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Abstract
Molecular assembly (MA) has long been a fundamental task
in chemistry and biology, with the potential to create new
materials and enable novel functions beyond the molecular
scale. However, its vast conformational search space poses
substantial challenges, and current generative models remain
limited in capturing molecular flexibility and preventing non-
physical poses. In this paper, we propose AssemUDB, a diffu-
sion bridge–based framework that learns transport mappings
between two distinct flexible domains for molecular assem-
bly generation. We reformulate the marginal matching con-
straint of diffusion bridges as a coupling distribution gov-
erned by unbalanced transport rather than imposing strict
conservation. Subsequently, we employ a progressive process
from structural relaxation in Euclidean space to assembly on
the SE(3) manifold. This relaxation of marginal conservation
grants the generative model greater flexibility and leads to
more physically plausible atom placements. Comprehensive
experiments demonstrate the superior performance of Asse-
mUDB. Notably, we find that the method demonstrates per-
formance comparable to, or even better than, mature tools
such as PackMol for packing tasks.

Introduction
Molecular assembly (MA) aims to model and predict how
molecular clusters organize into larger structures and func-
tional systems, and has become a widely used framework for
probing diverse molecular phenomena across chemistry, bi-
ology, and other molecular sciences (Peng et al. 2025; Guo,
Bengio, and Liu 2025; Liu et al. 2024c; Szuromi 2017). De-
spite its broad applicability, MA poses substantial compu-
tational challenges due to the complexity of intermolecular
interactions and the coupling of multiscale dynamic behav-
iors. Over the past decades, extensive efforts have been de-
voted to developing and refining high-precision simulation
algorithms for MA (Rebek 1996; Kummel 2003; Bai, Luo,
and Liu 2016). Nevertheless, supervised screening of the en-
tire search space is computationally costly for large-scale
applications due to the immense combinatorial complexity
of the search space. As molecular sciences continue to ad-
vance in tandem with rapid developments in computational
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methodologies (Liu et al. 2025a, 2024a, 2025b), generative
modeling (Zhang et al. 2024, 2025a; Zhou et al. 2025) has
emerged as a promising pathway for alleviating these chal-
lenges. By sampling directly from a distribution of ideal
molecular states, they offer a diverse and effective pathway
to circumvent exhaustive enumeration of all possible config-
urations (Guo, Bengio, and Liu 2025; Liu et al. 2024c).

Despite substantial research progress, there are observed
limitations in the current approaches to MA. Unlike other
data modalities such as text or images, molecules face ad-
ditional challenges as they have to adhere to strict physical
principles and obey the constraints of the 3D spatial geomet-
ric. Although molecular conformers typically remain largely
unchanged during assembly due to intramolecular rigidity
(Guo, Bengio, and Liu 2025; Yang et al. 2025), their rel-
ative contributions can vary substantially, and strict rigid-
ity restricts the effective search space of conformational de-
grees of freedom. On the other hand, while bond lengths and
angles tend to be stable, atomic spatial arrangements and
interaction strengths can change markedly throughout the
assembly process. Diffusion models (Grosz and Jain 2025;
Zhang et al. 2025c), which iteratively refine samples through
a probabilistic denoising process over intermediate states,
offer powerful generative capabilities and high sample qual-
ity (Susladkar et al. 2025), making them an appealing direc-
tion for MA. For training stability, one central barrier in con-
structing diffusion models over large molecular spaces lies
in designing an appropriate noise scheduling process, which
typically incurs significant inference delays (Pan et al. 2025;
Xue et al. 2024). Recent advances in flow matching (FM)
models (Martin et al. 2025; Lipman et al. 2023), mitigate
this issue by replacing stochastic noise with direct path in-
terpolation in vector fields. This often involves the sophis-
ticated design of optimal transport couplings, which impose
strict marginal conservation (Lipman et al. 2023; Corso et al.
2025)—a constraint that is itself impractical in weights al-
tered settings.

In this paper, we propose AssemUDB, a novel diffusion
bridge-based generative model capable of mapping trans-
port between flexible domains for molecular assembly gen-
eration. Draw inspiration from unbalanced optimal formula-
tions (Corso et al. 2025; Choi, Choi, and Kang 2024; Wang
et al. 2024), we formulate the task as an unbalanced trans-
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port problem between the prior distribution of weakly corre-
lated molecular conformations and the target distribution of
highly correlated crystal structures. Unlike deterministic FM
training, which can be stuck in long and complex conditional
and marginal flows when diverse data pairings are limited
(Choi, Choi, and Kang 2024), AssemUDB trains the policy
to penalize the marginals of the coupling distribution. As-
semUDB explicitly considers the possibility that marginal
non-conservation allows the flexibility to explore generated
samples at each step. We then learn transitions from Eu-
clidean relaxation to SE(3) assembly to direct molecular po-
sition updates based on a progressive rigidity process. This
design facilitates coordinated atomic placement and sub-
stantially improves the physical plausibility of the resulting
molecular assemblies.

