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Abstract

Can we train a 3D molecule generator using data from
dense regions to generate samples in sparse regions? This
challenge can be framed as an out-of-distribution (OOD)
generation problem. While prior research on OOD genera-
tion predominantly targets property shifts, structural shifts—
such as differences in molecular scaffolds or functional
groups—represent an equally critical source of distributional
shifts. This work introduces the Geometric OOD Diffusion
Model (GODD), a novel diffusion-based framework that en-
ables training on data-abundant molecular distributions while
generalizing to data-scarce distributions under distributional
structural shifts. Central to our approach is a designated
equivariant asymmetric autoencoder to capture distributional
structural priors. The asymmetric design allows the model
to generalize to unseen structural variations by capturing
distributional priors representing distinct distributions. The
encoded structural-grained priors guide generation toward
sparse regions without requiring explicit training on such
data. Evaluated across standard benchmarks encompassing
OOD structural shifts (e.g., scaffolds, rings), GODD achieves
an improvement of 12.6% in success rate, defined based on
molecular validity, uniqueness, and novelty. Furthermore, the
framework demonstrates promising performance and gen-
eralization on canonical fragment-based drug design tasks,
highlighting its utility in learning-based molecular discovery.

1 Introduction
Geometric generative models are proposed to approximate
the distribution of complex geometries and are used to
generate feature-rich geometries (Watson et al. 2023; Xie
et al. 2022). There has been fruitful research progress
on 3D molecule generation based on geometric generative
modeling. Recent representative models for generating 3D
molecules in silico include autoregressive (Luo and Ji 2022),
flow-based models (Garcia Satorras et al. 2021), and dif-
fusion models (Hoogeboom et al. 2022). Among others,
diffusion models have demonstrated their superior perfor-
mance (Hoogeboom et al. 2022). However, these generative
models require tremendous data to mimic the training dis-
tribution. They can barely generate samples that are rare or
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QM9 Scaffold Propotion (%)

Domains In-dist OOD I OOD II
# Molecules 100,000 15,000 15,831
# Scaffolds 1,054 2,532 12,075

Dataset 76.4 11.5 12.1

EDM 91.4 2.7 4.9
GeoLDM 90.6 3.5 5.9

Table 1: Preliminary results on QM9. In distribution, OOD
I and OOD II encompass molecules with high-, low-, and
rare-frequency scaffolds, respectively.

even absent in the training set, hindering their applicability
to de novomolecule generation (Walters and Murcko 2020).
Taking a canonical molecule dataset – QM9 as our run-

ning example, diverse scaffolds of molecules have varying
proportions and frequencies in nature (Ramakrishnan et al.
2014; Wu et al. 2018). Our initial findings indicate that ex-
isting diffusion-based molecular generative models, such as
EDM (Hoogeboom et al. 2022) and GeoLDM (Xu et al.
2023), effectively capture the training data distribution, gen-
erating molecules with high-frequency scaffolds. However,
these models struggle to generate molecules with rare scaf-
folds (see Table 1). With the expressive power of state-of-
the-art diffusion-based generators, we ask: Can we train a

diffusion model using data from dense regions to generate

realistic and valid 3D samples in sparse regions?

To address the data scarcity issue, we propose leverag-
ing the concept of out-of-distribution (OOD) generalization

and framing the problem as OOD generation. Our objective,
therefore, is to train a generator with data-abundant distribu-
tion and steer it to generate samples in sparse regions. The
distribution shift generally comes from properties or core
structures, such as certain types of scaffolds, ring-structures,
fragments, or any sub-structures of molecules (Wu et al.
2018; Zhuang et al. 2023). Certain sets of fragments or prop-
erties depict distinct distributions. On the one hand, cur-
rent fragment-based methodologies focus on in-distribution
molecule generation, which is hard to generalize to generate
new samples with fragments lying in sparse regions (Ayadi
et al. 2024; Igashov et al. 2024). On the other hand, ex-
isting works on OOD generation mainly focus on prop-
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erty shifts (Lee, Jo, and Hwang 2023; Klarner et al. 2024).
They usually utilize a naive property predictor for guidance,
where the properties are scalars. Due to the sparsity of cer-
tain 3D structures, it is imperative to design new OOD gen-
erative frameworks to deal with structural shifts.
This paper presents a novel Geometric OOD Diffusion

