
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

Under review as a conference paper at ICLR 2026

FLEXIFLOW: DECOMPOSABLE FLOW MATCHING FOR
GENERATION OF FLEXIBLE MOLECULAR ENSEMBLE

Anonymous authors
Paper under double-blind review

ABSTRACT

Sampling useful three-dimensional molecular structures along with their most fa-
vorable conformations is a key challenge in drug discovery. Current state-of-the-
art 3D de-novo design flow matching or diffusion-based models are limited to
generating a single conformation. However, the conformational landscape of a
molecule determines its observable properties and how tightly it is able to bind to a
given protein target. By generating a representative set of low-energy conformers,
we can more directly assess these properties and potentially improve the ability to
generate molecules with desired thermodynamic observables. Towards this aim,
we propose FlexiFlow, a novel architecture that extends flow-matching models,
allowing for the joint sampling of molecules along with multiple conformations
while preserving both equivariance and permutation invariance. We demonstrate
the effectiveness of our approach on the QM9 and GEOM Drugs datasets, achiev-
ing state-of-the-art results in molecular generation tasks. Our results show that
FlexiFlow can generate valid, unstrained, unique, and novel molecules with high
fidelity to the training data distribution, while also capturing the conformational
diversity of molecules. Moreover, we show that our model can generate confor-
mational ensembles that provide similar coverage to state-of-the-art physics-based
methods at a fraction of the inference time. Finally, FlexiFlow can be success-
fully transferred to the protein-conditioned ligand generation task, even when the
dataset contains only static pockets without accompanying conformations.

1 INTRODUCTION

Flow matching Lipman et al. (2023) and diffusion models (Ho et al., 2020) now deliver state-of-the-
art generation across images, audio, and 3D shapes (Yang et al., 2024), enabled by strong theory
and flexible density modeling. Recent work sharpens flow matching for higher fidelity (Domingo-
Enrich et al., 2025), compositional generation (Skreta et al., 2025), and faster, more stable, or
guided sampling (Liu et al., 2025). Along these lines, we introduce a conditional flow decom-
position framework that enables the joint generation of molecular graphs and multiple conformers.

Figure 1: From noise samples, our model gener-
ates both molecular graphs and their conforma-
tional ensembles.

Recent diffusion and flow-matching models
have advanced de novo molecular genera-
tion (Hoogeboom et al., 2022; Schneuing et al.,
2024), protein design (Watson et al., 2023;
Anand & Achim, 2022), and protein structure
prediction (Jumper et al., 2021; Ingraham et al.,
2019), leveraging E(3)/SE(3)-equivariant archi-
tectures to capture 3D symmetries. Their ap-
plication to unconditional 3D small-molecule
generation is highly promising (Vignac et al.,
2023; Le et al., 2024; Irwin et al., 2025), reach-
ing benchmark ceilings on QM9 (Ramakrish-
nan et al., 2014) and GEOM Drugs (Axelrod
& Gómez-Bombarelli, 2022). However, current
models typically produce only a single conformer per molecule, limiting conformational diversity
critical for drug discovery, as different conformations can exhibit significantly different biological
activities and properties. For a specific target protein, sampling multiple ligand conformations to
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match distinct interaction patterns is crucial for optimizing binding affinity and selectivity of a drug
candidate (Leach et al., 2009).

To address this limitation of current models, we propose a novel framework that extents flow match-
ing to jointly generate molecular graphs and representative sets of conformations. To this end, we
introduce FlexiFlow 1 , a novel architecture that uses this paradigm to handle two sets of coordi-
nates. FlexiFlow preserves permutation invariance on categorical and equivariance on two sets of
coordinates features, moreover, it leverages this decomposition to design novel molecular structures
along with their 3D conformers (illustration in Figure 1). Our framework shows promising results in
generating valid, unique, and novel molecular structures with realistic conformations. Unlike other
approaches, like Bolzmann generators (Noé et al., 2019; Diez et al., 2025), FlexiFlow efficiently
generates high-quality molecular structures and conformations while not requiring additional MD
data for training and avoiding major computational and transferability limitations. The method can
be successfully applied to other data modalities, where we present results on MNIST in Appendix E.

We summarize the key contributions as follows:

• We propose a novel framework leveraging conditional independence to decompose the flow
matching objective, enabling simultaneous generation of a graph with a single reference
conformation along with an arbitrary set of conformers.

• We introduce a new architecture, FlexiFlow, that handles equivariance on two coordinate
sets for 3D molecular generation.

• We conduct extensive experiments on benchmark datasets, demonstrating that FlexiFlow
achieves state-of-the-art performance in 3D molecular generation tasks.

• We compare FlexiFlow generated conformers with those generated by traditional physics-
based methods (CREST (Pracht et al., 2020; 2024)), showing that FlexiFlow generates
high-quality conformers at a fraction of the computational cost.

• We show that the FlexiFlow framework transfers effectively to tasks that lack conformation
datasets. In particular, we investigate protein conditioning: given a specific static pocket,
we generate molecular graphs, each with multiple conformations. This demonstrates the
potential of our method for real drug-discovery applications.