Our main contributions are as follows:

• We propose AssemUDB, a novel framework for molec-
ular assembly generation that tackles key challenges in
modeling flexible assemblies by relaxing marginal con-
servation in diffusion bridges and applying a progres-
sively rigid optimization process.

• AssemUDB innovatively introduces unbalanced trans-
port theory to address the marginal mismatch between
prior and target distributions, along with an SE(3)-
equivariant diffusion bridge learning mechanism to pre-
serve molecular rigidity.

• Through comprehensive evaluations on molecular as-
sembly tasks, we demonstrate the effectiveness of Asse-
mUDB, highlighting its ability to generate high-quality
and physically plausible molecular assemblies.

Related Work
Molecular Assembly Modeling. The goal of molecular
assembly modeling is to describe the spontaneous orga-
nization process in which rigid molecules transition from
weakly correlated random arrangements to highly ordered
and strongly correlated structures (Guo, Bengio, and Liu
2025; Liu et al. 2024c). For example, some prior studies
explored the dynamics of molecular assembly within lim-
ited temporal and spatial scales using numerical simulation
methods, such as molecular dynamics simulations (Martı́nez
et al. 2009) and computational tools like GROMACS (Van
Der Spoel et al. 2005). While theoretically robust, these
methods are too computationally expensive for large-scale
applications (Guo, Bengio, and Liu 2025), prompting a
strong demand for more efficient generative modeling tech-
niques. Progress in deep learning has catalyzed advance-
ments across diverse fields, offering powerful tools for com-
plex data modeling (Yan et al. 2025; Liao et al. 2025; Li et al.
2023; Wu et al. 2024) and processing (Zheng et al. 2025b;
Zeng et al. 2025b; Lou et al. 2024; Zeng et al. 2025a).
Consequently, a wide range of deep learning–based assem-
bly modeling methods has emerged. For example, DiffCSP
(Jiao et al. 2023) follows the second approach by jointly
generating lattice structures and atomic positions with a pe-
riodic E(3)-equivariant denoising model, introducing frac-
tional coordinates to streamline and enhance the generation.
However, the periodic nature of the lattice is not predefined,

but rather emerges naturally after the crystallization process
is complete (Liu et al. 2024c). As a result, some studies
(Liu et al. 2024c; Guo, Bengio, and Liu 2025) have moved
toward lattice-free molecular assembly approaches, focus-
ing on the intrinsic geometry of molecular clusters instead
of assuming periodic structures. For example, the recently
proposed AssembleFlow (Guo, Bengio, and Liu 2025) in-
troduces an inertial-frame formulation to construct a refer-
ence coordinate system, enabling precise tracking of intra-
cluster orientations and motions. By decomposing molecu-
lar SE(3) transformations into translations in R3 and rota-
tions in SO(3), the method explicitly enforces translational
and rotational rigidity at each generation step within the
flow-matching framework. Despite these advances, there re-
mains a substantial gap to bridge before generative models
can be effectively applied to molecular assembly modeling.

Diffusion Models. Diffusion models (Grosz and Jain
2025; Zhang et al. 2025c) have emerged as one of the most
powerful classes of deep generative models, demonstrating
state-of-the-art performance across images (Wu et al. 2025),
videos (Ji et al. 2025), and diverse scientific domains. Diffu-
sion models operate by learning to reverse a forward noising
process that gradually perturbs data into a simple Gaussian
prior, typically an isotropic high-variance normal distribu-
tion. During generation, the model begins from this Gaus-
sian noise and iteratively refines samples through a learned
denoising process, effectively transforming an unstructured
prior into complex data distributions. Recently, diffusion
models have also shown substantial promise in scientific dis-
covery, particularly in molecular design and the generation
of complex chemical structures (Zhang et al. 2025b,c).