Model (GODD) that employs distributional structural pri-
ors to guide 3D molecule generation in data-sparse regions.
To enable OOD generation under structural shifts, GODD
learns generalizable and equivariant structural representa-
tions, termed distributional structural priors, which are in-
tegrated into the denoising process. We utilize an asym-
metric encoder-decoder architecture, inspired by the success
of asymmetric autoencoders in generalizable representation
learning, to characterize these priors. This design facilitates
transferable learning across distributions, enabling general-
ization to unseen structural variations, such as OOD scaf-
folds or ring structures. The GODD workflow is illustrated
in Figure 1, with our main contributions outlined below:
First, to the best of our knowledge, we are the first study

to tackle 3D molecule generation in data-sparse regions and
frame the problem as an out-of-distribution generation prob-
lem under structural shift. We ensure and theoretically prove
that the structural priors extracted by the designed asymmet-
ric autoencoder are SE(3)-equivariant. Our proposed frame-
work does not require additional training on OOD data.
Second, we evaluate out-of-distribution generation setting

with benchmarking datasets. We compare it with alternative
baselines, including vanilla generative models, fragment-
based drug design methods, and OOD generative models.
Besides, we empirically validate the effectiveness of asym-
metric design in OOD generation with ablation studies. Ex-
tensive experimental results show that the structural priors
enable the model to generate molecules with desired OOD
structural variations in data-sparse regions. The success rate
of molecules generated by GODD is improved by up to
12.6% compared with existing methods.
Third, we demonstrate that our generative framework,

guided by structural priors, can be applied to fragment-
based OOD generation. We verify that our framework can
be readily adapted to link multiple fragments under OOD
settings. Specifically, we evaluate our method with a canon-
ical fragment-based drug design task—linker design—and
showed that the proposed method exhibits promising perfor-
mance in fragment linking within the OOD context (Igashov
et al. 2024).

2 Problem Setup
Notations: Let d be the dimensionality of node features; a
3D molecule can be represented as a point cloud denoted as
G = →x,h↑, where x = (x1, . . . ,xN ) ↓ RN→3 is the atom
coordinate matrix and h = (h1, . . . ,hN ) ↓ RN→d is the
node feature matrix containing atomic type, charge features,
etc. For a given molecule G, the core structure 1 is a subgraph
of the original molecule, represented as G

f = →xf ,hf
↑.

1We recognize the distinct use of “structure” here versus in
“structure-based drug design” but retain it to denote molecular sub-
structures for clarity and readability in this work.

We explore three important substructures in this work, in-
cluding scaffold, ring-structure, and fragments. Specifically,
the scaffold is its structural framework (Bemis and Murcko
1996), termed as “chemotypes”. The ring structures are also
essential substructures in chemistry and biology (Karageor-
gis, Warriner, and Nelson 2014; Ward and Beswick 2014;
Ritchie and Macdonald 2009), which could also be a fac-
tor that incurs the distribution shift. Fragment, in drug de-
sign and biology, refers to a small, low molecular weight
compound that binds weakly but specifically to a biological
target, serving as a foundational scaffold in fragment-based
drug discovery (FBDD) (Murray and Rees 2009; Ayadi et al.
2024; Igashov et al. 2024).
Out-of-Distribution (OOD) Generation Problem: We

consider the problem of OOD generation in the following
two scenarios: OOD scaffold and OOD ring-structure gener-
ation, respectively. Given a collection of molecules as train-
ing samples and corresponding in distributional substruc-
ture set (including scaffold, ring-structure, or fragments) de-
noted as {GI}, {Gf

I
}, respectively. OOD generation aims to

learn a generative model that can generate valid and novel
molecules falling into a new distribution, where the corre-
sponding structure set is {Gf

O
}, and the OOD structure set

is unseen during training, a.k.a. {Gf

I
} ↔ {G

f

O
} = ↗. We re-

view OOD generation and fragment-based drug design in
Appendix L.

3 Method
Equivariant Asymmetric Autoencoder
Distributional Structural Prior. For a given substructure
G
f = →xf ,hf

↑, the distributional structural prior learned
from the substructure (F) is defined as F = →fx, fh↑.

Asymmetric Autoencoder. The asymmetric autoencoder
comprises an encoder E , which maps substructure G

f to a
latent space, represented as fx, fh = E(xf ,hf ). Addition-
ally, it includes a decoder D that reconstructs the latent rep-
resentation back to the original molecular space, denoted
as x̂, ĥ = D(fx, fh). Our autoencoder reconstructs the in-
put by predicting the coordinates and features of complete
atoms. The loss function computes the mean squared error
(MSE) between the reconstructed and original molecules in
the original molecular space. The autoencoder can be trained
by minimizing the reconstruction objective, expressed as
f(G,D(E(Gf ))). The encoder of the autoencoder functions
solely on the substructure G

f , while the decoder recon-
structs the input from the latent representation to the com-
plete molecule G. This asymmetric encoder-decoder design
offers promising generalization (He et al. 2022) to the la-
tent features. These features serve as structural priors and
empower the model to generate molecules with unseen sub-
structures.
Equivariant Asymmetric Autoencoder. However,

naively applying an autoencoder in the geometric domain
is non-trivial. The diffusion model within the overall frame-
work operates in 3D molecular space and necessitates con-
ditions to be either equivariant or invariant. Therefore, it is
crucial to ensure the equivariance of the conditions extracted
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Figure 1: The Illustration of the Proposed GODD Framework. (a): GODD leverages OOD structures as priors to guide genera-
tion toward data-sparse regions. (b): Training pipeline and generation pipeline for our proposed GODD framework.

