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A generative model capable of sampling realistic molecules with desired properties could accelerate
chemical discovery across a wide range of applications. Toward this goal, significant effort has focused
on developing models that jointly sample molecular topology and 3D structure. We present FlowMol3,
an open-source, multi-modal flow matching model that advances the state of the art for all-atom,
small-molecule generation. Its substantial performance gains over previous FlowMol versions are
achieved without changes to the graph neural network architecture or the underlying flow matching
formulation. Instead, FlowMol3's improvements arise from three architecture-agnostic techniques that
incur negligible computational cost: self-conditioning, fake atoms, and train-time geometry distortion.
FlowMol3 achieves nearly 100% molecular validity for drug-like molecules with explicit hydrogens, more
accurately reproduces the functional group composition and geometry of its training data, and does so
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Accepted 26th March 2026 with an order of magnitude fewer learnable parameters than comparable methods. We hypothesize that

these techniques mitigate a general pathology affecting transport-based generative models, enabling
DOI: 10.1035/d5dd00363f detection and correction of distribution drift during inference. Our results highlight simple, transferable

rsc.li/digitaldiscovery strategies for improving the stability and quality of diffusion- and flow-based molecular generative models.

1 Introduction

Deep generative models that can directly sample molecular
structures with desired properties have the potential to accel-
erate chemical discovery by reducing or eliminating the need to
engage in resource-intensive, screening-based discovery para-
digms. Moreover, generative models may improve chemical
discovery by enabling multi-objective design of chemical
matter. In pursuit of this idea, there has been recent interest in
developing generative models for the design of small-molecule
therapeutics,**° proteins," ™ and materials.***®

In this work we focus on unconditional generation of 3D,
organic, small, drug-like molecules. Building models capable of
accurate 3D molecule generation is a necessary precursor to
accelerating chemical discovery. From a practical perspective, if
a model cannot produce valid and synthetically accessible
molecules, then it would be difficult to use it for real-world
applications. Moreover, if a model struggles to produce
reasonable molecules, it calls into question the ability of the
generative model to learn even the most basic rules of chem-
istry. How can a generative model fulfill complex conditioning
signals, such as the formation of hydrogen-bonding networks in
binder design or selectivity and toxicity constraints for drug
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design, if that model cannot produce realistic molecules in the
first place? Any improvements made to unconditional molec-
ular generative models will have impacts in the design and
performance of conditional generative models.

Deep generative models have delivered great advances in the
de novo design of molecules. Early attempts focused on gener-
ating either textual representations (SMILES strings)'*' or 2D
molecular graphs:*™* molecular representations that exclude
all information about 3D structure. Subsequent approaches
were developed for 3D molecule generation using a variety of
molecular representations and generative paradigms.>*°

The emergence of diffusion models*~** significantly changed
this landscape, following their success in computer vision.
Hoogeboom et al?** applied the diffusion framework to an
attributed point-cloud representation of molecules and showed
a substantial improvement over existing methods. Subsequent
works demonstrated that using discrete diffusion for categor-
ical data, jointly modeling bond orders, and reparameterizing
the denoising objective lead to further performance gains.***°

In parallel to the development of molecular diffusion
models, flow matching emerged as a novel generative modeling
framework.*** Flow matching generalizes diffusion models,
offering simpler implementation and greater flexibility in
model design. These advantages enabled Flow Matching to
surpass the performance of diffusion models across various
applications.>!®'*1317:1844:46 Mgt relevant to our work here, the
application of flow matching to de novo molecule generation
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go ~ po(g) ———»> dg = us(g, t)dt ——g1 ~ p1(9)
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Fig.1 FlowMol3 overview: FlowMol3 is a multi-modal flow matching model for unconditional de novo molecule generation. Atomic coordi-
nates are generated by sampling an ordinary differential equation learned via continuous flow matching. Atom types, charges, and bond orders
are generated by simultaneous simulation of Continuous-Time Markov Chains (CTMCs) learned by discrete flow matching. We find three
features to be critical for improved model performance: self-conditioning, fake atoms, and geometry distortion.

produced dramatic improvements in the capability of 3D
molecular generative models.****

Despite rapid progress in 3D de novo molecule design, it
remains apparent that generated molecules differ substantially
from “real” molecules. Molecular generative models still
produce invalid molecules, unrealistic geometries, and func-
tional group compositions that deviate significantly from their
training data.*>**®

More recent works have argued that relying on simplified,
well-tested transformer-style architectures and scaling the size
of the model will be essential to building powerful molecular
generative models. This was the thesis of Joshi et al.** and
Reidenbach et al.*®. While scaling appears to have benefits, we
argue there are other pathologies that cannot be remedied by
architecture choice and scale.

Both diffusion and flow matching (which we refer to collec-
tively as transport-based generative models) prescribe methods
to transport samples between two distributions gseurce(x) and
rarget(X) by constructing a time-dependent process p,(x), which
has the property that py = gsource aNd P1 = Grarger- Samples are
drawn from the target distribution by iteratively sampling
transition distributions p;.q;, which are implicitly parameter-
ized by a neural network. The learned process p, will only
perfectly sample the target distribution in the limit of infinite
data and a perfectly trained neural network. In reality, at every
integration step the model imperfectly approximates peiqe
incurring drift from the desired marginal process that may
accumulate through the sampling procedure. We note that
directly quantifying this drift is fundamentally intractable, as it
requires access to the marginal probability path or vector field—
quantities that cannot be computed exactly for non-trivial data
distributions (see Section S15 for a detailed mathematical
treatment). Consequently, we assess drift indirectly through its
effect on terminal sample quality: discrepancies between the
distributions of molecular properties in generated samples
versus training data.

Digital Discovery

We propose that transport-based generative models for de
novo molecule generation encounter difficulties primarily due
to inference-time distribution drift that degrades the perfor-
mance of the denoiser, and also an inability to correct distri-
bution drift once it has occurred. Furthermore, we demonstrate
several model features that we believe impart robustness to
distribution drift and substantially improve molecule quality.
These additional features are self-conditioning, modeling an
extra “fake” atom type that enables the model to add or remove
atoms from the system, and applying distortions to molecular
structure on top of the interpolant.

We present FlowMol3 (Fig. 1), a flow matching model for
small molecule generation that substantially improves the state
of the art in unconditional molecular generation. FlowMol3 is
named so because it builds upon our previous iterations of this
model.*** The primary difference between FlowMol2 and
FlowMol3 is the addition of features that, we argue, impart
robustness to inference-time distribution drift. We show that
the addition of these features alone dramatically alters model
performance. Moreover, these changes do not significantly
impact model size and introduce minimal computational
overhead. These features in combination with a bespoke
geometric graph neural network architecture enable FlowMol3
to achieve state-of-the-art performance while being substan-
tially smaller than existing models.