Schrödinger Bridge Problem. The Schrödinger bridge
problem (SBP), originally rooted in quantum mechanics,
can be reformulated as an entropy-regularized optimal trans-
port problem (Pedrotti, Maas, and Mondelli 2024; Léonard
and ,Modal-X. Université Paris Ouest, Bât. G, 200 av. de
la République. 92001 Nanterre 2014; Schrödinger 1932).
SBP seeks an optimal stochastic process that minimizes the
KL divergence from a reference dynamics while matching
prescribed marginal distributions at the initial and termi-
nal times. This formulation bears a close conceptual con-
nection to diffusion models (Pedrotti, Maas, and Mondelli
2024; Feng et al. 2023), particularly in the context of un-
conditional generative modeling (Bortoli et al. 2021; Kim
et al. 2025), where the prior distribution takes the form of
Gaussian noise (Zhu et al. 2024). Building on SBP, diffu-
sion bridge (DB) methods (Liu et al. 2025c; Huang et al.
2024) provide a unified generative framework that learns op-
timal stochastic transport by training on sample pairs drawn
from two marginal distributions. In contrast to other main-
stream score-based generative models (Pedrotti, Maas, and
Mondelli 2024), the DB exhibits broader applicability. No-
tably, DB imposes no strict constraints on the specific form
of the noise perturbation process, allowing more flexible
and diverse noise scheduling strategies (Zheng et al. 2025a),
thereby providing greater design freedom for various appli-
cation scenarios (Liu et al. 2025c; Huang et al. 2024; Zhu
et al. 2024). In this work, we build upon unbalanced trans-
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port formalization (Corso et al. 2025; Choi, Choi, and Kang
2024) to develop a diffusion-bridge framework tailored to
improve the prediction quality of molecular assembly.

Preliminary
Problem Statement. Molecules are fundamental units
that form through the linkage of multiple atoms via chem-
ical bonds. Generally, a molecular assembly system can be
represented as a pair of initial and target cluster structures
(α, s), where α = [α1,α2, . . . ,αn] ∈ Rn×3 denotes the
sequence of n atoms in the weakly correlated initial state
with αi ∈ R3 indicating the Cartesian coordinate of the i-th
atom, and s = [s1, s2, . . . , sn] ∈ Rn×3 denotes the strongly
correlated assembly structure with si representing the Carte-
sian coordinate of the i-th atom in the final assembly confor-
mation. The molecular assembly problem aims to automati-
cally infer the final strongly correlated assembly structure s
given the initial weakly correlated conformation α. Hence,
an ideal model, parameterized by θ, should be able to learn
the underlying mapping from weakly correlated conforma-
tions to their corresponding strongly correlated state distri-
butions pθ(s | α).

Diffusion Bridge. Given an initial data distribution
q0(s0), diffusion models (Zhou et al. 2024; Zheng et al.
2025a) define a forward stochastic differential equation
(SDE) that progressively perturbs samples s0 ∼ q0:

dst = f(st, t)dt+ g(t)dwt, (1)

where t ∈ [0, T ] denotes a time horizon, wt ∈ Rd is
a standard Wiener process, f : Rd × [0, 1] → Rd and
g : [0, 1] → R are termed as the drift coefficient and scalar
diffusion coefficient of st, respectively. Diffusion models re-
quire either the initial distribution q0 or the terminal dis-
tribution qT to be a simple and tractable distribution (e.g.,
isotropic Gaussian). However, in many scientific applica-
tions such as molecular design (Zhu et al. 2024; Igashov
et al. 2024), the initial state may deviate from a Gaussian
distribution. This structural restriction limits the ability of
standard diffusion models to construct stochastic paths be-
tween arbitrary, potentially highly structured distributions,
thereby motivating the development of more general DB for-
mulations that extend beyond Gaussian priors.

The diffusion bridges (Chen et al. 2025; Zhou et al. 2024;
Zheng et al. 2025a; He et al. 2024) address this limita-
tion by simulating a stochastic process that interpolates be-
tween paired distributions, conditioning the trajectory to ter-
minate at a specified endpoint sT = α. This is achieved
through Doob’s h-transform (Doob and Doob 1986; Rogers
and Williams 2000), which modifies the reference diffusion
in Eqn. (1) to enforce the terminal constraint. The results are
given by:

dst = [f(st, t) + g2(t)∇st
log q(sT = α|st)]dt

+g(t)dwt,
(2)

with boundary conditions

s0 ∼ q0 = qdata, sT = α, (3)

where q(sT = α|st) denotes the transition kernel of the
reference diffusion from time t to T .