by the autoencoder. To achieve this, we design our asymmet-
ric autoencoder based on the Equivariant Graph Neural Net-
works (EGNNs) (Satorras, Hoogeboom, and Welling 2021),
thereby incorporating equivariance into both the encoder Eω
and decoder Dε, where ω and ε are two learnable EGNNs.
equivariant design ensures that the latent representations fx
and fh encoded by the encoder from substructures are 3-
D equivariant and k-d invariant, respectively. Consequently,
Equivariant Asymmetric Autoencoder (EAAE) extracts both
invariant and equivariant conditions, as expressed below:

Rfx + t, fh =Eω(Rxf + t,hf ) (1)

Rx̂+ t, ĥ =Dε(Rfx + t, fh), (2)

for all rotations R and translations t. Detailed architecture
information about the asymmetric autoencoder can be found
in Appendix B. The point-wise latent space adheres to the in-
herent structure of geometries Gf , which facilitates learning
conditions for the diffusion model and results in high-quality
molecule design.
Following (Hoogeboom et al. 2022), to ensure that lin-

ear subspaces with the center of gravity always being zero
can induce translation-invariant distributions, we define dis-
tributions of substructures xf , structural priors fx, and re-
constructed x̂ on the subspace that

∑
i
xf

i
(or fx,i and x̂i)

= 0. Then the encoding and decoding processes can be for-
mulated by qω(fx, fh|xf ,hf ) = N (Eω(xf ,hf ),ϑ0I) and
pε(x,h|fx, fh) =

∏
N

i=1 pε(xi, hi|fx, fh) and the EAAE can
be optimized by:

LEAAE(G,G
f ) = Eqω(fx,fh|xf ,hf )pε(x,h|fx, fh)

↘KL[qω(fx, fh|x
f ,hf )||

N∏

i

N (fx,i, fh,i|0, I)],
(3)

where Eqω(fx,fh|xf ,hf )pε(x,h|fx, fh) is the asymmet-
ric reconstruction loss and is calculated as L2 norm
or cross-entropy for continuous or discrete features.
KL[qω(fx, fh|xf ,hf )||

∏
N

i
N (fx, fh|0, I]) is a regulariza-

tion term between qω and standard Gaussians. LEAAE is the

standard VAE loss and is the variational lower bound of log-
likelihood. The equivariance of the loss, which is crucial for
geometric graph generation, is expressed as follows:
Theorem 3.1 If LEAAE is an SE(3)-invariant varia-

tional lower bound to the log-likelihood, i.e., for any

substructure →xf ,hf
↑ and molecule →x,h↑, we have

≃R and t, LEAAE(x,h,xf ,hf ) = LEAAE(Rx+t,h,Rxf+
t,hf ).

Theorem 3.1 guarantees that the asymmetric autoencoder
is SE(3)-equivariant, ensuring that the extracted condition-
ing features obey the required symmetry constraints and that
the conditional denoising step of the geometric diffusion
model remains equivariant. The full proof is provided in Ap-
pendix C. In summary, EAAE encodes the structural prior
G
f with the encoder E to produce equivariant latent features

fx and invariant latent features fh. These features serve two
roles: they are fed to the decoderD for reconstruction, which
regularizes the latent space, and they are used as symmetry-
aware conditions to guide the diffusion denoising process.
The precise conditioning mechanism is detailed in the next
section.

Structural Prior Steered Diffusion Model
Generally, geometric diffusion models are capable of con-
trollable generation with given conditions s by modeling
conditional distributions p(z|s). This modeling in DMs
can be implemented with conditional denoising networks
ϖϑ(z, t, s) with the critical difference that it takes additional
inputs s. However, an underlying constraint of such use is
the assumption that s is invariant. By contrast, a fundamen-
tal challenge for our method is that the conditions for the
DM contain not only invariant features fh but also equivari-
ant features fx. This requires the distribution pϑ(z0:T ) of our
DMs to satisfy the critical invariance:

≃ R, pϑ(zx, zh, fx, fh) = pϑ(Rzx, zh,Rfx, fh), (4)
where zx and zh are the noises. To achieve this, we should
ensure that (1) the initial distribution p(zx,T , zh,T , fx, fh)
is invariant, which is already satisfied since zx,T is pro-
jected down by subtracting its center of gravity after sam-
pling from standard Gaussian noise. With the fx, fh is
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obtained by equivariant Eω (Equations 1); (2) the con-
ditional reverse processes via ϱ, which is expressed as
pϑ(zx,t↑1, zh,t↑1|zx,t, zh,t, fx, fh), are equivariant:

≃ R, pϑ(zx,t↑1, zh,t↑1|zx,t, zh,t, fx, fh)

= pϑ(Rzx,t↑1, zh,t↑1, |Rzx,t, zh,t,Rfx, fh),
(5)

this can be realized by implementing the denoising network
ωϑ with EGNN that satisfy the following equivariance:

≃ R and t, Rzx,t↑1 + t, zh,t↑1 =

ωϑ(Rzx,t + t, zh,t,Rfx + t, fh, t).
(6)

To keep translation invariance, all the intermediate states
zx,t, zh,t are also required to lie on the subspace by∑

i
zx,t,i = 0 by moving the center of gravity. Analogous

to the equation in training diffusion model (Ho, Jain, and
Abbeel 2020), now we can train the Distributional Prior
Steered Diffusion Model (DSDM) by minimizing the loss:

LDSDM(G,G
f ) =

EG,E(Gf ),ϖ,t

[
w(t)⇐ω↘ ωϑ(zx,t, zh,t, fx, fh, t)⇐

2
]
,

(7)

with w(t) simply set as 1 for all steps t, where w(t) =
ϱt

2ς2
tφt(1↑φ̄t)

is the reweighting term (Ho, Jain, and Abbeel
2020). As the EGNN only receives atomic coordinates and
features zx,t and zh,t, we concatenate fx and fh to the node
features zh,t. Specifically, with node features zh,t ↓ RN→d,
a time-step embedding t ↓ RN→1, fx ↓ RN

→→3, and
fh ↓ RN

→→k, the EGNN within the denoising network ωϑ
processes coordinates zx,t ↓ RN→3 and concatenated fea-
tures zh,t ↓ RN→(d+3+k+1). Since the number of atoms of
the substructure (N ↓) is less than the number of atoms of
the molecule (N ), zeros are padded to fx and fh. We briefly
introduced diffusion models in Appendix A.

Training and Generating OOD Samples
Training. The training loss of the entire framework can be
formulated as L = LEAAE + LDSDM . To make the training
loss tractable, we also show that L is theoretically an SE(3)-
invariant variational lower bound of the log-likelihood, and
we can have:
Theorem 3.2 Let L := LEAAE + LDSDM. With certain

weights w(t), L is an SE(3)-invariant variational lower
bound to the log-likelihood.

Given the above training loss and Theorem 3.2, we can
optimize GODD via back-propagation with the reparame-
terizing trick (Kingma and Welling 2013). We provide the
detailed proof of Theorem 3.2 in Appendix D, and a formal
description of the optimization procedure in Algorithm 1 in
Appendix F. We follow the process of EDM (Hoogeboom
et al. 2022) regarding the representation for continuous fea-
tures x and categorical features h. For clarity, we provide
the details in Appendix B.
Generating OOD Molecules. With GODD trained on

dataset {GI} and given an OOD scaffold/ring-structure
G
f

O
, we can perform OOD molecule generation (a scaf-

fold OOD generative process is illustrated in Figure 8

in Appendix K). To sample from the model, one first
inputs the G

f

O
into the encoder Eω and obtains the la-

tent representation of G
f

O
denoted as structural prior

→fx, fh↑ via reparameterization. With the OOD struc-
tural prior as condition, the framework first samples
zx,T , zh,T ⇒ Nx,h(0, I) and then iteratively samples
zx,t↑1, zh,t↑1 ⇒ pϑ(zx,t↑1, zh,t↑1|zx,t, zh,t, fx, fh). Fi-
nally, the output molecule represented as →x,h↑ is sampled
from p(zx,0, zh,0|zx,1, zh,1, fx, fh). The pseudo-code of the
OOD generation is provided in Algorithm 2 in Appendix F.

4 Experiments
Experiment Setup
Datasets and Tasks.We evaluate over QM9 (Ramakrishnan
et al. 2014) and the GEOM-DRUG (Axelrod and Gómez-
Bombarelli 2022). Specifically, QM9 is a standard dataset
that contains molecular properties and atom coordinates for
130,000 3D molecules with up to 9 heavy atoms and up
to 29 atoms. GEOM-DRUG encompasses around 450,000
molecules, each with an average of 44 atoms and a maxi-
mum of 181. Dataset details and experimental parameters
are presented in Appendices G, H, and E.
Ring-Structure Molecule Generation. Ring-structure vari-

ations cause distribution shifts in this task. Using RD-
Kit (Landrum et al. 2016), we classified QM9 dataset
molecules into nine groups (0–8 rings), with molecule
counts decreasing as ring numbers increase. The QM9
dataset was split into training (0–3 rings) and five target
distributions (4–8 rings). Figure 5 in the Appendix shows
example molecules with 0–8 rings. For the GEOM-DRUG
dataset, molecules have 0–14 or 22 rings. The training set in-
cludes 0–10 rings, with five target distributions (11–14 and
22 rings), each containing fewer than 100 molecules, indi-
cating data-sparse regions.
Scaffold Molecule Generation. Scaffold variations in this