2 Model design

2.1 Problem setting

We represent a 3D molecule with N atoms as a fully-connected
graph. Each atom is a node in the graph. Every atom has
a position in space X = {x;},_,"eR"**  an atom type (in this
case the atomic element) 4 = {a;};_,", and a formal charge C =
{c}i—". Additionally, every pair of atoms has a bond order E =
{ejli,je {1, ..., N}, i # j}. Atom types, charges, and bond orders
are categorical variables. For brevity, we denote a molecule by

© 2026 The Author(s). Published by the Royal Society of Chemistry
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the symbol g, which can be thought of as a tuple of constituent
data types g = (X, 4, C, E).

We refer to these data types as “modalities.” We seek to build
a flow matching model that can jointly sample the modalities
that form our molecular graph g. FlowMol3 can thus be char-
acterized as a “multi-modal flow matching model.”

We sample atomic coordinates using Euclidean conditional
flow matching*** and the remaining categorical modalities
using discrete flow matching.*®** In the following sections we
briefly summarize the continuous and discrete flows used in
FlowMol3. Then, we describe how we train one model to jointly
sample interdependent modalities.

2.2 Flow matching on atomic coordinates

Flow matching®®* is a method for learning to transport
samples in a continuous space x € R? between two distribu-
tions Gsource(X) and Grargec(x) by constructing a time-dependent
process p,(x) having the property that ps = gsource Ad P1 = Grarger
and an ordinary differential equation dx = u,(x)dt which, when
numerically integrated from initial positions x, ~ po(x) up to
time ¢, will produce samples distributed according to p,(x).

After defining a time-independent conditioning variable z ~
p(2), the marginal process p, is constructed as an expectation
over conditional probability paths:

Pi(x) = By [pi(x[2)] (1)

The conditioning variable is generally taken to be either the
final value z = x; or pairs of initial and final points z = (xo, ;). A
vector field u,(x) that produces the marginal process p,(x) can be
approximated by regressing onto conditional vector fields:

2
Zcim = By a2y o |4 (x) — we(x]2) | 2)

where u/(x) is the learned vector field and u,(x|z) is a conditional
vector field that produces p,(x|z). The remaining design choices
for a continuous flow matching model are the choice of
conditioning variable z, conditional probability paths p,x|z),
and conditional vector fields u(x|z). Crucially, conditional
probability paths are chosen so that they can be sampled in
a simulation-free manner 1 for any ¢ € [0, 1] and such that
tractable closed-form expressions for the conditional vector-
fields exist.

In FlowMol, the conditioning variable for atomic coordinate
flows is paired initial and final atomic positions z = (X,, X;). The
distribution of our conditioning variable, p(X,, X;), also known
as the coupling distribution, is similar to the equivariant
optimal transport coupling.® Essentially, we first obtain the ¢ =
0 atom coordinates as independent samples from a standard
Gaussian po(X) = [[;, #(x}|0,I). We then perform a rigid-body
alignment and distance minimizing permutation of assign-
ments between the prior positions X, and target positions Xj.

+ Meaning that for any ¢ € [0, 1], we sample the conditional density p(-|z) in
closed-form. To sample via simulation would entail sampling the prior p(:|z)
and then performing numerical integration with the conditional velocity field
u,(+|z) up to time ¢, which makes training prohibitively expensive.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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This procedure can be seen in Algorithm 1 and is discussed in
detail in Section S3.

The conditional probability path for atomic coordinates is
a Dirac density placed on a straight line connecting the terminal
states.

PAX| X0, X1) = 0(X — (1 — )Xo — 1X7) (3)
This is equivalent to a deterministic interpolant:*
X,:(l - [)X0+IX1 (4)

The conditional probability path (4) is produced by the
conditional vector field:*"*%3

u, (X X0, X1) = %(Xl - X)) (5)

We apply “endpoint parameterization” as described previ-
ously.” Rather than letting the learned vector field u{(x) be the
output of our neural network, we define our learned vector field
as a function of the neural network output X (X,):

w(x) = 7 (%00 - x,) ©)

By substituting the true conditional vector field (5) and our
chosen form of the approximate marginal vector field (6) into
the conditional flow matching loss (2), we obtain the endpoint
flow matching loss (7).

5 ~ 2
Fern = Eup, oo POIK () = X @)

where w(t) = (1 — £)? is a time-dependent weighting function.
This approaches infinity as ¢ — 1. In practice, instead, we use
a clamped weighting function w(t) = min

¢
(max(0.00S, —),1.5).
1-—¢

2.3 Discrete flow matching on molecular identity

Campbell et al* and Gat et al.®* develop a flow matching
method for sequences of discrete tokens, which we refer to as
Discrete Flow Matching (DFM). In this section we will briefly
summarize DFM using atom types as our sequences] of
interest, but this framework applies equivalently to the gener-
ation of atom formal charges and bond orders.

In DFM, data are sequences of discrete tokens A =
{a"Y_, where each sequence element @’ € {1, 2, ..., D} (i.e., the
atom type of a single atom) belongs to one of D possible states.
Each atom's type evolves not by an ODE but by a continuous-
time Markov chain (CTMC). A CTMC is the stochastic process
where the sequence alternates between resting in its current
state and jumping to another discrete state.

i The word “sequence” isn't quite correct, as it implies the existence of an
inherent order. A more accurate conception of our data is as unordered or
permutation-invariant sets of tokens. Nevertheless, the theory here applies
seamlessly as DFM makes no explicit requirement that there be an order to
sequences.
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DFM defines a CTMC on the interval ¢ € [0, 1] that trans-
forms a sample from a simple prior distribution 4, ~ py(4) to
a complex data distribution A; ~ p;(4). Jumps are governed by
a probability velocity u!(j,A;) € R. This object describes the
instantaneous flow of probability towards atom type j for atom i,
given the current sequence A,. This is analogous to the vector
field in continuous flow matching. The marginal process p,(4) is
simulated by iterative sampling of transition distributions that
factorize over atoms:

p(Aiald,) = H ( t+At’A (8)

where At is the integration step size, and a’, », is the atom type of
the i-th atom at time ¢ + A¢. The per-atom transition distribu-
tions are categorical with logits given by (9).

pi(a§+A, = jl4,) = 6(, a§)+ui(j,A,)AZ )
where ¢ is a Kronecker delta that returns one if its arguments
are equal and zero otherwise. The primary task then becomes to
find a tractable form of the probability velocity u(j, 4,) that will
generate our desired marginal process p/(A). As in continuous
flow matching, the marginal process p,(A) is constructed as an
expectation over conditional processes p,(A|Ao, 4;). Conditional
probability paths factorize over each atom in the molecule:

Hp[ ‘A07

where the per-atom conditional probability path takes the form:

pi(A| Ay, A (10)

pila'| Ao, A1) = 18(A1d’) + (1 = D6(M.a') (11)
where M is an additional mask token added to the discrete
states. The prior distribution is a Kronecker delta placed on
a sequence of mask states, ie., po(4) =[[L,d(M,a’). The
conditional path can be interpreted as follows: at time ¢, the i-th
atom has probability ¢ of being in the masked state and prob-
ability 1 — ¢ of being in its final state a}.