2 RELATED WORKS

Flow matching unifies score-based diffusion and ODE-based generative modeling by learning vector
fields that map simple priors to complex data distributions (Lipman et al., 2024). Subsequent work
has improved its scalability (Wildberger et al., 2023) and sample quality (Gat et al., 2024). Recent
3D molecular design methods fall into two groups: (1) generate molecular graphs then infer bonds
from coordinates (Hoogeboom et al., 2022), and (2) jointly generate the graph and its bonds (Irwin
et al., 2025). EDM by (Hoogeboom et al., 2022) addresses this challenge using a diffusion model for
3D molecular structure generation. Other methods (GCDM (Morehead & Cheng, 2024), GFMD-
iff (Xu et al., 2024), EquiFM (Song et al., 2023), GeomLDM (Xu et al., 2023), GeomBFM (Song
et al., 2024), MUDiff (Hua et al., 2023)) often produced unstable structures, but newer architectures
and training strategies (FlowMol (Dunn & Koes, 2024), MiDi (Vignac et al., 2023) and EQGAT-
diff (Le et al., 2024)) have rapidly improved. Conditional flow matching (CFM) is now a leading
approach (Song et al., 2023; Campbell et al., 2024), with recent work improving efficiency and
generation quality Tabasco (Vonessen et al., 2025), FlowMol3 (Dunn & Koes, 2025), and Sem-
laFlow (Irwin et al., 2025). Conformers are critical when conditioning on a protein pocket (Peng
et al., 2022; Dong et al., 2024), as they shape molecular bioactivity and properties. Conformers
can be generated using physics-based tools such as CREST (Pracht et al., 2024) which searches for
low-energy conformational minima are computationally expensive. More recent approaches, such
as Adjoint Sampling (Havens et al., 2025), generate conformers via flow matching while keeping
the molecular graph fixed. This substantially reduces the computational cost required to produce
conformers that closely resemble minimum-energy states. We extend these advances with a novel
conditional flow matching approach that decomposes the flow via a conditional independence as-
sumption, enabling the joint generation of molecular graphs and their conformations.

1Per ICLR guidelines, we will provide an anonymous link for ACs and reviewers at the start of the discussion
period; the code will be publicly released upon acceptance.
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3 BACKGROUND

Flow matching offers a versatile and efficient framework to learn a generative process that maps an
easy-to-sample distribution pnoise to a complex one, often denoted as pdata = q. To transport pnoise
to q, we can define a marginal probability path pt(x), parameterized by t, that connects the two.
For the sake of simplicity, we assume x ∈ Rn but the flow matching framework can be extended to
more complex structured data. At the beginning of the path, when t = 0, p0(x) = pnoise(x),
whereas at the end, when t = 1, p1(x) = q(x). The vector field is learned by a neural net-
work vt(x; θ) that acts as a mediator between the two distributions and learns to approximate the
true vector field ut(x). The training objective is to minimize the following flow matching loss:
LFM(θ) = Et, x∼pt(x) ∥vt(x; θ)− ut(x)∥

2. In practice, evaluating pt(x) and ut(x) is computation-
ally intractable, as they require integrating over the entire data distribution, which cannot be done
analytically. The solution for this problem was proposed by Conditional Flow Matching (CFM),
by Lipman et al. (2023):

LCFM(θ) = Et∼U [0,1], x1∼q(x1), x∼pt(x|x1)

∥∥vt(x; θ)− ut(x | x1)∥∥2 , (1)

where q(x1) represents the target data distribution, pt(x | x1) the conditional probability path con-
necting the prior at t = 0 to a distribution concentrated around x1 at t = 1, and ut

(
x | x1

)
the target

conditional vector field.

4 METHOD

We aim to extend the flow matching paradigm to handle simultaneous flow integration on a set of
vectors S = {yi}mi=1 with a representative vector x ∈ S.

4.1 FLOW DECOMPOSITION

We consider a time-dependent probability density function pt : Rn × Rn×m → R and vt a time-
dependent vector field vt : Rn × Rn×m → Rn × Rn×m, where t ∈ [0, 1]. Under the conditional
independence assumption on S = {yi}mi=1, and pt can be defined as:

pt(x,S) :=
∏
y∈S

pt(x, y). (2)

The vector field vt generates a flow ψt : Rn ×Rn×m → Rn ×Rn×m, which is obtained by solving
the corresponding ordinary differential equation (ODE):

∂ψt(x,S)
∂t

= vt(ψt(x,S)), ψ0(x,S) = (x,S). (3)

We define the flow ψt on (x,S) as the concatenation ofm independent flows, each of them evaluated
on the pair (x, y), y ∈ S

ψt(x,S) =
∣∣∣∣∣∣∣∣
y∈S

ψt(x, y). (4)

The push-forward equation allows us to transform a known distribution (e.g., Gaussian or uniform)
p0 into a complex data distribution p1.

p0(x,S) = pt(ψt(x,S)) ·
[
det

(
∇(x,S)ψt(x,S)

)]
. (5)

Using Equations 2 and 4, we can decompose push-forward as:∏
y∈S

p0(x, y) =
∏
y∈S

pt(ψt(x, y)) ·
[
det

(
∇(x,y)ψt(x, y)

)]
. (6)

As the flow decomposition is applied to the concatenated set of independent flows, all the findings
of Lipman et al. (2023) remain valid. For the sake of completeness, we provide in Appendix C.1
a proof that the determinant of a block diagonal matrix is the product of the determinants of the
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blocks. Since, the flow ψt(x,S) is defined as the concatenation of independent flows ψt(x, yi), we
decompose ψt into:

∂ψt(x,S)
∂t

=

(
∂ψt(x, y1)

∂t
, . . . ,

∂ψt(x, ym)

∂t

)
= (vt(ψt(x, y1)), . . . , vt(ψt(x, ym))) (7)

where each ψt(x, yi) is independent of the other yj for j ̸= i. Finally, following Lipman et al.
(2023), we can define the flow matching objective for pairs (x,S) as:

LFM(θ) = Et,pt(x,S) ∥vt(x,S; θ)− ut(x,S)∥2 =
∑
y∈S

Et,pt(x,y) ∥vt(x, y; θ)− ut(x, y)∥
2
, (8)

where vt is modeled with a neural network parametrized by θ. Since, pt(x,S) and ut(x,S) do
not have a closed form, we cannot optimize directly over those terms. However, we can leverage
Conditional Flow Matching (CFM) (Lipman et al., 2023) that we extend to pairs (x,S):

LCFM(θ) = Et∼U [0,1], (x1,S1)∼q(x1,S1), (x,S)∼pt(x,S|x1,S1)

∥∥vt(x,S; θ)− ut(x,S | x1,S1)∥∥2 ,
(9)

where q(x1,S1) represents the target data distribution, pt(x,S | x1,S1) the conditional probability
path connecting the prior at t = 0 to a distribution concentrated around (x1,S1) at t = 1, and
ut
(
x,S | x1,S1

)
the target conditional vector field.

