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Abstract

Diffusion models show promise for 3D molecular gener-
ation, but face a fundamental trade-off between sampling
efficiency and conformational accuracy. While flow-based
models are fast, they often produce geometrically inaccu-
rate structures, as they have difficulty capturing the multi-
modal distributions of molecular conformations. In contrast,
denoising diffusion models are more accurate but suffer from
slow sampling, a limitation attributed to sub-optimal inte-
gration between diffusion dynamics and SE(3)-equivariant
architectures. To address this, we propose VEDA, a uni-
fied SE(3)-equivariant framework that combines variance-
exploding diffusion with annealing to efficiently generate
conformationally accurate 3D molecular structures. Specifi-
cally, our key technical contributions include: (1) a VE sched-
ule that enables noise injection functionally analogous to sim-
ulated annealing, improving 3D accuracy and reducing relax-
ation energy; (2) a novel preconditioning scheme that rec-
onciles the coordinate-predicting nature of SE(3)-equivariant
networks with a residual-based diffusion objective, and (3)
a new arcsin-based scheduler that concentrates sampling in
critical intervals of the logarithmic signal-to-noise ratio. On
the QM9 and GEOM-DRUGS datasets, VEDA matches the
sampling efficiency of flow-based models, achieving state-
of-the-art valency stability and validity with only 100 sam-
pling steps. More importantly, VEDA’s generated structures
are remarkably stable, as measured by their relaxation en-
ergy (AFErex) during GFN2-xTB optimization. The median
energy change is only 1.72 kcal/mol, significantly lower
than the 32.3 kcal/mol from its architectural baseline, Sem-
laFlow. Our framework demonstrates that principled integra-
tion of VE diffusion with SE(3)-equivariant architectures can
achieve both high chemical accuracy and computational effi-
ciency.

Code — https://github.com/peiningzhang/VEDA
Extended version — https://arxiv.org/abs/2511.09568

Introduction

Deep generative models like AlphaFold3 (Abramson et al.
2024) and RFdiffusion (Watson et al. 2023) are revolution-
izing computational drug discovery. Diffusion models have
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emerged as a dominant tool for generating 3D molecular
conformations, as their ability to model continuous genera-
tive processes—transforming random noise into structured
data—aligns naturally with atomic coordinates. By com-
bining these processes with equivariant architectures (e.g.,
EGNNSs (Satorras, Hoogeboom, and Welling 2021)), these
models generate geometrically realistic and chemically valid
structures (Hoogeboom et al. 2022).

In recent years, numerous diffusion models have been
developed for 3D molecular generation or 3D molecu-
lar conformation generation. While most research focuses
on architecture (e.g., equivariant transformers (Liao and
Smidt 2023)) or domain-specific constraints (e.g., torsion
angles (Jing et al. 2022)), the principled design of the dif-
fusion process remains under-explored (Zhang et al. 2025).
A key challenge is aligning the learning objective with the
inductive biases of SE(3)-equivariant networks, which tend
to learn identity mappings due to their message-passing
mechanism. Preconditioning (Karras et al. 2022) provides
a framework to correct this bias and improve stability, yet it
remains largely overlooked in molecular generation.

To address this gap, we propose VEDA, a principled
framework for 3D molecular diffusion where:

* To the best of our knowledge, VEDA is the first frame-
work to apply the Variance-Exploding (VE) diffusion
paradigm to the hybrid discrete-continuous domain of 3D
molecules, unifying atomic types (discrete) and coordi-
nates (continuous) within a single diffusion process that
is functionally analogous to simulated annealing.

* We propose a theoretically grounded preconditioning
scheme to correct the inductive bias of coordinate-
predicting SE(3) equivariant networks. As a comple-
mentary innovation in diffusion dynamics, we introduce
a noise schedule based on the arcsine function, which
achieves a better balance between early-stage exploration
and late-stage refinement in molecular generation.