Campbell et al*® show that a marginal process constructed
as such can be sampled with the following probability velocity
forj # a:
l+n

WA = 5 ph(ar = jl4)ou (@) + (1 = dw(a)))om()

(12)

pl\r

where 7 is the stochasticity parameter that, when increased,
increases both the rate at which tokens are unmasked and
remasked. To ensure that (8) defines a valid categorical distri-
—S"4!(j,4;). The only “unknown”
J#a;

quantity in the marginal probability velocity is a probability

bution we set u!(al,A;) =

denoiser pf‘t(a’i |Az): the distribution of final states for atom i
given the current sequence A, We train a neural network to
approximate this distribution by minimizing the negative log-
likelihood or, in practice, a standard cross-entropy loss. Note
that this loss is applied only to atoms that are in the masked

state at time ¢.

Digital Discovery

View Article Online

Paper

N
= ailog pi (@] 4,)ow ()

i=1

(13)

L = By p(ag,ar) pi(4ildo,ar)

Substituting our choice of u(j, A;) (12) into the transition
distribution (8) yields sampling dynamics that can be described

t
n.Ifwe
t

1
simply. If @} = M, the probability of unmasking is At 1+_

do unmask, the unmasked state is selected according to our
learned model pf(a;|A;). If we are currently in an unmasked
state, the probability of switching to the masked state is nAt.

Hyperparameters and additional sampling techniques
that we find important to DFM performance are described in
Section S5.

2.4 Multi-modal flow matching

We have outlined how we can build flow matching models on
the individual modalities in a molecule: continuous flow
matching for atomic coordinates and DFM for atom types,
charges, and bond orders. Now we describe how to train one
model to sample all of these modalities simultaneously. We
follow the theoretical formulation of multi-modal flow match-
ing as developed by Campbell et al**. We can think of the
problem of sampling the real distribution of molecules, pgac(g),
as sampling the joint distribution over modalities, pgaa(X;, 4, C,
E). The conditional probability path for a molecule is designed
to factorize over modalities. That is, modalities are condition-
ally independent given pairs of initial and final molecular
graphs g, and g;.

H pi(mlmg, my)

me{X,A,C,E}

pi(glgo, 1) = (14)

At training time, we obtain g; by sampling the conditional
paths of each modality independently. We train one neural
network f, that takes g, as input and has separate “prediction
heads” for each modality fy(g) = 81(g) = (X1,41,C1,E1). The
atomic coordinate prediction head X; € RV*3 is subjected to
the continuous flow matching endpoint loss (7); it is trained to
approximate the final coordinates for the trajectory. The cate-
gorical outputs (4;,Cy,E;) contain logits over the possible
discrete states for each atom/bond; these are subjected to the
cross-entropy loss from DFM (13). The overall loss function for
training FlowMol3 is a weighted sum of per-modality flow
matching losses:

Am L
me{X A,C.E}

(15)

where the losses %, are defined as in Algorithm 1.

After training, the neural network outputs (Xi,4;,C1,E4)
parameterize a vector field on atomic coordinates and CTMCs
on each of the categorical modalities that, when sampled
simultaneously, will produce molecules from the target data
distribution as ¢ — 1. We provide simplified training and
sampling procedures in Algorithm 1 and 2, respectively.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Algorithm 1 Training FlowMol3

Require: Coupling distribution #%(go,g1), loss weights
{Am}me(x ac k) learning rate n, untrained FlowMol network
fo

1: for each training step do

2: Sample a pair of molecular graphs (go,g1) ~ p(g0,81)
81~ Pdata(8)
Xo ~ A (0,1)
Xo + Align(Xo,X1)
Ag = Cy = Ey = mask

3: Sample time 7 ~ % (0,1)

: Sample conditional probability paths:

X, (1—1)Xp+1X

> Section S3

Ar ~ pi(A]Ag,Ar) > Eq. (10)
Ci ~ pi(C|Co,C1) > Eq. (10)
E; ~ p:(E | E,E) > Eq. (10)

Letgf:(Xtht)CtvEf) N n A
Predict endpoint fy(g/) = £1(g:) = (X1,41,C1,Er)
Compute per-modality losses
Ly = Lerm(X1,X1)
Ly =Zcp(A1,Ar)
ZLe=%2cp(C,01)
Ly = Zce(ErEr)
8: Total loss: £ =Y. e (x.a,c,E} Am-Lim
9: Update parameters: 6 <— 0 —n V.2
10: end for

Algorithm 2 Sampling FlowMol3

Require: Trained model fg, number of steps K
1: Initialize gy = (Xo,A0,Co,Ep) by sampling:

Xo ~ A(0,I), Ap=Cp=Ep=mask
2: fork=0,...,K—1do
3 =k N=%
4 Predict endp()int fe(gl> = gl (gt) = (217A17C17EA‘1)
5: Continuous update:
X - X
ug(X,,t) = pd B

1—1t
Xivar = Xo +ug(Xi,t) At
6 Discrete update:
7 for each modality m € {A,C,E} and atom or bond i do
8: Compute u,, (- | &) o ~ »Eq (12)
9: Sample m; 5, ~ Cat (8(mi,mi p,)+uby(m y,180)AT)
10: end for
110 gyar— (Xovan Arvan Cryan Eryar)
12: end for
13: return final molecule g;

2.5 Model architecture

FlowMol3 is a message-passiated as fully-connected, directed
graphs where every atom is a node. The GNN operates on graphs
where nodes have Cartesian positions x; € R?, scalar features
S; € RdS, and vector features v; € R%*3, We also model edges as
having scalar features e; € R%. The operations applied to node
positions and vector features are SE(3)-equivariant while the
operations on node scalar and edge scalar features are SE(3)-
invariant. Node vector features are geometric vectors (vectors
with rotation order 1) that are relative to the node position.
The coordinates of atoms X correspond to node positions.
The initial scalar node features are produced by passing atom
type, charge, and time embeddings through a shallow MLP.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Similarly the initial edge features are obtained by embedding
the bond order along each edge. Node vector features are
initialized to zeros and are learned through the message-
passing routine as functions of the relative positions between
atoms.