Denote by {qt}Tt=0 the marginal distributions induced by
Eqn. (2). It can be shown that the key property of the for-
ward bridge SDE is that its conditional diffusion distribu-
tion qt|0T (st | s0, sT ) = pt|0T (st | s0, sT ) is condi-
tioned on both endpoints and takes the form of an analyti-
cally tractable Gaussian distribution. The forward process is
associated with a reverse SDE and a probability flow ODE
initiated from the terminal constraint sT = α. The reverse
SDE is given by:

dst = [f(st, t)− g2(t)(∇st
log q(st|sT = α)

−∇st log p(sT = α|st))]dt+ g(t)dwt, (4)

where ∇st
log q(st|sT = α) denotes the bridge score func-

tion and wt is the reverse-time Wiener process. The only un-
known term q(st|sT = α) can be approximated by a neural
network sθ(st, t,α) through denoising bridge score match-
ing. The training objective is:

L(θ) = EtEs0,α∼qdata(s0,α)Est∼q(st|s0,sT=α)

[w(t)∥sθ(st, t,α)−∇st
log q(st | s0, sT = α)∥22],

(5)

where w(t) is a positive weighting function. By replacing
the theoretical score function ∇st log q(st|sT = α) in Eqn.
(5) with the learned score sθ(st, t,α), we obtain practical
bridge SDEs and probability-flow ODEs that can be solved
numerically. This enables efficient sampling of the learned
diffusion bridge and thus allows the model to generate new
samples consistent with the target endpoint distribution.

Methodology
AssemUDB Algorithm
Diffusion bridges enable the transformation between arbi-
trary distributions (Zhu et al. 2025) through reverse SDEs or
probability-flow ODEs, thereby removing the restrictive as-
sumption that the initial state follow a Gaussian prior. This
property is particularly important for molecular assembly
problems, as the sampled distributions derived from initial
molecular conformations typically exhibit complex multi-
modal patterns. In our setting, we take the weakly corre-
lated molecular conformation sT as the prior distribution.
We wish to approximate an optimal stochastic transport pro-
cess that maps qT to the distribution q0, in order to generate
physically plausible molecular assembly conformations.

Unbalanced Coupling Formalization. As previously dis-
cussed, for a pair of samples (s,α) ∼ ps,α(s,α), diffusion
bridge models typically assume strict marginal distribution
preservation when constructing endpoint-conditioned diffu-
sion processes, i.e., under ideal conditions, the initial and tar-
get points s0 = s and sT = α are assumed to exactly match
the marginal distributions of the training data through a se-
quence of random variables (st)Tt=0. However, when the un-
derlying coupling structure exhibits high complexity or mul-
timodality, enforcing exact marginal conservation can con-
strain the learning, often resulting in unstable training and
degraded approximation quality. To relax this overly rigid
requirement, we draw inspiration from unbalanced optimal
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Figure 1: Overview of AssemUDB. The process begins by coupling weakly and strongly correlated pairs, followed by establish-
ing probabilistic paths through a diffusion bridge. The forward process involves learning a scoring function via interpolation,
while the reverse process leverages this learned function to reconstruct the target conformation with strong structural relevance.

transport formalizations, which relax marginal preservation
by introducing mass-variation penalties based on the Rényi
divergence of order 2 (Corso et al. 2025; Choi, Choi, and
Kang 2024; Wang et al. 2024). Specially, let q(s0, sT ) repre-
sent the coupling between the source distribution s0 and the
target distribution sT . Instead of requiring the learned bridge
to match the marginals exactly, we introduce the marginal
deviation penalty term (Corso et al. 2025). Formally, we
consider the following objective:

LUDB(θ) =EtEs0,αEst∼q(st|s0,sT=α)M0(s0, t,α)

+D2(q0 | qs0
) +D2(qsT

| qT ),
(6)

where M0(s0, t,α) is equal to w(t)∥sθ(st, t,α) −
∇st

log q(st | s0, sT = α)∥22, and D2(· | ·) denotes the
second-order Rényi divergence, which quantifies the qual-
ity difference between the generated distribution and the tar-
get marginal distribution. Note that we need to keep the
marginal deviation low for all t and q(s0, sT ), consistent
with the principles of diffusion-bridge modeling. In fact, the
two Rényi divergence terms in the objective Eqn. (6) can
be regarded as explicit regularizers for marginal deviation.
However, the complexity of q(s0, sT ) far exceeds the ex-
pressive capacity of the model itself, making this objective
computationally intractable in general (Corso et al. 2025).