task cause distribution shifts. Using RDKit (Landrum et al.
2016), we analyzed the scaffolds of molecules in the QM9
dataset, marking those without scaffolds as ‘-’ and includ-
ing them in the total scaffold count. The dataset was split
based on scaffold frequency: the in-distribution set com-
prised 100,000 molecules and 1,054 scaffolds, most ap-
pearing ⇑ 100 times; out-of-distribution I (OOD I) in-
cluded 15,000 molecules and 2,532 scaffolds, most appear-
ing 10–100 times; and out-of-distribution II (OOD II) con-
tained 15,831 molecules and 12,075 scaffolds, each appear-
ing < 10 times. We aim to train a generative model on the
in-distribution data to produce effective molecules for target
distributions, such as OOD I and II.
Linker Design. We evaluated the framework on the linker

design task, demonstrating GODD’s proof-of-concept in
canonical fragment-based design under out-of-distribution
(OOD) settings. Notably, the GEOM-LINKER dataset ex-
hibits fragment shifts driven by molecular ring counts, with
molecules having more than eight rings being highly sparse.
For evaluation, we divided the GEOM-LINKER dataset by
ring count, designating molecules with sparse ring num-
bers as the OOD test set. Additional details on the GEOM-
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LINKER dataset and related work are provided in Appen-
dices I and L.
Baselines. We evaluate four methodological categories

for comprehensive performance comparisons: unconditional
generation, conditional generation, OOD generation, and
fragment-based drug design frameworks. 1. Unconditional
Generation: We benchmark four state-of-the-art 3D un-
conditional molecule diffusion models—EDM (Hoogeboom
et al. 2022), GeoLDM (Xu et al. 2023), EquiFM (Song
et al. 2023a), and GeoBFN (Song et al. 2023b)—to assess
the OOD generation capabilities of our proposed GODD.
2. Conditional Generation: We adapt EEGSDE (Bao
et al. 2023) and modify EDM and GeoLDM (denoted C-
EDM, C-GeoLDM, and EEGSDE) for scalar-based con-
ditional generation using ring counts as the conditional
feature to evaluate GODD’s performance in OOD ring-
structure generation. 3. OOD-Specific Frameworks: We
compare GODD against MOOD (Lee, Jo, and Hwang
2023) and CGD (Klarner et al. 2024), two dedicated OOD
generative frameworks, for ring-structure molecule gen-
eration tasks. 4. Fragment-Based Methods: We evalu-
ate DiffLinker (Igashov et al. 2024) and LinkerNet (Guan
et al. 2024) as fragment-based baselines, using the same
scaffold/ring-structure/fragment inputs as GODD. Dif-
fLinker employs a diffusion model for multi-fragment link-
ing, while LinkerNet uses Riemannian manifold-based dif-
fusion for enhanced geometric fidelity.
Metrics. Our objective is to generate effective 3D

molecules in data-sparse regions. A generated sample is ef-
fective only when it falls into the target distribution while
it is valid, unique, and novel simultaneously. Therefore, our
evaluation metrics can be defined as follows:
1. Proportion (P): Given an OOD scaffold/ring set {Gf

O
},

proportion describes the percentage of molecules that con-
tain the desired scaffold/ring-structure in {G

f

O
} among gen-

erated valid samples; 2. Coverage (C): Coverage describes
the percentage of scaffold set of the generated samples (de-
noted as {G

f

G
}) in the OOD scaffold set {Gf

O
}, which is

expressed as C = |{G
f

G
}|/|{Gf

O
}|; 3. Target atom stabil-

ity (AS): The ratio of atoms that has the correct valency
with the desired scaffold/ring-structure among all generated
molecules; 4. Target molecule stability (MS): The ratio
of generated molecules contains the desired scaffold/ring-
structure, and all atoms are stable. GEOM-DRUG dataset
has nearly 0% molecule-level stability, so this metric is
generally ignored on GEOM-DRUG (Hoogeboom et al.
2022); 5. Target validity (V): The percentage of valid
molecules among all the desired molecules, which is mea-
sured by RDkit (Landrum et al. 2016) and widely used
for calculating validity (Hoogeboom et al. 2022; Xu et al.
2023)); 6. Target novelty (N): The percentage of novel
molecules among all the desired valid molecules, the novel
molecule is different from training samples; 7. Success
rate (S): The ratio of generated valid, unique, and novel
molecules that contain the desired scaffold/ring-structure.

Results and Analysis
Ring-Structure Molecule Generation.