Graph features are iteratively updated within the neural
network architecture by passing through a chain of Molecule
Update Blocks (MUB). After passing through MUB layers, the
final positions are the predicted final positions of the molecule.
The node scalar features are decoded to atom type and charge
logits (A;,C;) via shallow MLPs. Similarly, edge features are
decoded to bond order logits E; via a shallow MLP. The model
architecture is visualized in Fig. 2.

A molecule update block contains three components: a node
feature update (NFU), node position update (NPU) and edge
feature update (EFU). The NFU performs a message-passing
graph convolution to update the scalar and vector features on
each node. The NPU and EFU blocks are node and edge-wise
operations, respectively.

Geometric Vector Perceptrons (GVPs)* are used to parame-
terize learnable functions that operate on equivariant features,
such as the message-generating functions in graph convolu-
tions. A GVP can be thought of as a single-layer neural network
that applies linear and point-wise non-linear transformation to
its inputs. The difference between a GVP and a conventional
feed-forward neural network is that GVPs operate on two
distinct data types: scalar (rotation order 0) and vector (rotation
order 1) features. These features exchange information but the
operations on scalars are E(3)-invariant and the operations on
vector features are E(3)-equivariant. We introduce a variant of
GVP that is made SE(3)-equivariant by the addition of cross
product operations. FlowMol3 is therefore capable of assigning
different likelihoods to stereoisomers. Our cross product
variant of GVP is described in Section S6.

2.5.1 Node feature update block. The node feature update
block performs a graph convolution to update node scalar and
vector features s;, v;. The message generating and node-update
functions for this graph convolution are each chains of GVPs.
GVPs accept and return a tuple of scalar and vector features.
Therefore, scalar and vector messages mgsl ; and mg’ﬂ ; are
generated by a single function y,,, which is 3 GVPs chained
together.

© 0 0. 0. 40 X =
mj-iyhmjiri =yYm [Si Ly dl.'(f }7 Vit 40 : (16)
ij

_ N Molecule Update Block
Xr—>] =X X! NPU >+
[As, Ci] > Molecule [A17 Cl] gl Iﬂ‘l > gl
- Update
0 —> Bplock >0 vi— IR I > i+l
Ei—>| =>[o >, o] B>

Fig. 2 FlowMol architecture left: an input molecular graph g; is
transformed into a predicted final molecular graph g; by being passed
through multiple molecule update blocks. Right: a molecule update
block uses NFU, NPU, and EFU sub-components to update all
molecular features.
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where: denotes concatenation and d;; is the distance between
nodes i and j at molecule update block /. In practice, we replace
all instances of d; with a radial basis embedding of that
distance before passing through GVPs or MLPs. Message
aggregation and node features updates are performed as
described in Jing et al.,>* with the exception that we do not use

a dropout layer:

sl(’“), ) _ [N ([’17 51)} +\//u<w Z[
(17)

]el

where node update function yy is a chain of three GVPs and LN
is a layer normalization.

2.5.1.1 Node position update block. The purpose of this block
is to update node positions x;. Node positions are updated:

/)+¢ < (I+1) </+1> (18)

where Y, is a chain of 3 GVPs in which the final GVP emits 1
vector and 0 scalar features. The last GVP in ¢, has its vector-
gating activation function (¢, in Algorithm S1) is set to the
identity.

2.5.1.2 Edge feature update block. Edge features, e, are
updated by the following equation:

(1+1 LN< ) + g, < (1) Sj(l+l) d;m)))

where ¢, is a shallow MLP that accepts as input the node scalar
features, s, of nodes participating in the edge as well as the
distance, d;;, between the nodes from the positions computed in
the NPU block.

xng)

(19)

2.6 Enabling self-correction

Based on our experience with FlowMol2,* which has a similar
architecture to FlowMol3, we developed the hypothesis that
transport-based models produce poor-quality samples due to an
inability to self-correct and avoid distribution drift. An imper-
fect denoising model may take the sampling procedure out of
distribution. Then, once slightly out of distribution, the
performance of the denoising model may further degrade;
causing more drift from the target distribution. To address the
need for self-correction, we incorporate three additional
features into FlowMol3. Through ablation experiments we show
that these three features dramatically improve the quality of
generated molecules.

2.6.1 Self-conditioning. In vanilla transport-based genera-
tive models, the neural network only observes the state of the
system at time ¢. Self-conditioning is a technique where the
neural network takes its own previous prediction as input in
addition to the current state of the system. Originally proposed
for text and image generation,* subsequent work has found
self-conditioning to substantially boost the performance of
molecular generative models.'"*4+2¢3¢

Self-conditioning is viewed by some as a recycling tech-
nique;***° effectively adding more layers to the network without
adding additional parameters. To our knowledge, limited effort
has been made to explain why self-conditioning improves
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performance. We offer the perspective that self-conditioning
enables the model to detect and correct inaccurate predictions.
At training time, the model must evaluate its own outputs and
determine how to improve them; the model can only improve
upon its past predictions by having some ability to find fault in
them.

The denoising neural network takes in a noisy molecule g;
and outputs a predicted final molecule g4(g;). To implement
self-conditioning, we modify our network so that it can
optionally take a past prediction as an additional input,
21(2,,81(g;)) where s = t — At.

At training time, we first predict a denoised molecule using
only the current system state g4(g;). In 50% of training steps we
compute losses and take a gradient step on this prediction. For
the other 50% of training steps, we pass the prediction back
through the neural network, g(g:21(g:)), and then compute
losses on this quantity. In the latter case, the first pass through
the neural network is done without keeping gradients in the
computation graph, so the training-time overhead is minimal.
We follow prior work in using a 50% self-conditioning rate;
ablations over this proportion are provided in Section S9.

At inference time, we always pass in the network's prediction
from the previous integration step along with the current step;
21(2,81(gs)) where s = ¢t — A¢; this incurs minimal overhead
compared to inference without self-conditioning.

Our network is able to “optionally” take a past prediction as
input because we implement a simple self-conditioning module
as a residual layer similar to Reidenbach et al*. The self-
conditioning module produces residual node and edge
embeddings that quantify the difference between g, and g(g;)-
These embeddings are added to the node and edge embeddings
of g; just before passing through the molecule update blocks.

2.6.2 Fake atoms. Typically, transport-based models for
molecules are fixed-dimensional. That is, the number of atoms
in the system is chosen before running inference and is unable
to change during inference. We introduce an additional atom
type, the “fake atom” type, that enables the model to dynami-
cally remove and add atoms to the system at inference time.