Bound Approximation. To obtain a tractable training ob-
jective, we approximate the coupling distribution q and then
optimize θ while keeping q fixed. Following an argument
analogous to unbalanced transport formulations, we can de-
rive the upper bound:

min
q,θ

LUDB(θ) ≤ min
q

EtE(s0,sT )∼qw(t)∥∇st log q(st |

s0, sT = α)∥22 +D2(q0 | qs0
) +D2(qsT

| qT ).
(7)

Conceptually, this means that as the bridge distribution
q(st | s0, sT = α) varies smoothly with respect to its
conditions (i.e., exhibits a small gradient norm), and if its
marginals qs0

, qsT
are close to the desired distributions

q0, qT , then the overall loss tends to be small. SBP seeks
the most likely stochastic process connecting two marginal

distributions by minimizing the KL divergence to a refer-
ence diffusion. According to diffusion bridge theory (Zhou
et al. 2024; Zheng et al. 2025a), when the reference pro-
cess is a Gaussian diffusion and the conditional distribution
q(st | s0, sT = α) forms a Gaussian bridge, the score term
admits a closed-form solution. Upon combining with Eqn.
(7), it is clear that the minimization of minq,θ LUDB(θ) can
be interpreted as an upper bound for the unbalanced opti-
mal transport problem. The model does not need to explic-
itly model the high-order structure of the path distribution.
Instead, it implicitly shapes the diffusion trajectory by pe-
nalizing discrepancies at the endpoints and marginal distri-
butions. That is, it stabilizes path generation and reduces
computational complexity by constraining marginal diver-
gences and endpoint mismatches. Thus, we can optimize the
parameters θ using stochastic gradient descent, thereby sim-
plifying the training process, i.e.,

LUDB(θ; q) = EtEs0,α∼qdata(s0,α)Est∼q(st|s0,sT=α)

[w(t)∥sθ(st, t,α)−∇st
log q(st | s0, sT = α)∥22].

(8)

Flexible Assembly on SE(3). For a molecular cluster s
with m molecules and n atoms, we define a diffusion pro-
cess for each SE(3)-invariant measure (Pollard 2011; Ito
et al. 2025) of s on the product space SO(3)×R3, where the
SO(3) term for each atom encodes its rotational freedom in
three-dimensional space, while the R3 component describes
its translational degrees of freedom in the 3D Euclidean
space. There are various methods to represent SO(3). Di-
rectly modeling rotation matrices requires ensuring both or-
thogonality and determinant (Guo, Bengio, and Liu 2025),
which can lead to numerical instability and additional con-
straints during optimization. Following prior work, we adopt
a quaternion representation and implement it through eigen-
decomposition (Guo, Bengio, and Liu 2025; Horn, Hilden,
and Negahdaripour 1988; Bar-Itzhack 2000). This represen-
tation is particularly useful for smooth and uniform rota-
tional transformations, as the resulting matrix variables sat-
isfy orthogonality and maintain a determinant of 1, ensuring
the validity of the rotation matrix.
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Interpolation in R3. Accordingly, given the coupling
(s0,r, sT,r) ∼ q decomposed over the R3 space by s,
we define its transition kernel as q(st,r | s0,r, sT,r) =
N (µ̂t,r, σ̂

2
t,rI), where

µ̂t,r =
at,r
aT,r

SNRT,r

SNRt,r
sT,r + at,rs0,r(1−

SNRT,r

SNRt,r
), (9)

and σ̂2
t,r = σ2

t,r(1−
SNRT,r

SNRt,r
). (10)

at,r is a fixed signal scaling factor and normally takes the
value of 1.0. σt,r defines the noise schedule, and SNRt,r =
a2t,r/σ

2
t,r represents the signal-to-noise ratio at time t.

Interpolation in SO(3). We begin with a unit quaternion-
based parameterization for the rotation SO(3) group, where
the initial and final orientations are represented as s0,e and
sT,e, respectively. Similarly, the forward transition kernel is
defined as q(st,e | s0,e, sT,e) = N (µ̂t,e, σ̂

2
t,eI), where

µ̂t,e = sin((1− SNRT,e/SNRt,e)ω)s0,e/ sin(ω)

+ sin(SNRT,e/SNRt,e)ω)sT,e/ sin(ω),
(11)

and σ̂2
t,e = σ2

t,e(1−
SNRT,e

SNRt,e
). (12)

ω is the angle between s0,e and sT,e, σt,e denotes the
noise schedule, and SNRt,e = a2t,e/σ

2
t,e is the signal-to-

noise ratio at time t. This formulation preserves geomet-
ric consistency in quaternion space and forms a smooth,
structure-preserving rotational diffusion bridge through
SE(3)-equivariant interpolation and controllable covariance.