* VEDA substantially reduces relaxation energy of gener-
ated molecules, by 90% compared to those generated by
SemlaFlowa (Irwin et al. 2025), while achieving state-of-
the-art performance on QM9 and GEOM-DRUGS, and
matching the efficiency of strong flow-based models with
significantly fewer sampling steps.
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Figure 1: An overview of the VEDA framework, detailing its training and sampling processes. During Training (top), a clean
molecule M is perturbed via Gaussian noise for coordinates (x;) and categorical masking for features (z;), defined by Eq. 1
and Eq. 3. The equivariant network fy is then trained to predict the original molecule by minimizing the combined Mean
Squared Error (MSE) and Cross-Entropy (CE) loss in Eq. 12. During Sampling (bottom), the process starts from a pure noise
distribution (a Gaussian point cloud with uniform categorical features) and iteratively refines the sample over K steps. Each
integration step ¢ involves: (1) a noise injection from (x;,2;) to (X;,Z;); (2) the network fy is applied to both coordinates
and features, with preconditioning affecting only the coordinate predictions; it outputs Tpq and the category probabilities péz)
(Eq. 6); and (3) an update combining a continuous Euler step and a Discrete Flow Matching sampler to obtain M;_1, formally
given in Eq. 13 and Eq. 14. In the diagram, blue boxes represent the main network module, gray boxes are auxiliary operations,

and arrows indicate the data flow.

Related Works assumptions. D3PM (Austin et al. 2021) established the the-

oo . - . oretical foundations for discrete diffusion using continuous-
Diffusion-Based Generative Models Denoising Diffu- time Markov chains. Subsequent developments of variants

sion Probabilistic Models (DDPMs) (Ho, Jain, and Abbeel of Discrete Flow Matching (Campbell et al. 2024; Gat et al.

2020) have become a leading class of generative models 2024) have further advanced the field with improved sam-
which learn to reverse a fqrward process that incrementally pling strategies and scalability.

corrupts data with Gaussian noise. DDPMs are extended

to continuous-time settings using score-based stochastic

differential equations (SDEs) (Song et al. 2021), incor-

porating either variance-preserving or variance-exploding De Novo 3D Molecular Generation Modern 3D molecu-
dynamics. Recent advances, particularly those utilizing lar generation heavily relies on E(3)-equivariant neural net-
Variance-Exploding (VE) SDEs with preconditioning tech- works, from pioneering architectures like EGNN (Satorras,
niques (Karras et al. 2022), have substantially enhanced Hoogeboom, and Welling 2021) to subsequent transformer-
generation quality and sampling efficiency. An alternative based models (Zhang, Chen, and Chu 2025). From a prob-
approach, Flow Matching (Lipman et al. 2023), directly abilistic modeling perspective, the field is dominated by
learns the velocity field of the data distribution’s probability a fundamental trade-off. Denoising diffusion-based meth-
flow, offering a different yet highly competitive approach to ods like EDM (Hoogeboom et al. 2022) and GeoLDM (Xu
generative modeling. Consistent with recent literature (Gao et al. 2023) achieve high conformational accuracy but suffer
et al. 2024), we consider flow matching a specialized formu- from slow sampling. Conversely, flow-based models such as
lation within the broader diffusion framework. EquiFM (Song et al. 2023a), GeoBFN (Song et al. 2023c),
and SemlaFlow (Irwin et al. 2025) are efficient but often
Discrete Diffusion Models The principles of diffusion struggle with geometric precision. This challenge is under-
have also been extended to discrete data generation, drawing scored by recent benchmark reports, which highlight the
inspiration from masked language modeling (Devlin et al. limitations of flow-based approaches in generating chem-
2019). These non-autoregressive methods are a natural fit ically accurate structures (Nikitin et al. 2025). Balancing
for the unordered structure of molecules, enabling de novo high fidelity with computational efficiency remains one of
generation without imposing artificial sequential or ordering the most pressing challenges in 3D molecular generation.
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Methodology
Preliminaries

We represent molecules as point clouds of chemical ele-
ments in 3D space, denoted by M = (x,z), where x =
(X1,...,xy) € RN*3 are the atomic coordinates of N
atoms, and z denotes non-geometric molecular attributes.
To keep notation unified, we decompose z = (h, b), where
h includes atom-level properties (e.g., atom types, charges)
and b denotes pairwise bond information.