In transport-based models, the predicted final molecule does
not change very much at ¢ > 0.4 (see Fig. 3). From observing g,
inference trajectories from FlowMol2, we noticed instances
where there were not enough atoms in a region of a molecule to
form typical topological structures. In these cases, the atom
cannot be moved to a completely different region of the mole-
cule in the limited number of timesteps remaining. The model
would instead adjust the local topological configuration to
produce functional groups that, while technically valid, were
unstable or rare in the data distribution. A functional group
analysis showed an over-representation of heteroatom-con-
taining functional groups such as epoxides, peroxides, and two
heteroatoms separated by a single carbon (see Fig. 4 and Section
S8 in the SI). We hypothesized that equipping the model with
the ability to adjust the number of atoms would alleviate these
issues.

At training time, a random number of “fake atoms” is added
to the ground-truth molecule g;. The number of fake atoms is
sampled from a uniform distribution %(0, N :pske) Where N is

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 Analysis of denoiser trajectories under ablations: (top) mean X1
movement over integration time t for ablated versions of FlowMol3;
each model distinguished by whether it has self-conditioning, fake
atoms, or geometry distortion. (Bottom) The relative effect of each of
the three features. At every time step, we fit a linear additive effects
model to predict X1 movement given whether each feature is present
in the model as binary variables. The "effect” of a feature is its coeffi-
cient under the linear model. What is plotted here is the relative effect:
the fold-change in X; movement induced by that feature. A relative
effect of 0.2 would mean that including the feature causes a 20%
increase in X; movement.

the number of real atoms and pg,y. is a hyperparameter we set to
0.3. Each fake atom is assigned an “anchor” atom. The positions
of fake atoms are Gaussian offsets from their anchor atoms
Xake ~ N (Xanchor, Ofake 1), where ag. = 1.0. Ablations over both
Prake and gy are provided in Section S12.

At training time, to correctly identify a fake atom, the model
must essentially identify that the fake atom position cannot be
re-arranged to form a realistic molecule. At inference time, if
atoms enter an arrangement that is out-of-distribution, the
model may recognize the system state as one where “fake
atoms” are present, and thus use that mechanism to propose
something that is in distribution. Including fake atoms
prevents the model from truly seeing out-of-distribution struc-
tures at inference time, even if drift occurs, and imparts the
model with a mechanism of correction for these instances.

Concurrently to our work, Schneuing et al.'® proposed the
addition of a removable atom type for receptor-conditioned de
novo design. Although their implementation differs slightly
from ours (different numbers of fake atoms are added to the
system, and fake atom positions are placed at the ligand center

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 4 Functional group prevalence: each plot shows the prevalence
of a specific functional group among molecules generated by several
models. The y-axis is the number of occurrences of the functional
group that occurs per 100 molecules sampled. The horizontal red lines
on each plot are the frequency of that functional group in the training
data. Red bars are for diffusion model baselines, purple bars are for
flow matching baselines, and green bars are for FlowMol.

of mass), they show that this feature improves the quality of
designed molecules.

2.6.3 Geometry distortion. At training time, for any graph
with ¢ > tgisort, the conditional probability path is modified so
that additional perturbations are applied to the coordinates of
a subset of atoms in the molecule. The conditional path is
modified as follows:

X, =(1-0)Xo + tX) + [t = tagision| (M © ¢), (20)

where [ is the indicator function, ® is the Hadamard product, M
€ [0,1]" is a binary mask over atoms having the property M; ~
Bernoulli(pgistort), and ¢ € R¥*3 is a per-atom displacement
having the property ¢ ~ .A4(0, dqistortl3). Geometry distortion is
controlled by three hyperparameters that are set to pgistorc = 0.7,
tdistort = 0.25, and O distort = 0.5.

The motivation for this feature is that transport-based
models produce suboptimal geometries during inference
despite never observing suboptimal geometries at training time.
With geometry distortion, the model should be able to propose
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corrections after distribution drift has occurred in order to
bring the system back in-distribution.

If we choose pgistort = 1.0 and tgisore = 0, then we recover
Gaussian conditional probability paths proposed in seminal
flow matching works. Theoretical*> and empirical® arguments
have suggested that, when the base distribution is not
Gaussian, adding Gaussian noise on top of the interpolants may
improve performance by smoothing the learned vector field.
SemlaFlow** uses a conditional probability path where
Gaussian noise is added to all atoms at all times, but presents
no ablations to quantify the effect of this.

The distortion hyperparameters significantly affect the
behavior of the generative model. Setting paistort = 1.0 and tgistort
= 0 yields validity approaching 100%, but causes a substantial
increase in functional group deviation and an apparent collapse
in sample diversity. We therefore chose pgistort = 0.7 and tqistort
= 0.25 to balance geometric quality and validity while main-
taining reasonable functional group fidelity (see Section ?? for
ablations). By applying distortion only to a subset of atoms, the
model observes both valid and perturbed geometries, poten-
tially encouraging it to distinguish between them.

3 Experiments
3.1 Training data

We train models on the GEOM-Drugs dataset® using explicit
hydrogens. GEOM-Drugs contains drug-like molecules with up
to 30 conformers per molecule. Each conformer has undergone
a relaxation with respect to the GFN2-xTB semi-empirical
quantum chemical potential®® and sits at a local minima of this
potential. We use the same dataset splits as Vignac et al*®
which, to our knowledge, are purely random splits. The training
dataset contains 243480 unique molecules and 5741535
conformers; the mean and median number of conformers per
molecule is 23.6 and 30.0, respectively. As suggested in Nikitin
et al.,*” we kekulize all molecules in the dataset and do not
explicitly model aromatic bonds.

3.2 Metrics

3.2.1 Validity. We report “% valid” which is the percent of
molecules that can be sanitized by rdkit. We additionally report “%
PB-valid,” which is the percent of molecules that are valid and pass
several other physical plausibility checks implemented in the
PoseBusters package.* These additional checks include whether
the molecule forms one component (not fragmented into separate
molecules), has reasonable bond lengths and angles, has planar
aromatic rings and planar double bonds, has no steric clashes, and
whether the internal energy of the conformer is reasonably close to
that of an ensemble of conformers produced by ETKDGv3 (ref. 60)
and UFF*" minimization.

3.2.2 Functional group composition. We argue that
producing “valid” molecules is a necessary but insufficient
condition for a practically useful molecular generative model. A
model should be capable of reproducing similar topological
configurations as in the training data (ie., functional groups).
Small-molecule drug discovery scientists have compiled sets of
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functional groups known to be unstable, toxic, or produce erro-
neous assay results§.” Taking inspiration from Walters® we
measure the frequency at which these functional groups occur in
generated molecules and the training data. We specifically use the
well-known Dundee® and Glaxo Wellcome® functional group sets.
We report the sum of absolute difference between the frequency of
functional groups in the training data and in generated molecules;
we refer to this metric as the functional group deviation:

FGdev. = § ’w;yaill _ w/{;eneraled

feF

(21)

where 7 is the set of functional groups analyzed, wf*" and

w§eraed are the frequency of functional group fin the training
data and generated molecules, respectively. Here we define
a functional group frequency as the number of instances of the
functional group divided by the number of molecules in the
sample.