4.2 FLOW DECOMPOSITION ON MOLECULAR GRAPHS

Our objective is to define a model that generates novel molecular structures along with their low-
energy conformations. We denote by X the molecular space, whose its elements are molecular
graphs. A molecular graph with n atoms is defined as G = {V, E ,S} where V ∈ Nn×2 are the
vertices (atom and charge types), E ∈ Nn×n represent the edges (bonds) and S = {y1, . . . , ym | yi ∈
Rn×3} a set of m conformations. There is a one-to-one correspondence between atoms in each
conformation and nodes in the graph. We decomposed each molecular graph in a set of 4-tuples

DG = {(V, E , x, y) | y ∈ S}, (10)

where x ∈ S is the representative conformation. We denote with D the full dataset, that is the
union over all the set of 4-tuples DG . There are multiple ways to choose x. In our case, we select
the conformation that is closest to the average conformation, i.e., x = argmin

y∈S
∥y − 1

N

∑
y∈S y∥2.

Equivariance. To support the generation of each data point (V, E , x, y) ∈ D, our architecture
supports two separate inputs for x and y, and maintains equivariance to rotation not only when
the same rotation R is applied to both x and y, but also when the two different rotations Rx ̸=
Ry are applied independently. This allows the model to focus on learning the symmetries while
retaining equivariance. In the following section, we will show that by using the scalar product on
the feature coordinates (see Equation 13), we can construct messages conditioned on both x and y,
while preserving equivariance.

4.2.1 FLEXIFLOW MODEL

We introduce the FlexiFlow architecture which supports the generation of (V, E , x, y), where x and
y belong to the set S, and x is the representative conformation. FlexiFlow is inspired by SemlaFlow,
originally proposed by Irwin et al. (2025). In this section, we highlight the differences and novelties
introduced by FlexiFlow. The architecture is depicted in Figure 2, defined as the composition of one
featurization layer, L repeated FlexiFlow layers, and a final feature refinement layer. The most rel-
evant architectural differences compared to Irwin et al. (2025) are: (1) FlexiFlow requires an extra
input y, (2) invariant features are used to condition both x and y, (3) FlexiFlow exchanges infor-
mation between x and y, while preserving equivariance on both x and y. Full details of the entire
architecture are deferred to the Appendix B.1. With minor architectural modification (all detailed in
Appendix B.3), we additionally extended FlexiFlow to support protein pocket conditioning ligand
generation.

Following the SemlaFlow notation, the atom and charge types in V and the bond types in E are rep-
resented as one hot vectors, denoted by h and e, respectively. Note that h is formed by concatenating
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Figure 2: The FlexiFlow architecture takes equivariant and invariant features as input at time
t ∈ [0, 1] and produces predictions at t = 1. The left macro dashed block is the featurization
layer. Blocks in the same column with the same color share weights. Solid blocks represent invari-
ant features, while dashed blocks represent equivariant features. Message computation and feature
refinement layer blocks produces both invariant and equivariant features.

two one-hot vectors: one encoding the atom type and the other encoding the charge type. Further-
more, h is concatenated with temporal information t ∈ [0, 1]. For ease of exposition, we adopt a
slight abuse of notation, overwriting the symbols h, e, x, y to denote their transformed representa-
tions through the featurization layer. The featurization layer produces invariant features h ∈ Rn×d
and edge features e ∈ Rn×n×d with two multilayer perceptrons (MLPs). A shared linear layer maps
x and y into coordinate sets x ∈ Rn×d×3 and y ∈ Rn×d×3 (see Appendix B.1 for details). The
feature tensors h, e, x, and y are then fed into L stacked FlexiFlow layers. Each FlexiFlow layer
consists of a feed forward layer followed by a graph attention layer. The feed forward consists of two
MLPs Φθ and Ψθ for invariant and equivariant features respectively. Each invariant features hxi and
hyi , where hi = hxi = hyi in the first FlexiFlow layer, are updated considering also the equivariant
features as follows:

hx ff
i = hxi +Φθ([ h̃

x
i , ∥x̃i∥ ]) hy ff

i = hyi +Φθ([ h̃
y
i , ∥ỹi∥ ]), (11)

where [·, ·] denotes concatenation and x̃i, and ỹi are normalized invariant features obtained through
normalization layers (see Appendix B.1). Note that the norm of a coordinate set is defined
component-wise, i.e., ∥xi∥ = [∥xi,1∥, . . . , ∥xi,d∥]. This design choice allows the invariant features
to propagate information to x and y independently. The equivariant feature update is also performed
independently on xi and yi as follows:

xff
i = xi +Wg

( d∑
j=1

(Wf x̃j)⊗Ψθ(h̃
x
i )
)

yff
i = yi +Wg

( d∑
j=1

(Wf ỹj)⊗Ψθ(h̃
y
i )
)
, (12)

where Wf and Wg are two linear projections (see Appendix B.1).

These features xff, yff, hx ff and hy ff are used as input to the graph attention layer in combination
with the edge features ex and ey , where in the first FlexiFlow layer e = ex = ey . Similar to the
feed-forward layer, the graph attention layer shares the same normalization layers and MLPs for
both invariant and equivariant features. The key difference from SemlaFlow, however, is that we
now combine the features corresponding to x and y. The messages are computed as follows:

xp = x̃ff
i · x̃ff T

j , yp = ỹff
i · ỹff T

j , hxp = [Whh̃
x ff
i ∥Wj h̃

x ff
j ], hyp = [Whh̃

y ff
i ∥Whh̃

y ff
j ] (13)

ωxp = [hxp , xp, e
x], ωyp = [hxp · hyp, xp, yp, ex · ey]

where Wh represents a linear projection and the final messages are computed using two separate
MLPs on ωxp and ωyp , as they have different input dimensions. These messages are then used
to update xff, yff, hx ff, hy ff, ex and ey (see Appendix B.1 for complete details). Note that the
scalar product, e.g. when calculating xp, is to be understood component-wise, i.e., xi · xTj =

[xi,1x
T
j,1, . . . xi,dx

T
j,d]. Sharing the information between x and y as described in Equation 13 al-

lows the FlexiModel to retain the equivariance on the coordinates.