Training. For the diffusion bridge in R3, we adopt score
matching, using a neural network to approximate the true
bridge score term q(st,r | sT,r). This leads to the following
loss function:

LR3(θr; q) = EtEs0,r,α∼qdataEst,r∼q(st,r|s0,r,sT,r)[wr

(t)∥sθr (st,r, t,α)−∇st,r
log q(st,r | s0,r, sT,r)∥22].

(13)
In the rotation space SO(3), we employ a parameterized
neural network θe to approximate the rotational score func-
tion of the bridge distribution score term q(st,e | sT,e),
which is optimized at time t by minimizing

LSO(θe; q) = EtEs0,e,α∼qdataEst,e∼q(st,e|s0,e,sT,e)[we

(t)∥sθe(st,e, t,α)−∇st,e
log q(st,e | s0,e, sT,e)∥22].

(14)
Then the overall loss L for training AssemUDB can be given
by

L = LR3(θr; q) + LSO(θe; q). (15)
For coupling q, we consider two molecular configurations
to form a valid coupling pair if their assembly satisfies a
prescribed similarity cost.

Inference. In the sampling phase, we initialize the start-
ing point of the diffusion trajectory from the given initial
distribution qT (sT ), and perform reverse sampling of the
bridge process iteratively at each time step t. Upon complet-
ing the sampling, the resulting trajectories are transformed

from the SE(3)-invariant space back into the Cartesian co-
ordinate system by applying quaternion-based rotation and
translation to the local reference frame (Guo, Bengio, and
Liu 2025).

Model Architecture
The network θ consists of multiple graph attention layers
(Velickovic et al. 2018) and equivariant message passing
layers (Brandstetter et al. 2022), which jointly capture trans-
lational and rotational spatiotemporal information. Specif-
ically, we extract features from the molecular graph via
TransformerConv, and incorporates a temporal MLP layer
to enhance time dependency. To ensure translational and ro-
tational equivariance, MLP layers are separately designed in
R3 and SO(3) group spaces, which generate translational
and rotational diffusion scores by predicting edge features
and basis function coefficients. Finally, the network outputs
the information of molecular clusters via a scatter mean op-
eration across the graph, which is then used to drive the gen-
eration of molecular diffusion bridge trajectories.

Experiments
Experimental Setup
Evaluation Dataset. We evaluate the performance of our
method on the widely used COD-Cluster17 benchmark
dataset (Liu et al. 2024c), which is derived from the Crys-
tallography Open Database (Gražulis et al. 2009). To guar-
antee uniform chemical environments, the dataset is filtered
using rigorous criteria, retaining only crystal structures with
a single local environment. Given the complexity of poly-
mer crystals, those formed through intermolecular polymer-
ization are excluded due to their potential to extend across
infinite unit cells in 1D, 2D, or 3D, which would impose
extra periodic constraints and long-range interactions. The
final dataset consists of 133k molecular crystal structures,
covering a diverse range of chemical spaces and molecular
topologies (Gražulis et al. 2009).

Implementation details. In terms of architecture parame-
ters, we set both the embedding dimension and hidden layer
dimension to 128, the network depth to 5 layers, and use
8 attention head. For distance cutoff parameters, the inter-
action cutoff radius between atoms is set to 5Å, while the
clustering analysis cutoff is extended to 50Å to capture long-
range intermolecular interactions while maintaining compu-
tational feasibility. We adopt the Adam optimizer (Kingma
and Ba 2015) with an initial learning rate of 1 × 10−4, and
apply cosine annealing scheduling (Loshchilov and Hutter
2017) for learning rate decay. The dataset is split into train-
ing, validation, and test sets with a ratio of 8 : 1 : 1. The
experiments are implemented using the PyTorch 2.2.2, with
all models trained on a single NVIDIA GeForce RTX 4090
GPU equipped with 24 GB of memory.