QM9 Dataset. All models were trained on identical
datasets containing molecules with 0–3 rings. We evalu-
ated their in-distribution (0–3 rings) and out-of-distribution
(OOD; 4–8 rings) generation performance. Results for
10,000 generated molecules per ring-count distribution are
shown in Table 2. Atom stability, molecule stability, validity,
novelty, and success rate are averaged across four training
distributions and five target distributions (full results in Ap-
pendix J). 1) Table 2 demonstrates that uncontrollable base-
line methods (e.g., EDM, GeoLDM, EquiFM, GeoBFN) ex-
hibit limited success in OOD generation, achieving ⇓ 7.0%
success rates for 4–8 ring molecules (Table 2), signifying
the challenge of OOD generation under the structural shift.
2) Incorporating explicit ring-count controls (C-EDM, C-
GeoLDM, EEGSDE) and dedicated OOD methods (e.g.,
MOOD, CGD) moderately improves OOD performance (up
to 26.2%), underscoring the difference between property
shift and structural shift and the inherent difficulty of the
latter. 3) Fragment-based approaches (DiffLinker, Linker-
Net), while using identical input data as our method, un-
derperform across all metrics, particularly in OOD settings.
This highlights both the limitations of existing fragment-
based frameworks in generalization and the critical role of
our distributional prior representations in guiding molecu-
lar generative models. 4) Our GODD achieves a 40.5% suc-
cess rate. Moreover, we observe that most methods (i.e.,
C-GeoLDM, C-EDM, and EEGSDE) and OOD methods
(MOOD and CGD) cannot generate 8-ring molecules, re-
flecting the difficulty of generating those complex and sparse
molecules in the original QM9 (only 36 8-ring molecules).
Our results validate that GODD achieves robust OOD 3D
molecule generation, even under challenging ring-structure
shifts and data-sparse distributional regimes. These findings
underscore the necessity of domain-specific inductive biases
for generalizable molecular generation in low-data settings.
GEOM-DRUG Dataset. Table 3 presents statistical com-

parisons of molecular generation methods for rare ring sys-
tems (11–14 and 22 rings) on the GEOM-DRUG dataset,
where molecules with higher ring counts exhibit extreme
sparsity. Both unconditional baselines (EDM, GeoLDM,
EquiFM, and GeoBFN) and OOD baselines (MOOD and
CGD) fail to generate molecules exceeding 10 rings. Al-
though DiffLinker and LinkerNet incorporate OOD struc-
tural priors, they underperformGODD across all metrics, in-
cluding proportion (p < 0.1015), validity (11.0% vs. 5.01%
and 7.92%), and novelty (13.8% vs. 6.25% and 9.73%).
These results further confirm that fragment-based drug de-
sign methods inherently lack OOD generalization capabil-
ities. In contrast, GODD achieves an average success rate
of 13.8% for OOD ring counts despite being trained exclu-
sively on molecules containing 0–10 rings, demonstrating
robust generalization.

Scaffold Molecule Generation. In the task of OOD scaf-
fold molecule generation, the structural sparsity of scaf-
folds (12,075 unique scaffolds among 15,831 molecules)
precludes effective classifier training or the definition of
specific scalar properties for conditional or existing OOD
generative models. Consequently, conditional and OOD-
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Metrics → P (%) in Distributions P (%) in OOD Generation AS MS V N S
# Rings 0 1 2 3 4 5 6 7 8 Averaged Metrics (%)
QM9 10.2 39.3 27.6 15.1 4.4 2.7 0.6 0.2 0.0 99.0 95.2 97.7 - -
EDM 10.5 39.8 28.0 14.5 4.0 2.9 0.2 0.1 0.0 11.0 9.7 10.5 6.8 6.3

GeoLDM 12.0 38.6 27.0 15.3 4.6 2.2 0.2 0.1 0.0 10.9 9.1 10.4 6.4 5.9
EquiFM 12.1 44.1 29.8 11.8 1.7 0.5 0.0 0.0 0.0 11.0 9.7 10.4 6.8 6.3
GeoBFN 2.8 41.5 32.1 15.7 4.7 2.7 0.3 0.1 0.0 10.9 9.1 10.4 6.7 6.1
C-EDM 98.9 94.2 80.8 64.4 12.6 26.8 0.3 0.1 0.0 41.3 33.9 38.0 27.3 24.1

C-GeoLDM 97.1 89.4 74.2 52.4 22.3 22.7 0.9 0.2 0.0 39.1 31.5 35.7 28.3 25.0
EEGSDE 98.4 92.2 77.6 58.2 14.1 17.6 0.3 0.0 0.0 39.1 31.1 35.7 27.2 24.2
MOOD 80.7 87.1 86.1 73.3 34.1 32.3 10.3 0.2 0.0 44.3 39.0 42.1 27.7 25.5
CGD 82.3 84.8 86.2 83.6 34.4 22.4 10.3 10.1 0.0 45.5 40.0 43.2 28.4 26.2

DiffLinker 99.7 99.9 99.0 91.4 84.7 75.6 74.6 63.2 59.4 78.8 53.7 70.3 48.4 26.4
LinkerNet 99.8 99.6 88.8 87.2 83.2 73.7 66.1 64.7 59.2 76.0 51.6 72.2 54.4 37.0
GODD 99.9 99.8 99.1 97.6 92.5 89.7 78.7 88.2 82.1 83.1 54.0 77.9 70.3 40.5
C-: C-EDM and C-GeoLDM are trained with conditioning on ring counts.