5
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Theorem 4.1 (Equivariance). The FlexiFlow model is equivariant with respect to the coordinates x
and y. Let x̃ and ỹ be the normalized coordinate sets as defined in Equation 13, and letRx ∈ SO(3)
and Ry ∈ SO(3) be rotation matrices. The only exchange of information between x and y occurs in
Equation 13. Applying any rotations Rx and Ry to x̃ and ỹ does not affect the scalar product, since

Rxx̃ix̃
T
j R

T
x = x̃iRxR

T
x x̃

T
j = x̃ix̃

T
j .

The same argument applies to ỹ. Since SemlaFlow (Irwin et al., 2025) is equivariant with respect to
the coordinates, the remainder of the proof follows directly.

The features refinement layer applies a feed forward layer on xff, yff, hx ff, hy ff followed by an
edge features aggregator on ex, ey . Lastly, three shared MLPs are used to predict the logits for
atoms, charges types from hx ff and bonds types from ex. In Appendix B.1 we provide a detailed
mathematical formulation for each component of the architecture.

Loss. Following Equation 9, the model is trained to minimize the coupled conditional flow-
matching loss, which now additionally incorporates the categorical loss component. We reformulate
the loss over molecular graphs as a composition of different terms: Lx,y coordinates loss for x and
y computed as the mean squared error between the predicted and target, La, Lc, Le computed as
the negative log likelihood between the predicted and target atoms, charges and bonds types re-
spectively, Lreg as regularization loss which aims to enforce the bonds lengths consistency on the
predicted molecular graphs and align the categorical features of y on x. The full loss is thus defined
as: LFlexiF low = Lx,y + La + Lc + Le + Lreg. We provide an extensive description of each loss
component as part of the Appendix B.4.

Algorithm 1 Inference scheme

1: Input: ∆t
2: xt ∼ N (0, I), yt ∼ N (0, I), t← 0
3: at, bt, ct ∼ Cat(1/|A|) · Cat(1/|B|) · Cat(1/|C|)
4: while t < 1 do:
5: (x̂1, ŷ1, â1, b̂1, ĉ1)← fθ(xt, yt, at, bt, ct)
6: xt ← xt +∆t (x̂1 − xt)/(1− t)
7: yt ← yt +∆t (ŷ1 − yt)/(1− t)
8: at ← CATUPDATE(â1, at, t,∆t)

9: bt ← CATUPDATE(b̂1, bt, t,∆t)
10: ct ← CATUPDATE(ĉ1, ct, t,∆t)
11: t← t+∆t
12: end while

Inference. Algorithm 1 describes the
inference scheme. Let A, B, and C de-
note the sets of atom types, bond types,
and charge types, respectively. We denote
with (a, b, c) ∼ Cat(1/|A|) ·Cat(1/|B|) ·
Cat(1/|C|), the sampling from three inde-
pendent categorical distributions with uni-
form probability over each set. We de-
note with fθ a trained FlexiFlow model
parametrized by θ. ∆t represents the time
step. The function CATUPDATE is used
to perform the update features at inference
time, and applies the strategy developed
by Campbell et al. (2024). Since xt and
yt are sampled independently, our flow de-
composition permits two modes of sampling: (1) drawing both xt and yt fromN (0, I), or (2) fixing
xt to a specific noise configuration while sampling yt ∼ N (0, I). This enables us to generate ei-
ther different molecular graphs with their conformations or the same molecular graph with multiple
conformations.

5 EXPERIMENTS

We compare FlexiFlow against the following state-of-the-art 3D generative models EDM (Hooge-
boom et al., 2022), GCDM (Morehead & Cheng, 2024), GFMDiff (Xu et al., 2024), EquiFM (Song
et al., 2023), GeomLDM (Xu et al., 2023), GeomBFM (Song et al., 2024), MUDiff (Hua et al.,
2023), FlowMol (Dunn & Koes, 2024), MiDi (Vignac et al., 2023), EQGAT-diff (Le et al., 2024),
Tabasco (Vonessen et al., 2025), FlowMol3 (Dunn & Koes, 2025) and SemlaFlow (Irwin et al.,
2025). On the QM9 and GEOM Drugs benchmarks, FlexiFlow achieves equal or improved scores
for atomic and molecular stability (i.e., stable electron configurations), validity (compliance with
basic chemical rules), novelty (fraction of generated molecules absent from the training set), and
uniqueness (fraction of distinct molecular graphs). Unlike all other competitors, FlexiFlow is able
to generate a set of conformations together with the molecule. To assess the diversity of these con-
formers, we compute

D(S) =
1

|S|
∑
x∈S

min
y∈S
y ̸=x

RMSD(x, y), (14)
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that take for each conformer x its minimal RMSD (after optimal alignment) to any other conformer
in S and average those nearest-neighbor RMSDs over the whole set. Then we perform the same op-
eration D(S∗) on the energy minimized set S∗ (with MMFF94). D(S) aims to captures conformer
diversity and whether minimization collapses them into shared minima. To further assess the ex-
tent to which the generated conformers cover the low-energy space, we employ the computationally
expensive state-of-the-art physics-based method CREST (Pracht et al., 2024). In this setting, we re-
port Absolute Mean RMSD (AMR) and Coverage (Cov) with respect to low-energy references (see
Appendix B.8). Both metrics are defined in terms of precision (P) and recall (R): AMR-R computes
the average RMSD from each CREST-generated conformers to its closest generated conformer,
while AMR-P computes the average RMSD from each generated conformer to its closest CREST-
generated conformers. To compute the Cov metrics, we use a threshold δ = {0.0, . . . , 2.5} Å with
step 0.125 Å and report Cov-R and Cov-P. Cov-R(δ) is the fraction of CREST-generated conformers
that have at least one generated conformer within RMSD δ, Cov-P(δ) is the fraction of generated

Table 1: The table shows the results on QM9, where the methods are grouped into those which infer
bonds from coordinates (top) and those which generate bonds directly (bottom). Methods marked
with ∗ publish only results over molecules that are both unique and valid. Tabasco authors reported
34% Novelty (no Uniqueness reported); we achieve 90%. See Table 3. NFE refers to the number of
inference steps.