Metrics. Following prior work (Guo, Bengio, and Liu
2025), we primarily use five evaluation metrics. i) Collision
rate: It measures the frequency of atomic collisions in the
predicted assemblies. We use covalent bond radii as the cri-
terion for detecting atomic collisions, since they offer a pre-
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Model Packing Matching Score Validity
PMS (center) (↓) PMS (atom) (↓) Compactness (↑) Collision (↓) Separation (↑)

C
lu

st
er

-5
k GNN-MD 13.80± 0.07 13.67± 0.06 100± 0.00 27.53± 0.49 0.22± 0.11

CrystalFlow-VP 17.10± 1.89 15.71± 2.69 4.87± 1.09 1.38± 0.04 35.43± 0.88
CrystalSDE-VP 19.15± 4.46 18.15± 3.02 34.00± 30.75 0.84± 0.14 53.13± 12.89
AssembleFlow 6.13± 0.10 7.27± 0.04 100± 0.00 0.33± 0.00 97.64± 0.36
AssemUDB (Ours) 5.93± 0.08 6.97± 0.02 100± 0.00 0.34± 0.02 98.08± 0.13

C
lu

st
er

-1
0k GNN-MD 13.90± 0.05 13.83± 0.06 100± 0.00 27.88± 0.49 0.23± 0.11

CrystalFlow-VP 16.01± 3.13 19.39± 4.37 4.23± 0.48 1.44± 0.03 33.35± 0.55
CrystalSDE-VP 21.39± 1.50 22.20± 3.29 16.83± 18.09 0.53± 0.35 52.48± 15.44
AssembleFlow 6.21± 0.05 7.38± 0.03 99.93± 0.05 0.31± 0.00 97.73± 0.16
AssemUDB (Ours) 6.04± 0.07 7.12± 0.09 100.00± 0.08 0.31± 0.02 98.06± 0.23

C
lu

st
er

-1
13

k GNN-MD 14.51± 0.82 22.30± 12.04 98.77± 1.73 24.29± 4.58 4.13± 5.60
CrystalFlow-VP 13.28± 0.48 13.50± 0.44 6.61± 3.17 1.51± 0.02 33.06± 1.31
CrystalSDE-VP 20.02± 3.70 18.03± 4.56 6.88± 2.82 0.55± 0.19 48.78± 1.70
AssembleFlow 6.21± 0.01 7.37± 0.01 99.98± 0.00 0.31± 0.00 98.15± 0.22
AssemUDB (Ours) 6.06± 0.02 7.12± 0.01 99.99± 0.01 0.31± 0.01 95.97± 0.32

Table 1: Performance comparison with molecular assembly baselines on the COD-Cluster 17 with 5k, 10k, and 113k datasets.
Evaluation metrics include validity and packing matching score-related measures. The best results are highlighted in bold.

Metric PackMol AssembleFlow AssemUDB

Cluster-5k

PM (center) 6.05± 0.04 6.13± 0.10 5.93± 0.08

PM (atom) 7.10± 0.05 7.27± 0.04 6.97± 0.02

Collision 0.32± 0.00 0.33± 0.00 0.34± 0.02

Separation 99.56± 0.08 97.64± 0.36 98.08± 0.13

Cluster-10k

PM (center) 6.11± 0.01 6.21± 0.05 6.04± 0.07

PM (atom) 7.16± 0.01 7.38± 0.03 7.12± 0.09

Collision 0.30± 0.00 0.31± 0.00 0.31± 0.02

Separation 99.45± 0.10 97.73± 0.16 98.06± 0.23

Cluster-113k

PM (center) 6.09± 0.01 6.21± 0.01 6.06± 0.02

PM (atom) 7.15± 0.01 7.37± 0.01 7.12± 0.01

Collision 0.30± 0.00 0.31± 0.00 0.31± 0.01

Separation 99.42± 0.03 98.15± 0.22 95.97± 0.32

Table 2: Comparison results for molecular packing design.

cise physical lower bound for bonding distances. ii) Separa-
tion: A molecular cluster is considered geometrically valid
if the minimum distance between molecules exceeds 0.5Å
(Court et al. 2020). This metric evaluates the effectiveness
of avoiding unphysical interactions at the molecular level.
iii) Compactness: Measured by the proportion of simulated
clusters with maximum atomic pairwise distances under
100Å. Higher compactness reflects more efficient spatial ar-
rangement, minimizing voids between molecules and yield-
ing denser crystal forms, in line with real crystalline pack-
ing principles. iv) & v) Packing Match Score (PMS): This
consists of atomic-level and centroid-level packing metrics,
evaluating how closely the generated assemblies resemble
reference crystal structures in spatial arrangement and pack-
ing density (Chisholm and Motherwell 2005).