Table 2: Results of molecule proportion in terms of ring-number (P), atom stability (AS), molecule stability (MS), validity (V),
novelty (N), and success rate (S). QM9 contains 36 eight-ring molecules, and the proportion is nearly 0.

Averaged metrics (%) ⇔
Method P AS V N S

GEOM-DRUG 0.00 86.50 99.90 - -
EDM 0.00 0.00 0.00 0.00 0.00

GeoLDM 0.00 0.00 0.00 0.00 0.00
EquiFM 0.00 0.00 0.00 0.00 0.00
GeoBFN 0.00 0.00 0.00 0.00 0.00
MOOD 0.00 0.00 0.00 0.00 0.00
CGD 0.00 0.00 0.00 0.00 0.00

DiffLinker 6.29 5.21 5.01 6.25 4.16
LinkerNet 10.15 8.36 7.92 9.73 7.75
GODD 13.8 11.4 11.0 13.8 10.9

Table 3: Results of molecule proportion in terms of ring
number (P), atom stability (AS), molecule validity (V), nov-
elty (N), and success rate (S). The number of molecules with
above 11 rings in GEOM-DRUG is lower than 100.

specific frameworks are excluded from consideration. All
baseline methods were trained exclusively on in-distribution
data. Upon completion of training, each model generated
15,000 molecules under in-distribution, OOD-I, and OOD-
II settings. Quantitative results across evaluation metrics
are presented in Table 4, Table 5, and Figure 2. Base-
line methods (EDM, GeoLDM, EquiFM, GeoBFN) produce
molecules with scaffold proportions closely resembling the
training distribution but fail to adequately approximate the
target OOD-I and OOD-II distributions (Table 4). Fragment-
based methods (DiffLinker, LinkerNet) achieve reasonable
in-distribution performance but demonstrate marked degra-
dation in OOD generation, with a 12% reduction in scaf-
fold coverage for the highly sparse OOD-II scaffolds. This
further corroborates the limitations of fragment-based ap-
proaches in OOD scenarios. In contrast, our proposed
GODD framework successfully generates OOD molecules

GODD

Figure 2: Visualization of Coverage. Molecules generated
by the proposed method cover more OOD scaffolds.

containing specified target scaffolds when provided with
molecular substructures, achieving scaffold proportions ex-
ceeding 95% for both OOD distributions. The method
demonstrates consistent performance across in-distribution
and OOD settings, validating the efficacy of leveraging dis-
tributional priors to steer 3D molecular generation.
Notably, for OOD-II—which comprises over 12,000 dis-

tinct rare scaffolds—only GODD achieves 85.7% scaf-
fold coverage, underscoring the critical contribution of our
EAAE. GODD operates without requiring OOD training
data, instead leveraging molecular substructures as struc-
tural priors to circumvent data scarcity constraints. Under
the same condition with baselines DiffLinker and Linker-
Net, the framework achieves improvements of up to 22.3%
in molecular novelty and 12.6% in success rate relative to
fragment-based baselines. As evidenced by the atom- and
molecule-level stability metrics in Table 5, GODD demon-
strates superior capability in generating chemically stable
molecules with target scaffolds compared to existing ap-
proaches.
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Distributions In Distribution (%) OOD I (%) OOD II (%)
Metric → P C V N S P C V N S P C V N S
Data 76.4 100.0 97.7 - - 11.5 100.0 97.7 - - 12.1 100.0 97.7 - -
EDM 91.4 56.5 83.2 58.2 52.0 5.9 26.5 5.3 3.7 3.3 2.7 17.0 2.4 1.7 1.5

GeoLDM 90.6 54.3 81.7 57.8 51.0 5.9 26.7 5.3 3.8 3.3 3.5 19.0 3.2 2.3 2.0
EquiFM 91.0 56.3 86.2 48.9 46.3 5.4 27.8 5.1 2.9 2.7 3.6 17.4 0.0 0.0 0.0
GeoBFN 91.1 54.4 86.8 60.5 57.7 6.0 27.3 5.7 4.0 3.8 2.9 19.9 2.7 1.9 1.8
DiffLinker 91.8 74.8 83.9 52.8 47.7 90.3 81.8 79.0 79.9 58.7 80.4 60.1 66.2 59.7 42.8
LinkerNet 89.4 74.5 82.1 62.5 49.9 87.9 83.0 76.2 75.8 64.3 79.9 61.0 65.2 58.0 53.2
GODD 99.2 92.5 90.7 67.6 52.4 97.0 97.1 80.0 84.5 68.9 95.5 85.7 83.3 82.0 65.8

Table 4: Results of proportion (P), scaffold coverage (C), molecule validity (V), molecule novelty (N), and success rate (S).