Model Atom Stab ↑ Mol Stab ↑ Valid ↑ Unique ↑ NFE

EDM 98.7 82.0 91.9 98.9∗ 1000
GCDM 98.7 85.7 94.8 98.4∗ 1000
GFMDiff 98.9 87.7 96.3 98.8∗ 500
EquiFM 98.9 88.3 94.7 98.7∗ 210
GeoLDM 98.9 89.4 93.8 98.8 1000
MUDiff 98.8 89.9 95.3 99.1 1000
GeoBFN 99.3 93.3 96.9 95.4 2000

FlowMol 99.7 96.2 97.3 – 100
MiDi 99.8 97.5 97.9 97.6 500
Tabasco – – 100.0 – 100
EQGAT-diff 99.9±0.0 98.7±0.18 99.0±0.16 100.0±0.0 500
SemlaFlow 99.9±0.0 99.7±0.03 99.4±0.03 95.4±0.12 100
FLEXIFLOW 100.0±0.0 99.9±0.01 99.9±0.01 100.0±0.00 100

Table 2: The table shows the results on GEOM Drugs, where the methods are grouped into those
which infer bonds from coordinates (top) and those which generate bonds directly (bottom). Meth-
ods marked with ∗ uses the estimates for the molecule stability provided by Irwin et al. (2025) as the
papers do not report this metric. Tabasco results show the best model with guidance. NFE refers to
the number of inference steps.

Model Atom Stab ↑ Mol Stab ↑ Valid ↑ Unique ↑ Novel ↑ NFE

EDM 81.3 0.0* – – – 1000
GCDM 89.0 5.2 – – – 1000
MUDiff 84.0 60.9 98.9 – – 1000
GFMDiff 86.5 3.9 – – – 500
EquiFM 84.1 0.0* 98.9 – – –
GeoBFN 86.2 0.0* 91.7 – – 2000
GeoLDM 98.9 61.5* 99.3 – – 1000

FlowMol 99.0 67.5 51.2 – – 100
MiDi 99.8 91.6 77.8 100.0 100.0 500
EQGAT-diff 99.8±0.0 93.4±0.21 94.6±0.24 100.0±0.0 99.9±0.07 500
Flowmol3 – – 99.9±0.10 – – 250
Tabasco – – 97.0±0.10 – 92.0 100
SemlaFlow 99.8±0.0 97.3±0.08 93.9±0.19 100.0±0.0 99.6±0.03 100
FLEXIFLOW 99.9±0.0 99.9±0.01 92.0±0.10 100.0±0.0 99.9±0.01 100
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conformers that have at least one CREST-generated conformers within δ. Finally, to illustrate its
potential, we demonstrate ligand generation conditioned on a PDBBind protein pocket (Wang et al.,
2005) and present qualitative MNIST results in Appendix E.

5.1 GENERATION QM9 & GEOM DRUGS

Training set-up. We use QM9 (Ramakrishnan et al., 2014) and GEOM Drugs (Axelrod & Gómez-
Bombarelli, 2022) datasets to train our model using the training split for both from (Vignac et al.,
2023; Le et al., 2024; Irwin et al., 2025) training the model with the hydrogens. Since, QM9 lacks
multiple conformers, 20 RDKit conformers are generated per molecule, while GEOM Drugs already
provides on average 23±10 semi-empirical DFT conformers per molecule. See Appendix B.6 for
further details on the data processing for both datasets. We trained the model on QM9 for 40 epochs
and on GEOM Drugs for 4 epochs, refer to Appendix B.5, for further details on the training.

We compare FlexiFlow with the most recent state-of-the-art models for molecular generation on
QM9 and GEOM Drugs. To compare our model we sample 30k molecules from trained models.
By reporting results on both datasets in Tables 1 and 2, it is noticeable that FlexiFlow achieves
state-of-the-art results on both datasets, performing comparably in terms of uniqueness and validity
with strong scores on novelty, atom and molecular stability on GEOM Drugs and QM9. Again, we
emphasize that FlexiFlow can generate an arbitrary number of conformations for a given molecule,
unlike all other methods.

5.2 GENERATED CONFORMERS QM9 & GEOM DRUGS

25 30 35 40 45 50
Number of atoms

0.6

0.8

1.0

1.2

1.4

RM
SD

 (Å
)

RMSD after energy minimization

RMSD (minimized)
RMSD (as generated)

Figure 3: Figure show RMSD previous
and after energy minimization.

To evaluate the extent to which the generated conform-
ers explore different energy minima, we generate 20
molecular structures for molecules containing 25, 30,
35, 40, 45, and 50 atoms (Figure 3). For each set S, we
compute the metric defined in Equation 14, selecting
before energy minimization the closest conformers in
the set in terms of RMSD for each generated 3D molec-
ular graph. We observe that the minimum pairwise dis-
tance between conformers in S consistently increases
with the number of atoms also after minimization. This
indicates that, even in the worst case scenario when se-
lecting the closest conformers on the generated set, the
states tend to fall into different energy minima not col-
lapsing in the same state (see Appendix B.9 for details).