In most graph-based models, a molecule is further repre-
sented by a graph G = (V, E), where nodes V' represent
atoms and edges F represent either inferred or explicitly de-
fined interactions between atoms. These interactions can be
constructed based on distance thresholds or chemical bond
annotations. Some models treat bond information as part
of the output (explicit bond modeling), while others infer
it post hoc based on generated atomic coordinates (implicit
bond inference). This distinction influences the architecture
and training strategy of generative models, as detailed later.

Model Architecture

To show our VEDA framework is both general and scalable,
we apply it to two architectures at different levels of com-
plexity. This dual implementation proves VEDA'’s effective-
ness across different modeling paradigms, covering both im-
plicit and explicit bond generation.

VEDA-E: Implicit Bond Modeling The VEDA-E variant
is built upon the EGNN architecture (Satorras, Hoogeboom,
and Welling 2021) from EDM (Hoogeboom et al. 2022). In
this setup, the model generates only node-centric features
h = (hy,...,hy) € R¥*? which include atom types and
charges. Diffusion is performed by adding Gaussian noise
to all continuous features. The chemical bond structure b is
not explicitly modeled during generation; instead, it is in-
ferred post hoc based on interatomic distances and chemical
valence rules, a standard practice in EDM-based molecule
generation.

VEDA-S: Explicit Bond Modeling In contrast, VEDA-S
adopts the Semla architecture from SemlaFlow (Irwin et al.
2025) to explicitly model bonds. This variant directly gener-
ates a complete molecular graph representation z = (h, b),
where h represents node features and b € RV*VN*d de-
notes the bond types between atoms. This approach is com-
patible with discrete data types by using a mask-based diffu-
sion process and a classification objective. A diagram illus-
trating the main concept of VEDA-S is provided in Figure 1.

Diffusion Dynamics

Our generative model is based on Score Diffusion (Song
etal. 2021). It includes a forward diffusion process gradually
perturbing the clean data into noise, and a learned denoising
process that recover the noise into data. The denoising pro-
cess is governed by the denoiser Dy, which takes as input
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the noisy sample x; and the noise level ¢t. We define x as
the clean data point (e.g., molecular coordinates) and X, as
the fully noised sample.

Forward Process We corrupt the continuous coordinates
x by adding Gaussian noise:

e~N (0, 1), )]
The noise level ¢ is sampled from a log-normal distribution:

t ~ LOgNOI“mal (hl V Tminﬂnaxv [% ln(Tmax/Tmin)]2), SO
t € [Twin, Tmax]) in most case.

x¢ = X0 + te,

For discrete features z, we consider two variants.
In VEDA-E, Gaussian noise is applied:

zt =20 +tn, n~N(O,I). (@)

In VEDA-S, we use time-dependent categorical masking:

m(t)
+ 5 |
where S is the number of categories, and the masking rate
function m(t) = (Int—In Tynin ) /(In Tinax — In Tinin ) aligns
the discrete corruption schedule with the continuous noise
schedule, reaching uniform distribution at ¢ = Ty ax.

z; ~ Cat | (1 —m(t)) 6(z: = zo) 3)

Our approach uses this principled VE scheduler during
training. This variance-exploding (VE) formulation is par-
ticularly suitable for modeling continuous data such as 3D
molecular structures, as it enables flexible noise schedules
and accurate noise level control in log-space, injecting a
massive amount of noise to reach lower energy. We believe
infinite separation at ¢t — co between atoms is an ideal noisy
state for molecule generation, superior to a standard Gaus-
sian prior, as it corresponds to no chemical interactions be-
tween atoms.

Preconditioning the Denoiser In 3D molecular genera-
tion with diffusion models, directly predicting coordinates
(z-prediction) is the prevailing approach, as equivariant net-
work architectures like GNNs are not well-suited for pre-
dicting noise or velocity (Irwin et al. 2025). We adopt the
preconditioning framework from Karras et al. (2022), where
the denoiser Dy is defined as a combination of the input x;
and a neural network output Fy:

(C)
(&)

Dy (xt; t) = CskipXt + Cout [FB (Cinxﬁ Cnoise)]

1
— (%0 — ¢skip(x0 + te€))

out

-Flarget =

Optimizing the preconditioning framework with a
coordinate-space MSE loss requires the network (Fj) to out-
put residuals that are uncorrelated with the input. However,
our backbone (GNN or Graph Transformer) outputs coor-
dinates via a residual connection design (He et al. 2016),
which causes Fy to produce outputs highly correlated with
x4, conflicting with the residual learning objective.