In addition, we count all of the unique ring systems observed in
a batch of molecules. We then record how many times each unique
ring system is observed in ChEMBL,* a database of 2.4 M bio-
active compounds. We report the rate at which ring systems occur
that are never observed in ChEMBL; we refer to this metric as the
out-of-distribution (OOD) Ring Rate. Examples of OOD ring
systems are provided in Section S7. Ring system and structural
alert counting are implemented using the useful rdkit utils
repository.*’

3.2.3 Energy. We use an energy evaluation that measures
how closely the molecules generated adhere to the reference
potential of the training dataset, as described in Nikitin et al.*".
Briefly, the GEOM dataset contains conformers that are located
at local energy minima of the GFN2-XTB semi-empirical
quantum chemical potential;*® therefore, generated molecules
should also meet this criteria. We perform an energy minimi-
zation on generated molecules with respect to this potential. We
measure the change in potential energy resulting from this
minimization (denoted AE 1.x) and the all-atom RMSD between
the original and minimized conformation. We report the
median of both of these metrics which indicate how closely the
generated molecules adhere to the energetic states seen at
training time. We use the scripts released with Nikitin et al.*” to
perform minimization and record the resulting energy and
conformational changes.

3.3 Sampling

To generate molecules from FlowMol3 for analysis, we use
evenly-spaced timesteps and Euler integration. All sampling of
FlowMol models in this work is done with 250 integration steps.

3.4 Ablations

To demonstrate the importance of our self-correcting features,
we train four ablated versions of FlowMol3: three variants where

§ Determining whether a functional group is problematic in the context of a drug
discovery campaign is subjective. However, measuring the presence of functional
groups can still quantify similarity to training data at higher-order levels of
organization than chemical valency.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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one of the three self-correction features is removed, and
a fourth variant where all three features are removed.

3.5 Comparison to existing methods

We compare FlowMol3 to four diffusion models, MiDi,*
JODO,*” EQGAT-Diff,** and Megalodon,* and to two flow
matching models, SemlaFlow** and ADiT.*

SemlaFlow is the most similar method to FlowMol3; it is also
a multi-modal flow matching model with a geometric GNN-
based architecture. Megalodon and ADiT opted for the well-
tested diffusion-transformer architecture that can be readily
scaled to large parameter counts.®® ADIT also notably discards
other components that have become somewhat common:
equivariance, multi-modal flows, and explicit bond modeling.

For all baseline models except ADIiT we sampled 5000
molecules from the trained models using default settings
provided by the authors. For ADIiT we used a collection of 10
thousand molecules provided by the authors. Metrics on the
sampled molecules were then computed using the same script
in the FlowMol repository. Sampled molecules are split
randomly into 5 subsets before computing metrics; we obtain
95% confidence intervals on the mean metric values by
assuming the sample mean is normally distributed with the
standard deviation in means obtained from the five subsets.

4 Results

4.1 FlowMol3 achieves state-of-the-art performance

FlowMol3 achieves substantial improvements in validity and
PoseBusters validity. Nearly 100% of generated molecules are
valid; to our knowledge this is the first all-atom generative
model to achieve this. Interestingly FlowMol3 achieves a higher
PoseBusters validity rate than that of the training data (96%
generated vs. 93% training data). This may come at the cost of
not completely matching the training data distribution in other
areas such as functional group composition. In additional
experiments, we found we could tune (pgistort, taistort) t0 achieve
superior functional group composition and worse for worse
validity. We can even achieve 100% PB-validity but this also
induces a collapse in diversity of functional group composition.
These additional experiments are included in Section S10. The
performance of select models on each individual test run by the
PoseBusters suite is included in Section S1.

Beyond validity, FlowMol3 matches the training distribution
well on some higher-order chemical structure metrics: it ach-
ieves the lowest OOD ring rate (matching the training data in
Table 1) and a functional group deviation that is comparable to
the best-performing baseline. We note that functional group
deviation can be further reduced by tuning the geometry
distortion parameters (Pgistort, Ldistort), DUt this comes with trade-
offs in other metrics; the corresponding ablations are reported
in Section S10.

On the relaxation-based metrics (median AE,j,x and median
RMSD), FlowMol3 remains competitive with the best-perform-
ing baselines. FlowMol3 achieves a median AE,.j.x of 4.50 kcal
mol ', which is close to the best value from Megalodon (3.17
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keal mol; a 1.33 kcal mol " gap). SemlaFlow attains the lowest
median RMSD from relaxation, while FlowMol3 is similar;
however, SemlaFlow's median AE,.., is 31.92 kecal mol*!
(=7.1x higher than FlowMol3), suggesting that small
geometric deviations can correspond to substantial energetic
errors under GFN2-XTB relaxation.

To our knowledge, ADiT* is the only model that achieves
a similar validity level to FlowMol3, but its molecules deviate
more substantially from training data in terms of the topolog-
ical (0.4 FG Dev., 0.16 OOD ring rate) and energetic/geometric
composition (79 kcal mol™" AE;e1.x, 83% PB-valid).

FlowMol3 is also highly parameter efficient; delivering state
of the art performance while being substantially smaller than
comparable models. The most comparable models in terms of
performance - SemlaFlow, Megalodon, and ADiT - have 6.7, 10,
and 25 times more learnable parameters, respectively.

4.2 Effects of self-correction on molecule quality

We introduce three features to FlowMol that we argue enable
the model to better perform error detection and correction at
inference time: self-conditioning, fake atoms, and geometry
distortion. The impact of these features on molecule quality is
quantified in Table 2.

While removing any one of these features results in a modest
performance degradation, removing all three produces
a dramatic difference. The data in Table 2 suggests there are
positive interaction effects between these features. For example,
removing just one feature causes (+2, —1, —3) percentage point
changes to % PB-valid but removing all 3 features causes a 14
point reduction.

While each single-feature removal has mixed effects across
metrics, removing all three features simultaneously leads to
large degradations across all evaluated metrics (e.g., % PB-valid
drops from 95.9 £+ 0.2 to 78.1 £+ 1.1, and median AEeax
increases from 4.50 £ 0.07 to 14.75 + 0.34). This gap is
substantially larger than any single ablation (for % PB-valid, the
single-feature changes range from a ~ + 1.1 point increase when
removing self-conditioning to a ~ —5.3 point decrease when
removing distortion), suggesting that the three features
complement each other.