We benchmark FlexiFlow against RDKit ETKDG, Adjoint Sampling (AS) (Havens et al., 2025),
and CREST: for 100 molecules we sample 300 conformers each with FlexiFlow (100 NFE), use
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Figure 4: Figures show Cov (left) and AMR (right) precision–recall for GEOM Drugs comparing
CREST-generated conformer with RDKit, FlexiFlow and Adjoint Sampling (AS); see Appendix B.8
for metric details.
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Figure 5: Figure shows in the top right the graph of the generated molecule in 2D for illustration
purposes. The rest of the grid shows the reference graph with its conformer (x), followed by a set
of generated conformers (y) for the same generated molecular graph. The y conformers are aligned
to the x conformer for better visualization and we report energy and the RMSD value between each
generated conformer (y) and the reference one (x).

the lowest-energy FlexiFlow conformer to seed CREST (Pracht et al., 2024) and ETKDG (Riniker
& Landrum, 2015) reference ensembles, and run AS with the same NFE to generate its conform-
ers. In Figure 4, we report Coverage (Cov) and Average Minimum RMSD (AMR) between the
generated conformers and the optimal energy minima conformers obtained with CREST. These
are reported in terms of recall (R) and precision (P) (see Appendix B.8 for details). Figure 4
on the left shows the cumulative distributions for Cov-R(δ) (solid lines) and Cov-P(δ) (dashed
lines) for RDKit, Adjoint Sampling (AS), and FlexiFlow. For both Cov-R(δ) and Cov-P(δ), the
earliest the curves reach 1 the better. As shown, FlexiFlow performs at least as well as AS on
Cov-R(δ), and it outperforms both AS and RDKit on Cov-P(δ). Those results suggest that AS
tends to produce conformers clustered around fewer energy minima, whereas FlexiFlow explores
the conformational space more broadly, covering more distinct minima, as jointly indicated by
Cov-P(δ) and Cov-R(δ). Figure 4 on the right shows AMR-R and AMR-P, where lower val-
ues indicate better performance. Here, FlexiFlow outperforms both AS and RDKit on average.

Ms-Ep-NFE Valid ↑ Novel ↑ Strain x ↓ Strain y ↓
S-10-50 96.9±0.16 99.9±0.01 6.13±0.02 1.51±0.02
S-10-100 95.8±0.15 96.4±0.07 5.63±0.01 1.43±0.02
S-10-500 94.9±0.17 95.7±0.08 5.11±0.07 1.53±0.05
S-15-50 97.8±0.10 99.9±0.01 5.95±0.04 2.41±0.02
S-15-100 95.9±0.13 100.0±0.00 5.40±0.01 2.05±0.03
S-15-500 95.8±0.13 100.0±0.00 4.98±0.02 2.39±0.06

M-10-50 97.0±0.12 93.9±0.06 4.03±0.01 2.80±0.06
M-10-100 97.2±0.15 99.1±0.04 3.54±0.04 1.93±0.02
M-10-500 98.3±0.13 97.1±0.06 3.34±0.06 1.03±0.02
M-15-50 98.0±0.13 91.9±0.03 3.54±0.04 1.75±0.02
M-15-100 100.0±0.00 95.8±0.07 3.18±0.03 1.31±0.04
M-15-500 100.0±0.00 96.7±0.07 3.02±0.01 1.82±0.03

L-10-100 99.9±0.01 91.8±0.03 2.12±0.03 0.88±0.04
L-20-100 99.9±0.01 89.9±0.01 1.11±0.05 0.61±0.02
L-30-100 99.9±0.01 90.7±0.01 0.69±0.01 0.48±0.02
L-40-100 99.9±0.01 90.0±0.01 0.51±0.01 0.24±0.01

Table 3: The table shows additional metrics on QM9. Model
size (Ms), S (17.2M), M (24.7M) and L (37.7M) params (see
Appendix B.5.1 for details), Epochs (Ep) and number of in-
ference steps (NFE). For all runs reported the Uniqueness is
100.0±0.0. The strain of the top-10 y conformers for each x
generated molecular graph is reported.

Finally, Figure 5 illustrates an ex-
ample of a generated molecule
where its y conformers are in a
different state compared to the
x state. We report the energy
of the conformers along with
the RMSD with respect to the
reference state x. More de-
tailed results are reported in Ap-
pendix D.1, D.2, and D.3.

Ablation comparing different
model settings: Results in Ta-
ble 3 show the performances of
FlexiFlow with different model
sizes, epochs and number of in-
ference steps (NFE) on QM9,
by generating 100 molecules
with 300 conformers each (30k
molecules per run). We can see
that increasing the model size
from small (S) to large (L) leads
to improved performances across
all metrics, as well as increasing
the number of training epochs.
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Increasing the NFE does not lead to improved performances, this is observable in the strain en-
ergies of the x and y conformers, which do not improve significantly when increasing the NFE from
100 to 500. This suggests that the model is already able to generate high-quality samples with a
relatively low number of inference steps, which is beneficial for efficiency.

5.3 PROTEIN CONDITIONING

15 10 5 0 5
Vina score

0.00

0.05

0.10

0.15

0.20

De
ns

ity

Vina score PDBBind testset
Top-10 Ligands
Top-10 Ligands+Opt
Top-1 Ligands
Top-1 Ligands+Opt
Ligands testset PDBBind

Figure 6: Vina score distribution for the generated lig-
ands on PDBBind testset proteins. Opt reports results
after slight ligand adjustments using MMFF94 condi-
tioned to the protein.

We provide some additional experiments
on targeted generation with protein condi-
tioning, training FlexiFlow on a subset of
8k protein-ligand complexes training sam-
ples from PDBBind (Wang et al., 2004)
with ligand QED > 0.5 and tested us-
ing the Corso et al. (2023) splits. Dur-
ing training, for 300 epochs we inter-
leave GEOM Drugs batches with PDB-
Bind protein–ligand complexes batches to
support multiple conformers; since PDB-
Bind lacks multiple ligands per protein,
we reuse the same ligand conformation x
for each ligand conformation y. By sam-
pling 120 molecules for each testset pro-
tein, our method finds better Vina scores
(in kcal/mol) on y conformers in 2,124
cases out of 13,440. Figure 7 illustrates
a testset example on protein 6jb0, where one of the y conformers achieves a better Vina scores than
x. Figure 6 shows the Vina score (Eberhardt et al., 2021) distribution of top-1 and top-10 ligands
sampled per test set protein across the 13,440 unique x–y ligand pairs. FlexiFlow achieves an av-
erage Vina score of –7.4 kcal/mol for the top-1 prediction comparable with the target test set data
distribution. In a similar experimental setting, we trained a model variant that excluded the molec-
ular flexibility information, by omitting the GEOM Drugs dataset during training. As reported in
Appendix D.6, the model trained with GEOM Drugs, exhibited improved strained-energy profiles
for the generated top-k y ligand conformations. This suggests that incorporating molecular flex-
ibility, can enhance conformation generation performance on other downstream task, even when
specific conformation datasets are missing.

