering and thus breaks both
translational and rotational equivariance.

Flexible Atom Count. Most 3Dde novomolecule gener-
ation methods requires the speci�cation of the number of
atoms. Because the prior ofSYNCOGEN is over building
blocks, we naturally handle �exible number of atoms during
generation and model any excessive atoms as ghost atoms.

4.3. Training-time Constraints

SYNCOGEN inherits various training-time simpli�cations
from MDLM (Sahoo et al., 2024), including zero masked
logit probabilities and carry-over logit unmasking. In addi-
tion to these, we implement the following:

1. No-Edge Diagonals.We set the diagonals of all edge
logit predictionsL E

� to no-edge, as no building block
has a coupling reaction-induced bond to itself.

2. Edge Count Limit. Let

kt :=
P

1� i<j � n 1
�
E t [i; j; �] =2 f � E ; � E g

�
; (5)

be the number of unmasked true edges in the upper
triangle of E t . If kt = n � 1, we have the correct
number of edges for a molecule containingn building
blocks and therefore set all remaining edge logits to� E .

3. Compatibility Masking. Assume that for someE t an
edge entry is already denoised,E t [i; j; �] = ( r; v i ; vj ),
meaning that building blocki reacts with building block
j via reactionr and centersvi 2 V(X i ), vj 2 V(X j ).
De�ne the sets ofcenter-matched reagents

BA
r;v := f b 2 B j (b; v) matches reagent A inr g;

BB
r;v := f b 2 B j (b; v) matches reagent B inr g:

(6)

For every node sloti (resp. j ) we construct a
jBj-dimensional binary mask

Xi;k = 1[bk 2 B A
r;v i

];

Xj;k = 1[bk 2 B B
r;v j

];

k = 1 ; : : : ; jBj :

(7)

so that the soft-max forX t [i; �] (resp.X t [j; �]) is eval-
uated only over the 1-entries ofXi (resp.Xj ). Anal-
ogously, once a node identityX t [j ] = b is denoised,
incoming edge channels(i; j ) with j > i are masked to
reactionse = ( r; v i ; vj ) such thatb 2 B B

r;v i
.
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Put simply, we restrict logits to disallow loops, to impose
the a limit on the number of edges, and to better ensure
the selection of chemically compatible building blocks and
reactions.

4.4. Sampling

Sampling begins by drawing a building block countn �
Cat( � frag), setting the node and edge tensors to the masked
tokens,X 1[i; �] = � X ; E1[i; j; �] = � E for every 0 �
i; j < N , and padding all(i � n) rows/columns with the
no–edge token� E . The initial coordinates are an isotropic
GaussianC1 � N (0; I )N � M � 3. From this state the sam-
pler walks backwards in diffusion time, and at each step it
(i) recenters the current coordinates by the visibility mask
St derived fromX t , (ii) generates node, edge and coordi-
nate predictions with the trained model, (iii) applies the
single-parent edge constraint (Section 4.4), (iv) draws the
next discrete state, and (v) updates coordinates by an Eu-
ler step. After a deterministic pass att = 0 we calculate�
X̂ 0; Ê0

�
= arg max k L E

� [� � � ; k] center the coordinates a
�nal time, yielding the molecule(X̂ 0; Ê0; Ĉ0). Complete
line-by-line pseudocode is provided in Appendix B.4. Addi-
tionally, we �nd inference annealing (see Appendix D.1) to
minorly improve performance at sampling time.

Constraint-Aware Edge Pruning. By construction, a
molecule containingn connected building blocks contains
exactly n � 1 edges, and fragmentj > 0 has a unique
parenti < j . Consequently, letE t

� 2 [0; 1]n � n �jRj V 2
max

be the soft-max edge probabilities produced at stept. The
routine below resolves the unique parent for every building
block columnj > 0 and returns a probability tensor~E t

�
with exactly one non–zero entry per column.

Algorithm 2 SAMPLEEDGES
�
E t

� ; n
�

Input: edge probabilitiesE t
�

Output: pruned probabilities~E t
�

1: ~E t
�  0

2: for j = 1 to n � 1 do
3: (i j ; ej ) � Cat

�
f E t

� [i; j; e ] j 0 � i < j g
�

4: ~E t
� [i j ; j; e j ]  1

5: end for
6: return ~E t

�

~E t
� is then symmetrized and fed to the discrete reverse sam-

pler described in Appendix B.6.