A potentially useful analysis of the single-feature removal
ablations is to identify which feature most affects each metric.
Geometry distortion has the most consistent impact on validity
and chemical/topological plausibility: removing distortion
reduces % Valid (from 100.0 £ 0.0 to 98.6 + 0.2), reduces % PB-
valid (to 90.6 + 0.3), and substantially increases the OOD ring
rate (to 0.20 + 0.01). Self-conditioning most strongly affects
relaxation: removing self-conditioning increases median AFEjax
(from 4.50 £ 0.07 to 6.82 + 0.06), while having relatively small
effects on validity and OOD rings. Fake atoms most strongly
affect ring plausibility: removing fake atoms increases the OOD
ring rate (from 0.05 £ 0.00 to 0.12 + 0.00), with comparatively
smaller effects on % Valid and AE,.,y; interestingly, FG devia-
tion is slightly lower without fake atoms (from 0.37 + 0.01 to
0.24 + 0.02), indicating a trade-off between these chemistry
metrics.
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Tablel FlowMol3 comparison with existing models: mean value of metrics computed on molecules sampled from each model, along with 95%
confidence on the mean metric values as estimated from 5 repeat samplings. All models were trained on GEOM-Drugs with explicit hydrogens.
RMSD is measured in Angstroms. Detailed descriptions of all metrics are available in Section 3.2. The first row of the table is the corresponding
metric value computed on the training data. To estimate % PB-valid on the training data, due to computational constraints, we performed 10
repeated random samplings of 15 thousand molecules from a version of the dataset containing 5 conformers per unique molecule; the value

presented is the sample mean with a 95% confidence interval

Model % Valid (1) % PB-valid (1) FG Dev. (}) OOD ring rate () Med. AE,qax (1) Med. RMSD () Params (M)
Training data 100.00 93.2 £ 0.1 0.00 0.05 0.00 0.00 NaN
FlowMol3 100.0 + 0.0 95.9 + 0.2 0.37 4+ 0.01 0.05 + 0.00 4.50 4+ 0.07 0.28 £+ 0.01 6
SemlaFlow 95.5 £ 0.5 88.5 £ 1.3 0.35 £+ 0.02 0.20 £+ 0.02 31.92 £+ 2.30 0.24 + 0.03 40
Megalodon 94.8 + 0.3 86.6 £ 0.7 0.39 £+ 0.03 0.17 £+ 0.00 3.17 + 0.11 0.41 £+ 0.01 60

ADIT 99.9 £+ 0.0 82.7 £ 0.8 0.41 £+ 0.03 0.16 £+ 0.01 79.32 £+ 1.00 1.30 £+ 0.02 150
EQGAT-Diff 86.0 = 0.9 77.6 £ 0.8 0.58 4+ 0.03 0.28 + 0.01 6.51 £ 0.16 0.60 £+ 0.01 12

JODO 78.1 £ 0.9 65.8 £ 0.8 0.43 + 0.02 0.22 £+ 0.00 10.11 £ 0.19 0.73 + 0.01 6

Midi 72.9 £ 2.5 59.1 £ 2.1 0.54 4+ 0.02 0.33 £ 0.01 19.63 + 0.65 0.86 £ 0.01 24

Overall, these ablations suggest that distortion primarily
improves robustness and validity-related behavior during
sampling, self-conditioning improves geometric/energetic
refinement, and fake atoms help the model avoid implausible
ring/topology artifacts; using all three together yields the best
balanced performance.

4.3 Mechanistic interpretation of feature effects

To provide a mechanistic explanation of the effects of our self-
correction enabling features, we analyze trajectories of denoiser
outputs {g;(gt)}¢t € [0, 1]. After obtaining such a trajectory, we
compute the change in each atom's predicted final coordinates
between sequential integration steps: ||Xi(gt + At) — X,i(gt)].
We refer to this quantity as X; movement. X; movement can be
interpreted as how much the denoiser is updating its estimated
endpoint throughout the trajectory. We average this quantity
over atoms and across 100 sampled trajectories. Mean X;
movement trajectories for each of the ablated version of Flow-
Mol3 are shown in Fig. 3.

We then fit a linear additive effect model on X; movement as
a function of whether or not the three ablated features are
present in the model; this allows us to isolate the effect of self-
conditioning, fake atoms, and geometry distortion on X,
movement as a function of integration time by inspecting the
coefficients of the additive effects model. The results are shown
in Fig. 3.

Self-conditioning  substantially reduces X; motion
throughout trajectories. This suggests that atoms move more

directly towards their final state. In each forward pass, the
model is making more accurate estimates of the final molecule.

Under the linear additive effect model, it appears that both
fake atoms and geometry distortion causes a significant
increase in X; movement where ¢ > ¢4isiorc- The magnitude of the
increases in relative X; movement increases with time, hovering
around a 25% increase for most of the trajectory and asymp-
totically increasing at the very end. The increase in X; move-
ment can be interpreted as the model making more updates/
corrections to nearly complete molecules when fake atoms and
geometry distortion are used.

Interestingly, the bump in X; motion over the ¢ > 0.25 regime
due to fake atoms and geometry distortion is more substantial
when self-conditioning is not present than when it is. An
interpretation is that geometry distortion and fake atoms do
indeed enable late-stage corrections but the system is simply
less likely to move out of distribution in the first place when
self-conditioning is implemented.

4.4 Functional group analysis

We find that visualizing the prevalence of individual functional
groups in generated samples relative to their prevalence in the
training data reveals interesting pathologies. We include a few
notable examples in Fig. 4 as well as all functional groups
analyzed in Section S8.

Three-membered heterocycles (such as epoxides) are rare in
the training data (one instance per 1220 molecules) as they are
generally considered a reactive/unstable functional group. Our

Table 2 Ablations of self-correcting features: mean value of metrics computed on molecules sampled from ablations of the FlowMol3 model,
along with 95% confidence on the mean metric values as estimated from 5 repeat samplings. Each ablation differs only by whether each of the
three self-correcting features is used in the model; this information is indicated by the first three columns. All models were trained on GEOM-
Drugs with explicit hydrogens. Detailed descriptions of all metrics are available in Section 3.2