Molecular Assembly
We compare the proposed AssemUDB method with several
mainstream generative baselines on the assembly structure
generation task, including GNN-MD (Liu et al. 2024b), As-
sembleFlow (Guo, Bengio, and Liu 2025), CrystalFlow-VP
(Liu et al. 2024c), and CrystalSDE-VP (Liu et al. 2024c).
For fair comparison, all methods are uniformly reproduced

nu
m

 4
93

nu
m

 7
48

nu
m

 1
68

3
nu

m
 6

97

Initial positions AssembleFlow AssemUDB

Figure 2: Weakly correlated initial positions and strongly
correlated assemblies generated by different approaches.

under our same preprocessed dataset and experimental set-
tings. As shown in Table 1, our AssemUDB method achieves
the best performance on most evaluation metrics. In partic-
ular, for validity-related metrics, AssemUDB achieves the
lowest PMS (atom) (6.97–7.12) and the lowest PMS (center)
(5.93 − 6.06), significantly outperforming the conventional
GNN-MD. Figure 2 provides a visual comparison of the
molecular assembly results under varying atomic scales. No-
tably, AssemUDB yields more compact and orderly struc-
tures, with particularly pronounced advantages in the 1683-
atom configuration.

Molecular Packing Design
Due to the high time cost and substantial resource consump-
tion of wet-lab validation, large-scale systematic evaluation
becomes infeasible. Therefore, to evaluate the applicabil-
ity of AssemUDB in molecular design scenarios, we ad-
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Figure 3: Comparison of geometric compactness properties. The average local coordination number quantifies the number of
neighboring atoms within 4.5Å. Packing density is computed using the volume of the axis-aligned bounding box.

w/
Unbalanced

Attention/
Head Layer

Packing Matching Score Validity
PMS (center) PMS (atom) Compactness Collision Separation

✘ ✔ 6.12± 0.08 7.18± 0.01 100.00± 0.00 0.35± 0.01 96.29± 0.17

✔ ✘ 6.08± 0.07 7.06± 0.03 100.00± 0.00 0.34± 0.00 97.08± 0.22

✔ ✔ 5.93± 0.08 6.97± 0.02 100.00± 0.00 0.34± 0.02 98.08± 0.13

Table 3: Ablation analysis of AssemUDB.

ditionally compare its performance to PackMol (Martı́nez
et al. 2009) in molecular packing tasks. PackMol is a ma-
ture and widely adopted tool, serving as a standard solution
for chemists and materials scientists for many years (Guo,
Bengio, and Liu 2025). As shown in Table 2, AssemUDB
performs comparably to the PackMol tool and even slightly
outperforms it on certain metrics. It shows potential to re-
place PackMol in practical molecular design applications.

Geometric Compactness
We also evaluate the additional geometric compactness of
the generated assemblies. To quantify local atomic aggre-
gation, we compute the average local coordination number
(Pan et al. 2021), i.e., the number of neighboring atoms
within a 4.5Å. Packing density is also computed using
the volume of the axis-aligned bounding box, measured in
atoms/Å3 to reflect how densely atoms are packed within
a unit volume. As illustrated in Figure 3, AssemUDB out-
performs AssembleFlow across most molecular size ranges
by producing assemblies with higher coordination numbers
and improved densities. Notably, significant advantages are
observed in the 800–900 and over 1400 atom count ranges.

Ablation Study
We conduct ablation experiments on the Cluster17-5k
dataset, and the results are shown in Table 3. The results
indicate that eliminating the umbalance strategy causes a
noticeable degradation in PMS and separation performance.
Similarly, reducing the number of attention layers in the neu-
ral network to 6 also resulted in a decline in performance,
confirming that deeper attention stacks are essential for cap-

turing the geometric dependencies. Thus, future efforts can
focus on optimising networks. The complete AssemUDB
yields optimal results, validating that each technical module
contributes meaningfully to overall model performance.

Conclusion and Limitation

In this work, we proposed an unbalanced diffusion bridge
method, a novel generative framework designed to learn
mappings between two flexible distributions. We applied
this framework to the molecular assembly task, where it
achieved outstanding performance across various bench-
marks. Comprehensive experiments demonstrate the supe-
rior performance of AssemUDB. Despite its effectiveness,
it still has several limitations: Real-world applications fre-
quently suffer from limited data availability and high data
acquisition costs. The modeling of specific physicochemical
constraints still requires further refinement. In addition, the
diffusion process involves multi-step sampling, resulting in
longer inference times relative to one-shot approaches, po-
tentially limiting its applicability in real-time scenarios.
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