5. Experiments

5.1.De Novo3D Molecule Generation

We �rst studySYNCOGEN in unconditional molecule gen-
eration jointly with 3D coordinates and reaction graphs. We
evaluateSYNCOGEN against several recently published all-
atom generation frameworks which produce 3D coordinates,
including SemlaFlow (Irwin et al., 2025), EQGAT-Diff (Le
et al., 2023), MiDi (Vignac et al., 2023), JODO (Huang
et al., 2023), and FlowMol (Dunn & Koes, 2024). To iso-
late modelling from data effects, we retrain SemlaFlow on
SYNSPACEfor the same number of epochs asSYNCOGEN.

For each model, we sample 1000 molecules and compute
stringent metrics capturing chemical soundness, synthetic
accessibility, conformers quality, and distributional �delity.
Pertaining to the molecular graph, we report the RDKit
sanitization validity (Valid.) and retrosynthetic solve rate
(AiZynthFinder (Genheden et al., 2020) (AiZyn.) and Syn-
theseus (Maziarz et al., 2025) (Synth.)). For the generated
conformers, we compute the median non-bonded interac-
tion energies per atom via the force�eld method GFN-FF
and the semiempirical quantum chemistry method GFN2-
xTB (Bannwarth et al., 2019; Spicher & Grimme, 2020), as
well as PoseBusters (Buttenschoen et al., 2024) validity rate
(PB Vali.). We also evaluate the diversity (Div.) as average
pairwise Tanimoto similarity, novelty (Nov.) as the percent-
ages of candidates not appearing in the training set, and the
Fréchet ChemNet Distance (Preuer et al., 2018) (FCD) on
the distance between generated samples and the training
distribution. Details on how the metrics are computed can
be found in the Appendix.

The results are presented in Table 1. For chemical reason-
ableness, we see thatSYNCOGEN generates almost entirely
valid molecules. Our generation process mimics a multi-step
reaction pathway, and as a result our molecules are signif-
icantly more synthesizable compared to baseline methods.
Because AiZynthFinder and Syntheseus solve only 50–70
% of known drug-like molecules, our 50–72 % scores likely
underestimate true synthesizability.

For structural reasonableness, the generated conformers
reproduce the overall energy distributions and have very
favorable non-covalent interaction energies as evaluated by
relatively accurate computational chemistry methods, es-
pecially when compared to the baseline methods (Table 1
and Figure 3). This is also evident by the lack of structural
changes upon further geometric relaxation (Figure 9). The
low non-bonded energies indicateSYNCOGEN learns to
sample many intramolecular interactions, also seen with
our example samples ( Figure 8). Quantitatively, 87% of
these conformers pass PoseBusters pose plausibility checks.
Furthermore,SYNCOGEN reproduce the delicate data dis-
tribution of bond lengths, angles, and dihedrals (Figures 3
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Table 1.Comparison of generative methods.̂ /_ indicate that higher/lower is better.

Primary metrics Secondary metrics

Group Method Valid. " AiZyn. " Synth." GFN-FF# xTB-2# PB Val." FCD# Div. " Nov."

Rxns & coords SYNCOGEN 96.7 50 72 3.01 -0.91 87.2 2.910.78 93.9

Atoms & coords

SEMLA FLOW 93.3 38 36 5.96 -0.72 87.2 7.21 0.85 99.6
SEMLA FLOW w. SYNSPACE 72.0 27 48 3.27 -0.80 60.3 2.95 0.80 93.0
EQGAT-diff 85.9 37 24 4.89 -0.73 78.9 6.750.86 99.5
MiDi 74.4 33 31 4.90 -0.74 63.0 6.00 0.85 99.6
JODO 91.1 38 31 4.72 -0.74 84.1 4.22 0.85 99.4
FlowMol-CTMC 89.5 24 25 5.91 -0.68 69.3 13.00.86 99.8
FlowMol-Gaussian 48.3 6 8 4.24 -0.71 30.7 21.00.86 99.7

Table 2.Ablations studies.We incrementally remove inference
annealing, auxiliary losses, self-conditioning, scaled-noise, and
constraints to see the performance difference. All results shown are
at 50 epochs rather than 100 epochs in Table 1. See Sections 4.3
and 4.4, (Appendices B.3, B.9 and B.11).

Method Valid." GFN-FF#

Base 93.5 4.871
- Inference annealing 93.5 4.933
- Auxiliary losses 85.3 5.194
- Self-conditioning 69.0 6.424
- Scaled noise 70.4 5.091
- Constraints 42.4 67.006

and 7). For example,SYNCOGEN generates fewersp2C-
sp2N bonds that are too short, captures peaky bond angle
distributions (sp3C-sp3C-sp3N), and replicate the broad
dihedral angle distribution of the �exiblesp3C-sp3C-sp3C-
sp3C while still covering the rigid dihedral angles (e.g.,
sp3C-sp2C-sp2C-sp2C). Wasserstein-1 distances and JSD
can be found in Appendix D.3, and additional plots on other
bond lengths/angles/dihedrals can be found in Figure 7.