To address this mismatch, we subtract a scaled identity
component from the network output. Instead of forcing the
network to suppress its inherent bias through the loss func-
tion, we explicitly subtract the undesired identity component
from its output. Our modified denoiser is:

(6)

DG (Xz; t) = CskipXt + Cout (FB(Cinxt; Cnoise) — Ot Cin Xt)



The coefficient «; is our main contribution in this section.
It serves as the optimal linear predictor of the ground-truth

noise ”jit2 from Fiyee, Where og is the standard de-

viation of the data distribution (Karras et al. 2022). This
corresponds to the Linear Minimum Mean Squared Error
(LMMSE) solution, which yields the following closed-form
coefficient:

O4E

— 3 —_ . 2
¢ = arg min E[|| R at cin X¢||7] @)
= argmin E[|oae — arxe|’] ®)
Cov(og€, x¢) oqt
- =5 ©
Var(x:) o5+t

Using this optimal «; reduces the residual correlation with
the input and better aligns the training objective with the net-
work’s inductive bias, i.e., its preference for modeling abso-
lute coordinates.We use the standard definitions of cgip, Cout,
Cin» Cnoise> and A\, from Karras et al. (2022).

Training Objectives

For VEDA-E, we apply a mean squared error (MSE) loss to
both continuous coordinates and categorical features:

Luise = By zg.c,t [[|Do(xe, 245 t) — (%0, 20)|1%]

where (x¢, zo) represents the concatenated true coordinates

and categorical features. Following the implementation of
EDM (Hoogeboom et al. 2022), VEDA-E treats categorical
features z( as continuous during denoising and applies MSE
loss, despite their inherently discrete nature..

10)

For VEDA-S, the model predicts the original discrete fea-
tures zo via a categorical distribution py(z¢ | Zi,t). This is
optimized using a KL divergence loss:

Lxc, = Bay e [KL(3(20) || po(zo | Z,0)]. (1)
The overall loss combines continuous and discrete terms:
LVEDA-s = Acont LMSE + Adise LKL 12)

where Acont and Agisc balance the two objectives.

Sampling

We adopt the standard denoising framework where the gen-
erative process iteratively refines noisy inputs into data sam-
ples, following a predefined SDE formulation (Karras et al.
2022). Conceptually, this process is analogous to simulated
annealing. The noise level ¢ acts as a temperature parame-
ter that is gradually lowered, enabling broad exploration of
the energy landscape at high noise and convergence to low-
energy, stable conformations as noise decreases. Our model
operates under the x-prediction parameterization to directly
estimate the clean sample from its noisy counterpart. Dur-
ing sampling, VEDA-E applies continuous noise injection to
all features, while VEDA-S uses continuous noise injection
for coordinates and discrete token refinement for categori-
cal features. We now describe three interlocking sampling
components: (1) continuous denoising with amplified noise
injection, (2) discrete masked-token refinement, and (3) the
proposed arcsin noise scheduler.
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Stochastic Annealing for Continuous Coordinates Our
sampling process employs an amplified noise injection strat-
egy. This approach is governed by a hyperparameter, v > 0,
which controls the degree of noise amplification. This pro-
cess is equivalent in expectation to Gaussian smoothing on
the molecular potential energy surface with a Gaussian ker-
nel bandwidth of /2 + 2~-t; . This pronounced smoothing
suppresses local minima and surface roughness, making it
easier for the sample trajectory to find the global low-energy
basin and thereby improving the final energy metric (Miao,
Feher, and McCammon 2015).