Distributions In-dist (%) OOD I (%) OOD II (%)
# Metric⇔ AS MS AS MS AS MS

Data 99.0 95.2 99.0 95.2 99.0 95.2
EDM 90.4 73.3 5.8 4.7 2.6 2.1

GeoLDM 89.1 75.6 5.8 4.9 3.5 3.0
EquiFM 90.0 80.4 5.3 4.8 3.6 3.2
GeoBFN 90.3 82.8 5.9 5.5 2.9 2.6
DiffLinker 89.6 57.5 85.6 29.5 76.5 30.3
LinkerNet 87.3 69.2 83.5 37.3 71.5 30.6
GODD 96.1 71.3 89.5 45.6 89.0 35.1

Table 5: Results of atom stability and molecule stability.

GEOM-LINKER QED ⇔ SA ↖ V (%) ⇔ S (%) ⇔
DiffLinker 0.56 3.92 42.17 14.45
LinkerNet 0.56 3.89 48.5 18.9
GODD 0.57 3.63 65.2 22.61

Table 6: Results on the quantitative estimate of drug-likeness
(QED), synthetic accessibility (SA), validity (v), and suc-
cess rate (S) on the OOD linker design task.

Evaluation on the Task of Linker Design. Beyond va-
lidity and uniqueness, we incorporate established metrics
from prior work, including quantitative drug-likeness (QED)
and synthetic accessibility (SA) scores. Benchmark analy-
ses reveal that existing linker design methods underperform
in out-of-distribution (OOD) fragment linking, with valid-
ity rates below 50%. In contrast, our framework achieves
65.2% validity. Furthermore, our approach yields molecules
with higher QED and lower SA scores, demonstrating ad-
vantages in both drug-likeness and synthesizability. These
results demonstrate GODD as a robust solution for OOD
fragment linking, surpassing conventional methods in crit-
ical performance metrics.
Ablation Study for Evaluating the Significance of

the Asymmetric Autoencoder. We present the ablation
study in Table 7 featuring a variation of the proposed
method, GODD*, which utilizes a symmetric autoencoder.
Specifically, the autoencoder of GODD receives and re-
constructs only the substructure. The results indicate that

Distribution In-dist (%) OOD I (%) OOD II (%)
Metrics⇔ P C V P C V P C V
GODD* 99.2 98.5 85.1 95.1 96.9 58.3 94.3 84.0 35.0
GODD 99.2 92.5 90.7 97.0 97.1 80.0 95.5 85.7 83.3
Metrics⇔ AS MS S AS MS S AS MS S
GODD* 89.2 68.4 52.1 82.0 12.8 41.8 75.1 10.4 31.0
GODD 96.1 71.3 52.4 89.5 45.6 68.9 89.0 35.1 65.8

→
GODD* with a symmetric autoencoder.

Table 7: Results of proportion (P), scaffold coverage (C),
molecule validity (V), molecule success rate (S), atom sta-
bility (AS), and molecule stability (MS).

GODD* demonstrates promising in-distribution generation
and achieves better performance in scaffold coverage, align-
ing with the performance of traditional autoencoders in
the in-distribution tasks. However, GODD* performs worse
thanGODD in OOD generation. AlthoughGODD* achieves
similar proportions and coverage by receiving OOD sub-
structures, its generation quality is worse, particularly re-
garding stability and validity. This suggests that even with
substructures, GODD* is still hard to generalize to generate
valid molecules in OOD scenarios. These observations un-
derscore the effectiveness of using asymmetric autoencoder.

5 Conclusion
This paper investigated the problem of OOD molecule gen-
eration in the context of structural shifts and proposed an
asymmetric autoencoder to represent substructures as struc-
tural priors to steer the generation toward data-sparse re-
gions. Our quantitative experiments demonstrated that the
proposed method surpasses existing techniques, including
unconditional, conditional, and OOD approaches, in gener-
ating valid, unique, and novel OOD molecules with desired
substructures in data-sparse regions. Extensive quantitative
results in successful OOD generation validated the ability
of asymmetric autoencoder to encode unseen structure and
the potential of GODD in steering generation through the
encoded structural priors. Furthermore, the linker design ex-
periment confirmed the proposed method’s applicability to
fragment-based drug design. Additionally, our framework is
generative model-agnostic; it can be seamlessly integrated
into other generative models, such as latent diffusion (Xu
et al. 2023) or flow-based models (Song et al. 2023a).
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