Training-, sampling-time and architectural ablations are
presented in Table 2 and Appendix D.1. The largest per-
formance enhancement originates froom constraints and
self-conditioning with other training/sampling details also
contributing. The performance gap betweenSYNCOGEN

and SemlaFlow retrained on our dataset underscores that
our training procedure — rather than the architecture or
dataset — is the primary driver of performance. The multi-
modal can further perform other tasks; for example, given
randomly assembled molecules from the reaction graph,
SYNCOGEN can perform zero-shot conformer generation
at a quality similar to ETKDG as implemented in RDKit
(Table 4).

Finally, SYNCOGEN captures the training distribution as
indicated by the low FCD, while generally producing novel
molecules. The generated samples have slightly lower diver-
sity as a trade-off of using a (limited) set of reaction building
blocks. All generated samples are unique.

5.2. Molecular Inpainting for Fragment Linking

To demonstrate the practical usefulness ofSYNCOGEN, we
study fragment linking (Bancet et al., 2020) to design easily-
synthesizable analogues of hard-to-make drugs. Fragment
linking in drug design enables the construction of potent
molecules by connecting smaller fragments that are known
to bind distinct regions of a target site. We formulate frag-
ment linking as a molecular inpainting task, where we �x
the identity and coordinates of two fragments in a known
ligand and sample its missing parts consistent with both
geometry and reaction grammar.

As a case study, we pick several FDA-approved, hard-to-
synthesize small-molecules with experimental crystal struc-
tures, each bound to a different target protein. These ligands
contains a match for at least two of our building blocks.
At sampling time, we condition on the substructure match
by keeping �xed fragments denoised and replacing their
coordinates with the corresponding linearly interpolated
con�guration at each time stept (see Appendix B.13 for
details).

We evaluate our generated molecules using AutoDock Vina
(Figure 4).SYNCOGEN consistently produces molecules
with docking scores on par with or better than the native lig-
and while satisfying constraints on the presence of speci�c
building blocks. Crucially, unlike existing approaches, it
also guarantees a streamlined synthetic route by design (Ta-
ble 6). Sample synthetic pathways are shown in Figure 10.
The proof-of-concept inpainting setup is directly applica-
ble for tasks such as scaffold hopping or the generation of
synthesizable analogs.

Lastly, we emphasize usingSYNCOGEN in this way does
not require any retraining, and unlike previous methods
(Schneuing et al., 2024; Igashov et al., 2024) the model links
fragments using building blocks and reactions to ensure the
synthesizability of the designs. We benchmarkedSYNCO-
GEN against the state-of-the-art, purpose-built fragment-
linking model DiffLinker (Igashov et al., 2024), and the
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Figure 3.Conformer energy and angle and bond length distribution comparisons.a) Bond lengths, b) bond angles, c) and d) dihedral
angles, e) average per-atom GFN2-xTB non-covalent interaction energies and f) average per-atom GFN-FF non-bonded interaction
energies. Comparison to baseline generative models and the kernel density estimation of the training data are shown as differences or as
solid lines.

retrosynthesis solve rate for DiffLinker is 0% where as it is
58-79% for SYNCOGEN (Table 6) .

6. Conclusion

In this work, we introducedSYNCOGEN, a generative
model for synthesizable 3D molecular design. To sup-
port training, we curated a new dataset of highly synthe-
sizable molecules paired with low-energy 3D conforma-
tions. SYNCOGEN achieves state-of-the-art performance
on standard 3D generation benchmarks, while uniquely en-
abling direct reconstruction of synthesis pathways. We also
showed its practical utility in molecular inpainting for easily-
synthesizable analog design and scaffold hopping.

While SYNCOGEN marks a signi�cant step toward
synthesizability-aware 3D generation, it also opens several
directions for future work. Currently, the model is trained
unconditionally to produce valid conformations. Future

extensions could incorporate property-conditioned genera-
tion—either through guided optimization or direct condi-
tioning on binding pockets to design high-af�nity ligands.
One limitation of the current approach is the relatively con-
strained set of reactions and building blocks, which could be
expanded to cover a broader chemical space. Nonetheless,
curated reaction vocabularies may remain advantageous in
contexts like automated or high-throughput synthesis.
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