Sampling proceeds in two substeps for each iteration i:

. Perturbation: We first set the value of ; = (14 7)t; in-
ject amplified noise into the current sample x; to reach

an intermediate state X; = x; + /{7 —t? - €, where

e~N (0, I). The noise added is substantially greater than
in standard DDPM (Ho, Jain, and Abbeel 2020) or Flow-
Matching (Lipman et al. 2023) schedules.

. Denoising & Update: The denoiser Dy(%;; ;) predicts
the clean structure, from which we extrapolate the next
sample x,;; via a Euler step:

Xit1 = Ri + (tig1 — &) (%i — Do(%i31:)) /i (13)

In VEDA-E, this two-step procedure is applied uniformly to
both coordinates and categorical features. In VEDA-S, only
the coordinates undergo amplified noise injection, while cat-
egorical features are handled separately via discrete token
refinement.

Masked Token Refinement for Discrete Variables For
discrete features in VEDA-S, we use masked token re-
finement process. This process is governed by the time-
dependent mask rate function m(t), which is designed to
align the discrete corruption with the continuous noise
schedule. Specifically, when injecting noise from noise level
t1 to t9, each token is randomly re-masked with probabil-

ity %{?};1) Additionally, we found that a simple uni-
form random re-masking strategy consistently outperformed
more complex confidence-based strategies proposed in prior
work (Nie et al. 2025). We included our comparison with the
strategies of low prediction confidence (Chang et al. 2022)

or small probability margins (Kim et al. 2025) .

For discrete sampling, our approach is a step-wise masked
sampling algorithm based on Continuous-Time Markov
Chains (CTMC) within the Discrete Flow Matching frame-
work. We implement and compare two complementary sam-
pling strategies based on this foundation.

The full transition rate combines base interpolation dy-
namics with detailed balance corrections:

Ro(2t,7) = w(t) - po(z0 = jlzt) + e - po(20 = 2e|z¢)  (14)

where w(t) = 2SComOltnm(®mm @

dependent scaling factor, and 7 is based on the categorical
noise hyperparameter 7. To determine the optimal configu-
ration, we performed a comprehensive grid search. The re-
sults confirmed that the variable setting from Campbell et al.

is the time-




(2024), where 1; = m/i(t), achieves the best and most robust

performance, outperforming both the fixed setting (1, = 7)
and the simplified DFM formulation from Gat et al. (2024).
The transition rates are thus derived to optimally combine
the model’s confidence in clean data predictions with the
stability of maintaining current token assignments

Proposed Noise Scheduler We propose an arcsin-based
noise scheduler that further improves the sampling process.
Through empirical analysis, we observe that sampling
steps corresponding to near-zero log signal-to-noise ra-
tio (log-SNR), i.e. log(signal variance/noise variance)
are especially critical for final molecular structure
formation. It aligns well with the distribution of

t LogNormal (ln VTminTmaxs [é ln(TmaX/Tmin)]Q)
used during training. To leverage this observation, let
u = /N is the normalized step index for a total of N steps.
We design an arcsin-shaped scheduler parameterized by a
tunable scalar p. Our scheduler is defined as:

~

wu)=1-p)u + p % arcsin(v/u) (15)

Tmax ) ’UJ(’U)

71min
T .
Where p € [0, 72] modulates the concentration around
T —

log-SNR ~ 0. When p = 0, the scheduler reduces to a log-
uniform schedule commonly used in prior work; as p in-
creases, more steps cluster in the mid-range. This targeted
allocation of sampling steps improves structural fidelity and
overall sample quality, especially in chemically sensitive
configurations. As shown in Figure 2, the arcsin scheduler
(p=2) closely matches the log-normal training distribution,
further supporting its design rationale.