Generated x pose Generated y pose

Vina score − 5.88 kcal/mol Vina score − 8.04 kcal/mol

Figure 7: Figure reports x and y generated poses for a generated ligand on protein 6jb0 (QED=0.78).

6 CONCLUSION

We introduced FlexiFlow, a novel approach that leverages conditional independence to decompose
the flow for the simultaneous generation of 3D molecular graphs and conformer sets. The FlexiFlow
architecture preserves equivariant properties for coordinates and invariant properties for atom types.
We demonstrated its effectiveness in both de novo molecular generation and conformer generation,
achieving results comparable to or better than existing methods while producing diverse sets of
high-quality conformations. In addition, we extended the approach to protein-conditioned ligand
generation. Immediate future work will focus on extending the model to support protein dynamics
with minimal modifications, though this will require careful data preparation and extensive training.
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APPENDIX

A LLM USAGE

We used LLM to polish part of the text.

B FLEXIFLOW

This section provides additional details about the architecture and training setup of FlexiFlow. More-
over, we provide additional information about metrics, datasets used to train the models, processing
of the data and models hyperparameters. Because it is not possible to adopt the exact same notation,
we instead use a notation closely aligned with that of SemlaFlow (Irwin et al., 2025), with the aim
of helping the reader more clearly discern the key architectural differences.

B.1 FLEXIFLOW MODEL IN DETAILS

We provide in the following sections a description of each module of the FlexiFlow architecture.
The full architecture can be summarized as the composition of featurization, L repeated FlexiFlow
layers, and a feature refinement layer:

FlexiFlow = Refinement︸ ︷︷ ︸
L+2

◦FlexiFlowLayer ◦ · · · ◦ FlexiFlowLayer︸ ︷︷ ︸
L times

◦Featurization︸ ︷︷ ︸
1

. (15)

Featurization layer. Similarly to Irwin et al. (2025), we process the input h ∈ Rn×|A|×|C|,
e ∈ Rn×n×”B|, x ∈ Rn×3 and y ∈ Rn×3 using a featurization layer that maps the input features
into a higher dimensional space Rd. A, B, and C represent the sets of atom, bond, and charge types,
respectively. To this end, we use two different MLPs for the invariant features h and e, while we
use a shared linear layer for the coordinates x and y. Specifically, the coordinates are first reshaped
into Rn×1×3 and then projected into a higher dimensional space Rn×d×3. According to Irwin et al.
(2025) this operation helps to increase the expressivity of the model. For notation consistency h and
e are cloned into hx, hy and ex, ey respectively, where hx and ex are used to update the features of
x and hy and ey for y.

FlexiFlow layer. Each FlexiFlow layer consists of a feed-forward block followed by a graph at-
tention block:

FlexiFlowLayer = Gattn ◦ F . (16)

FEED-FORWARD: The features hx, hy , ex, ex, x and y are now now normalized as follows:

x̃ = ϕequi(x) ỹ = ϕequi(y) h̃x = ϕinv(h
x) h̃y = ϕinv(h

y) (17)

where ϕequi(·) and ϕinv(·) are the equivariant and invariant normalization layers, from Vignac et al.
(2023) and Ba et al. (2016), respectively. Subsequently, we use the normalized features to update
the invariant features hx and hy . These are updated as follows:

hx ff
i = hxi +Φθ

([
h̃xi , ∥x̃i∥

])
hy ff
i = hyi +Φθ

([
h̃yi , ∥ỹi∥

])
, (18)

where [·, ·] denotes concatenation and the coordinate norm is taken component-wise:

∥x̃i∥ = [∥x̃i,1∥, . . . , ∥x̃i,d∥], (19)

and Φθ is an MLP with this structure Φθ(z) = W2 · SiLU(W1z + b1) + b2 that maps back to the
original dimensionality the features Φθ : Rd+s → Rd. Since hx ff and hy ff are updated based on
x̃ and ỹ, respectively, the update of hx,ff is influenced by x features, while the update of hy,ff is
influenced by y features.

To update the equivariant features x and y,

xff
i = xi +Wg

( d∑
j=1

(Wf x̃j)⊗Ψθ(h̃
x
i )
)

yff
i = yi +Wg

( d∑
j=1

(Wf ỹj)⊗Ψθ(h̃
y
i )
)
, (20)
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where ⊗ denotes the outer product, Ψθ : Rd → Rp is and MLP defined as: Ψθ(z) = V2 · SiLU(V1 ·
z + c1) + c2, Wg and Wf are two linear projections and p is the projection dimension.

We summarize the feed-forward block with the compact for as F .

GRAPH ATTENTION: The graph attention layer aims to combine invariant and equivariant fea-
tures with the attention mechanism to update the nodes features representations. This module is
important to let the y features be influenced by x features. In this paragraph we discuss about the
two components which is made of, the message computation and the attention mechanism, where
the last is subdivided in two parts, the invariant attention and the equivariant attention.

Message computation: To compute the messages we first normalize the coordinates and invariant
features using the same normalization scheme as in the feed forward layer:

x̃ = ϕequi(x) ỹ = ϕequi(y) h̃x = ϕinv(h
x) h̃y = ϕinv(h

y) (21)
Then, we perform the · product between the normalized coordinates to obtain xpairs and ypairs. We
also project the invariant features using a linear transformation obtaining ĥx and ĥy . The messages
are thus computed as follows:

xp = x̃ff
i · x̃ff T

j , yp = ỹff
i · ỹff T

j , hxp = [Wgh̃
x ff
i ∥Wgh̃

x ff
j ], hyp = [Wgh̃

y ff
i ∥Wgh̃

y ff
j ] (22)

Finally, we concatenate the features as reported below to obtain the final messages for x and y:
ωxp = [hxp , xp, e

x], ωyp = [hxp · hyp, xp, yp, ex · ey] (23)
whereWg represents a linear projection. The final messages are computed using two separate MLPs
for MLPx and MLPy from ωxp and ωyp as they have different input shapes, obtaining the messages
that are used to update the x, y, hx, hy , ex and ey features in the equivariant and invariant attention
blocks. These are now denoted as ωxp,h, ωyp,h, ωxp,x, ωyp,y , ωxp,e and ωyp,e.