Self-Cond. Fake atoms Distortion % Valid (1) % PB-valid (1) FG Dev. () OOD rings (}) Med. AE 12 (1)
v v v 100.0 £ 0.0 95.9 £ 0.2 0.37 £ 0.01 0.05 £ 0.00 4.50 £ 0.07
X v v 99.7 + 0.1 97.0 £ 0.2 0.41 £+ 0.02 0.06 + 0.00 6.82 + 0.06
v X v 99.9 £ 0.0 94.5 £ 0.6 0.24 £ 0.02 0.12 £ 0.00 4.71 £ 0.10
v v X 98.6 + 0.2 90.6 + 0.3 0.33 £+ 0.02 0.20 + 0.01 6.40 &+ 0.09
X X X 95.1 £ 0.4 781 +£1.1 0.91 + 0.04 0.32 £ 0.01 14.75 £ 0.34
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analysis reveals that this functional group is produced relatively
frequently by some of the models evaluated. Our data suggest
self-conditioning may dramatically reduce the over-representa-
tion of three-membered heterocycles. MiDi, EQGAT-Diff, and
FlowMol2, which do not use self-conditioning, produce three-
membered heterocycles 44x, 43x, and 56x more frequently
than the training data. All but one of the models using self-
conditioning produce significantly fewer instances of these
functional groups. FlowMol3 produces three-membered
heterocycles at only 0.1 x the rate of the training data. JODO and
SemlaFlow produce three-membered heterocycles at 2-3x the
rate of the training data. The exception to this trend is Mega-
lodon which implements self-conditioning yet produces three-
membered heterocycles 33 x more frequently than the training
data; ADIT, which also uses self-conditioning, produces them at
14 x the training rate.

Another functional group that is relatively rare due to
instability is the occurrence of two heteroatoms separated by
a carbon outside of a ring. This functional group occurs in the
training data once per 289 molecules. The evaluated models
produce this functional group at 8-21x the frequency of the
training data except for FlowMol3, which comes in at only 1.3 x
the frequency of the training data. This demonstrates that there
are features of FlowMol3 that uniquely enable it to match this
functional group representation in a way existing models have
not been able to, and that this must necessarily be caused by
fake atoms or geometry distortion.

Cumarine and phenol ester provide interesting examples of
how self-correcting features affect functional group represen-
tation. For cumarine, FlowMol3 comes closest to the training
data rate among all evaluated models at 0.8 x, though the match
is not exact. For phenol esters, FlowMol3 and ADIT produce
them at rates closest to the training data (1.2x), while other
models produce them at 1.6-2.8x the training rate. These
examples suggest that geometry distortion and fake atoms help
the model better capture the distribution of certain functional
groups, though there is obviously still room for improvement on
the front of matching the chemistry of generated molecules to
that of the training data.

Notably, FlowMol3's underproduction of three-membered
heterocycles (0.1x the training rate) represents an inversion of
the behavior observed in other models and in ablations of
FlowMol3 with different geometry distortion parameters, which
produce these functional groups at 2-3x the training rate. The
same pattern—approaching or undershooting the training rate
rather than overshooting—is observed for het-C-het motifs
(1.3x) and cumarine (0.8x). This systematic underproduction
of rare functional groups, combined with FlowMol3's % PB-
valid exceeding that of the training data itself, suggests
a possible mode concentration effect: the self-correcting
features may cause the model to sample more heavily from
high-density regions of the molecular distribution while
underrepresenting low-but-non-zero density regions corre-
sponding to rare but valid chemical motifs.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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5 Discussion

FlowMol3 demonstrates state-of-the-art performance across
a broad range of molecular quality metrics. These improve-
ments arise largely from the addition of three techniques: self-
conditioning, fake atoms, and geometry distortion, which we
hypothesize mitigate inference-time distribution drift in trans-
port-based generative models.

Beyond increasing the validity of generated molecules, these
features have measurable effects on molecular geometry, ener-
getic states, and functional group composition. Their impact is
particularly notable given that they do not alter model size or
training cost. This suggests that they alleviate an existing
pathology that prevented the model from making use of its
available computational power.

Our analysis of denoiser trajectories supports this interpre-
tation. Self-conditioning reduces the magnitude of atomic
updates during sampling, implying that the model converges to
its final predictions more directly. Geometry distortion and fake
atoms, meanwhile, appear to improve the model's ability to
maintain or recover from off-distribution states. Together, these
features promote sampling dynamics that stay much closer to
the desired marginal process.

Despite these advances, FlowMol3 does not eliminate all
gaps between generated and real molecules. Functional group
composition, in particular, remains imperfectly matched, and
certain classes of functional groups continue to be over- or
under-represented. While FlowMol3 corrects some of these
discrepancies compared to prior models, others persist or are
even exacerbated. Intriguingly, we observe that FlowMol3
systematically underproduces certain rare functional groups
(such as three-membered heterocycles at 0.1 x the training rate),
inverting the overproduction observed in other models. This
underproduction, combined with FlowMol3's % PB-Valid
exceeding that of the training data, raises the possibility of
a mode concentration effect: the self-correcting features may
improve validity by biasing sampling toward high-density
regions of the molecular distribution at the expense of faithfully
reproducing low-density tails. Future work should investigate
whether this trade-off can be tuned or whether alternative
approaches can achieve both high validity and accurate repre-
sentation of rare motifs. This hypothesis is further supported by
the collapse in diversity and 100% PB-validity observed when
tuning geometry distortion parameters to maximize validity
(Section S10). Future work should investigate whether this
trade-off can be tuned or whether alternative approaches can
achieve both high validity and accurate representation of rare
motifs.

Interestingly, FlowMol3 achieves its performance with
substantially fewer parameters than ADIiT and other large
transformer-based models. This suggests that architectural
scale alone may not be sufficient to address the specific
pathologies of transport-based generative modeling. Careful
study of and improvement in the underlying generative
modeling framework is likely necessary as well.
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Looking ahead, future research should aim to (1) develop
a deeper theoretical understanding of distribution drift in
transport-based models, (2) explore whether the self-correction
paradigm can be formalized and incorporated at the level of the
generative modeling framework itself, and (3) evaluate whether
these mechanisms extend to conditional generation tasks.

6 Conclusions

We have presented FlowMol3, a flow-matching-based generative
model for 3D de novo molecule generation that incorporates
three design features—-self-conditioning, fake atoms, and
geometry distortion—-aimed at improving robustness to
inference-time distribution drift. These additions significantly
improve the geometric, energetic, and topological quality of
generated molecules without increasing model size or training
cost.

Our findings suggest that the limitations of prior transport-
based generative models may stem less from insufficient model
capacity and more from an inability to recover from distribution
drift. By addressing this issue directly, FlowMol3 achieves
performance that approaches the quality of the training distri-
bution across widely used metrics.

Because the proposed features are architecture-agnostic and
inexpensive to implement, they may be readily transferable to
other models. More broadly, the principle of designing trans-
port-based generative models to explicitly resist or recover from
distribution drift may provide a general strategy for improving
the reliability of transport-based generative modeling in
molecular design and beyond.

All code, trained models, and evaluation scripts are available
at https://github.com/dunni3/FlowMol to facilitate
reproducibility and to support further work in this area.
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