1@ — Tmm( (16)

—— Arcsin (tho=2)
—— Arcsin (tho=1)
—— LogNormal

log uniform

Arcsin (rho=2.5)

20 60 80 100

Sampling step

20

Figure 2: The arcsin sampling scheduler is proposed to focus
on the middle part of sampling where log(SNR) is close to 0

Experiments
Experimental Setup

Model Variants To evaluate our VE-diffusion paradigm,
we implement two variants based on distinct backbones.
VEDA-E is built upon the EDM framework (Hoogeboom
et al. 2022), using an EGNN backbone and performing im-
plicit bond modeling. In contrast, VEDA-S derives from the
SemlaFlow framework (Irwin et al. 2025), adopting a Semla
backbone for explicit bond modeling.
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Atom Mol Valid  Valld &
Methods  |NFE J | g0 o)t Sta(%)t (%)7 Unique(%)t
EDM 000 | 987 82 91.9 909
GeoLDM | 1000 | 989 894 938 926
UniGEM | 1000 | 990 898 95 932
EquiFM | 210 | 989 883 947 935
GeoBEN | 2000 | 993 933 969 924
GOAT 90 | 992 - 929 920
VEDA-E | 50 | 994 937 981 979
VEDA-E | 30 | 992 915 970 968
MiDi 500 | 975 979 955 -
FlowMol2 | 100 | 999 996 995 -
EQGAT.diff| 500 | 999 987 990 988
SemlaFlow | 100 | 999 997 994 987
VEDA-S | 100 | 1000 999 996 989
VEDA-S | 50 | 1000 997 994 984
VEDA-S | 30 | 999 995 995 989

Table 1: Results on QM9. Top: bond-implicit methods
(bonds inferred from coordinates); Botfom: bond-explicit
methods (bonds generated directly). NFE = number of func-
tion evaluations. Best in each group in bold.

Datasets and Metrics We evaluate our models on
QM9 (Ramakrishnan et al. 2014) and GEOM-DRUGS (Ax-
elrod and Gomez 2022) using distinct protocols. For QM9,
we report standard metrics for chemical correctness: Atom
Stability (Atom Sta.), Molecule Stability (Mol Sta.), Valid-
ity, and Unique percentage. For the more complex GEOM-
DRUGS dataset, our main analysis followed the proto-
col proposed by Nikitin et al. (2025), which prioritizes
physical realism, reporting the fixed version of molecular
stability and validity alongside key metrics from GFN2-
xTB geometry optimization, such as relaxation energy
(APFE¢1qz), post-optimization RMSD, and the structural dif-
ference after optimization. A supplementary analysis using
the MMFF94 (Halgren 1996) force field to assess conforma-
tional energy and strain is detailed in the extended version.

Baselines We compare VEDA against leading 3D molecu-
lar generative models, grouped by bond treatment. For meth-
ods that do not explicitly generate bond structures, we con-
sider EDM (Hoogeboom et al. 2022), GeoLDM (Xu et al.
2023), EquiFM (Song et al. 2023b), GeoBFN (Song et al.
2023c), UniGEM (Feng et al. 2024) and GOAT (Hong, Lin,
and Tan 2024), all of which use equivariant architectures.
For methods with explicit bond modeling, we compare to
SemlaFlow (Irwin et al. 2025), FlowMol2 (Dunn and Koes
2024), and JODO (Huang et al. 2023), EQGAT-diff (Le et al.
2024) and Megalodon (Reidenbach et al. 2025).

Main Results

Results on QM9 As shown in Table 1, our model VEDA
achieves state-of-the-art performance on the QM9 dataset.
In the bond-implicit setting, VEDA-E achieves the highest
valid and unique rate (97.9%) with only 50 NFE, signif-
icantly outperforming methods like EDM (90.9% at 1000
NFE) and GeoLDM (92.6% at 1000 NFE). In the bond-



. Bond . .
woar e T s vacr |l B ne | Nt e, N,
EQGAT 500 3468 | 0.899 0.834 1.00 1.15 8.58 6.40 11.1 0.915 0.975
JODO 500 673 0.963 0.879 0.77 0.83 6.01 4.74 7.04 - -
Megalodon-quick | 500 - 0.944  0.900 0.66 0.71 5.58 3.19 5.76 - -
FlowMol2 100 126.3 | 0.944  0.746 1.30 1.62 15.0 17.9 24.3 0.992 1.038
SemlaFlow 100  150.3 | 0.969 0.920 3.10 2.06 6.05 32.3 91.0 0.273 0.358
Megalodon-flow 100 - 0.987 0.948 2.30 1.62 5.58 20.9 46.9 - -
VEDA-S 100 164.8 | 0.995  0.988 0.69 0.41 2.71 1.72 2.93 0.096 0.197
VEDA-S 50 84.1 | 0.968 0.966 0.86 0.60 5.10 2.99 8.38 0.236 0.355

Table 2: Performance comparison on the GEOM-DRUGS dataset. Our model, VEDA-S (bottom), is compared against
denoising-based (top) and flow-based (middle) methods. Bold values indicate the best result. Metrics include Molecular Stabil-
ity (MS), Validity & Connectivity (V&C), and Mean Absolute Error (MAE) for bond lengths, angles, and torsions. All metrics
are lower-is-better except for MS and V&C. Time (s) reports the average wall-clock time for generating one molecule. NFE is
the Number of Function Evaluations. RMSD values for some models are missing as they were not in the original benchmark.
For each model, 5000 molecules were evaluated, the full results with confidence intervals and sampling at other steps are in-

cluded in extended version.
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Computational Cost (NFE) Computational Cost (NFE)

Figure 3: Trade-off between Generation Quality and Com-
putational Cost. The figure compares our model, VEDA-S
(red), against flow-based (green) and denoising-based (blue)
models. The horizontal axis represents the computational
cost, measured by the Number of Function Evaluations
(NFE). (Left) Quality measured by molecule Validity and
Connectivity, where higher values are better. (Right) Qual-
ity measured by the median energy difference (AE;c1qz),
where lower values are better.

explicit setting, VEDA-S achieves nearly perfect atom sta-
bility and molecular stability, and a valid and unique score
of 98.9% at just 100 NFE. Even at 30 NFE, it remains com-
petitive with most baselines, highlighting its efficiency.

Results on GEOM-DRUGS We evaluate our model on
the GEOM-DRUGS dataset using the protocol from Nikitin
et al. (2025), with detailed metrics provided in Table 2. As
the results show, our VEDA-S model achieves a new state-
of-the-art performance across nearly all metrics. Notably,
this is accomplished in just 100 function evaluations (NFE),
significantly outperforming computationally expensive 500-
step models like Megalodon, and surpassing previous flow-
based approaches by a large margin in geometric accuracy.

This superior performance is not just in final quality but
also in the trade-off between sampling efficiency and gener-
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ation quality, as shown in Figure 3. The figure plots gen-
eration quality as a function of NFE. Quality is assessed
by both validity and geometric stability, measured via me-
dian relaxation energy. The results are striking: VEDA-S (in
red) consistently occupies the optimal region in both plots.
It achieves the high efficiency of flow-based models (green)
while delivering a geometric accuracy (lower AF,.¢;,,) that
is an order of magnitude better than all competitors.

To further validate this comparison, we also tested noise-
injected sampling for SemlaFlow , but observed no signif-
icant gains. However, this modification did not lead to sig-
nificant improvements. This finding suggests that VEDA’s
superior performance arises not merely from the presence of
noise, but from its systematic framework design. Even on
saturated metrics like molecular stability, our model pushes
the scores closer to 100%. Furthermore, even with just 50
steps, VEDA-S remains highly competitive, demonstrating
its excellent trade-off between sampling efficiency and gen-
eration quality.

Ablation Studies

Component Ablation Table 3 presents an ablation study
on the GEOM-DRUGS dataset. We start from the full VEDA
model and progressively remove key components to assess
their impact. Disabling preconditioning refers to setting oy
to be 0. It results in a small drop in validity and modest in-
creases in RMSD and relaxation error, showing the stabi-
lizing effect of preconditioning. Removing the noise injec-
tion leads to a substantial drop in all metrics, highlighting
its importance in guiding the denoising process. Introducing
the optimal transport (OT) alignment mechanism, as used in
SemlaFlow (Irwin et al. 2025), increases validity but signif-
icantly worsens energy and RMSD. We attribute this to OT
alignment violating the independence assumption between
noise and original molecular coordinates, which causes the
denoising direction to become overly correlated with the
aligned noise. This results in a collapse of coordinate vari-
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Figure 4: Ablation study of key hyperparameters on GEOM-DRUGS: We report MMFF94 energy and validity when varying
(left) arcsin noise factor p, (middle) noise injection level ~, and (right) sampling steps. Black circles indicate selected values

(p=2.5, v=0.4, 100 steps).

Variant |OT Noise Pre| V&CT M.S.T E.| R.|
VEDA (Full) | X v v | 988 995 1.72 0.096
— Pre X v X 97.9 985 2.14 0.153
— Noise X X vV | 959 97.6 6.29 0.382
— Noise & Pre | X X X | 938 929 10.1 0.409
+ OT Align v X X | 91.7 96.0 23.5 0.557
SemlaFlow v o X X | 920 969 323 0.273

Table 3: Ablation study on GEOM-DRUGS. Each variant
enables (v') or disables (X) key components of VEDA: OT
alignment (OT), noise injection (Noise), and precondition-
ing (Pre). V&C 1 and M.S.1 are reported as percentage-
based metrics. The last two rows share the same component
configuration and differ only in their time parameterization
(VE vs. FM).

ance during sampling and degrades overall sample quality.
These results show that each module in VEDA provides
complementary improvements to accuracy and validity.

Hyperparameter Sensitivity We performed a sensitivity
analysis to support our final hyperparameter choices, as
shown in Figure 4. For the arcsin scheduler factor, p, the
model performs robustly across p € [2.0,2.75], approach-
ing the theoretical limit where the scheduler function re-
mains monotonic. For the noise injection level v follows the
expected annealing behavior, where an intermediate value
achieves the best trade-off. Finally, validity saturates around
100 sampling steps, offering an efficient trade-off between
quality and cost.

Discussion

Our findings regarding optimal transport alignment, used
in prior works like SemlaFlow(Irwin et al. 2025), reveals
a critical design principle: training strategies must not only
improve the loss but also consider their impact on down-
stream sampling. Our ablation study shows that seemingly
beneficial optimizations can violate core statistical assump-
tions—like noise-data independence—that are crucial for
generating diverse and valid molecules.

While two-step (e.g., 2D or SMILES-to-3D) generation
pipeline are often considered simpler and more scalable, we
argue that native 3D generative capability is essential for de-

signing functional molecules in constrained environments
like protein pockets. This necessity is underscored by re-
cent benchmarks showing that current target-aware diffusion
models frequently produce invalid geometric structures, de-
spite their high docking scores (Baillif et al. 2024). There-
fore, enhancing the foundational 3D generative model, as we
have focused on in this work, is critical for future success in
structure-based design.

Conclusions

In this work, we introduced VEDA, a novel equivariant gen-
erative model for 3D molecular structures that unifies con-
tinuous and discrete generative processes within a single
framework. Through comprehensive experiments on QM9
and GEOM-DRUGS, we show that VEDA not only sur-
passes strong baselines like GeoBFN and SemlaFlow in
structural validity and stability metrics, but also delivers ef-
ficient generation thanks to its unified diffusion framework.
Ablations studies validate that both the amplified VE noise
schedule and the discrete sampling mechanism are critical
to VEDA'’s performance.

The success of VEDA in unconditional generation estab-
lishes a robust foundation, opening a clear and immediate
path toward property-guided molecular design. A natural
extension is to condition the generative process on target
chemical properties such as binding affinity or solubility,
leveraging VEDA’s unified framework to guide generation
toward desired molecular profiles. Beyond conditional gen-
eration, we identify a fundamental limitation shared across
current diffusion models: reliance on implicit velocity pre-
diction through score matching. Future equivariant archi-
tectures should be designed to explicitly output the time-
dependent vector field vg(x,t). This would align training
objectives with advanced samplers like Consistency Flow
Matching (Lu and Song 2025) and MeanFlow (Geng et al.
2025), further improving sampling efficiency and unlocking
one- or few-step integration.

The power of VEDA lies in its core approach: it uses VE
diffusion to smooth the geometric landscape with controlled
noise, while seamlessly integrating discrete atomic features.
This principled fusion of dynamics and geometry offers an
effective blueprint for the future of molecular design.
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