Invariant Attention: We proceed updating the hx and hy features separately as outlined below,
where σ denote the following operation σ(z)i = ezi/

∑K
j=1 e

zj applied on the penultimate feature
dimension:

αkx = σ(ωxp,h) αky = σ(ωyp,h) (24)

h̃x =Wvϕinv(h
x) h̃y =Wvϕinv(h

y) h̃k ∈ RN×dhead for k = 1, . . . , nheads (25)
Thus, we apply the same process to aggregate the features for each head as reported below:

hkaggr =
∑
j

αkij · h̃kj wki =

√∑
j

(αkij)
2 hmessage =Wz[h

k
aggr · wki ] (26)

where Wv : Rd → Rm and Wz : Rm → Rd are linear projections and m is the latent message
dimensionality.

Equivariant Attention: We now update the coordinates features xff and yff using and equivariant
attention mechanism following Irwin et al. (2025). Similarly to the invariant attention, we compute
the attention weights as follows:

αkx = σ(ωxp,x) αky = σ(ωyp,y) (27)

α̃k =Wrα
k x̃k =Wrϕequi(xk) ỹk =We1ϕequi(yk) (28)

The same attention strategy is applied to x̃ and ỹ to aggregate the contribution of each node to the
final message update:

xkaggr =

N∑
j

α̃kij ·
(

x̃i − x̃j
(x̃i − x̃j + ϵ)

)
wki =

√∑
j

(α̃kij)
2 xmessage =Ws[x

k
aggr · wki ] (29)

where ϵ is equal to 10−12 and Wr : Rd → Rm and Ws : Rm → Rd are two linear projections and
m is the latent message dimensionality. Thus, we finally update the features as follows using this
scheme:

x = x+ xmessage y = y + ymessage (30)
hx = hx + hx,message hy = hy + hy,message (31)

ex = ex + ωxp,e ey = ey + ωyp,e (32)

We now refer to one graph attention block forward pass with this notation Gattn.
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Features refinement. We apply a final feed forward layer x, y, hx, hy and use the output to shift
the representations at the last FlexiFlow layer. On x and y we use the same equivariant norm, and a
linear transformation to shrink the coordinate sets into one. On the edge features we apply the Edge
Update Layer before the final MLP projection, see the dedicated Appendix section B.2. Subse-
quently we apply two different invariant normalization layers to hx (atoms, charges) and ex (bonds),
and use three separate MLP to obtain the logits for the atoms, charges and bonds types. These are
finally projected into Rn×|A|, Rn×|C| and Rn×n×|B|, where |A|, |C| and |B| are the cardinality of
the sets A, C and B for atom, charge and bond types.

Protein conditioning. We model a protein as a set of invariant and equivariant features for each
protein atom, from one-hot encoded ρinv ∈ Rℓ×|H| and coordinates ρequi ∈ Rℓ×3 where ℓ is the
number of protein atoms and H is the set of protein atom types. To support the conditioning on
the protein features, we added a protein feed forward layer before the graph attention layer in each
FlexiFlow layer. Each protein atom invariant and equivariant features set of ρinv and ρequi are
than fed into the graph attention layer, where we separately compute the messages between ligand-
ligand and ligand-protein and concatenate them before the attention mechanism. Further details are
provided below are provided in Appendix B.3.

B.2 EDGE FEATURE REFINEMENT LAYER FLEXIFLOW

Similarly to Irwin et al. (2025), we postprocess the features of the bonds (edges) using a dedicated
layer, which we call Edge Update Layer (EUL). The EUL takes as input the 3D coordinat sets of the
atoms (nodes) x ∈ Rn×d×3, their features h ∈ Rn×d and the bond features e ∈ Rn×n×d. It outputs
the updated bond features e′.

We normalize x, h and e using the equivariant and invariant normalizations ϕequi and ϕinv respec-
tively:

x̃ = ϕequi(x) h̃ = ϕinv(h
x) ẽ = ϕinv(e

x) (33)

Over the coordinate sets, we compute the geometric distances and inner products, and then concate-
nate them:

∆ij = x̃i − x̃j , dbij = ∥∆ij∥22, pij = ⟨x̃i, x̃j⟩, (34)
(35)

Subsequently, we apply a linear layer to project the node features to the message dimension d:

h̃i =Whh̃i + bh, Wh ∈ Rd×d. (36)

and we form the pair features by concatenation:

hpair
ij = [h̃i ∥ h̃j ] ∈ R2d. (37)

Finally, we concatenate all the features to form the input to the message MLP:

Fij = [hpair
ij ∥ dij ∥ pij ∥ ẽij ] ∈ R2d+2+d (38)

mij = σ(WlFij + b1), (39)

e′ij =Wqmij + b2, (40)

where σ is the SiLU activation function, Wl ∈ Rd×(2d+2+d), Wq ∈ Rd×d and e′ ∈ Rn×n×d are the
updated bond features.

B.3 PROTEIN CONDITIONING

This section provides additional about how the ligand-protein interaction conditioning is computed.
After Equation 13, we use the normalized features coordinates x̃ of the ligand, and normalize the
protein coordinates features ρequiff , protein atoms features ρinvff and ligand atom features hx as fol-
lows:

ρ̃equi = ϕequi
(
ρequiff

)
, ρ̃inv = ϕinv

(
ρinvff

)
, h̃ = ϕinv(h

x). (41)
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We concatenate the protein and ligand atoms features pairwise:

hρ
inv

ij = [ h̃i ∥ ρ̃invj ] ∈ R2d. (42)

Next, we compute the distances between the ligand and protein atoms:

dijs =
√
∥x̃is − ρ̃equijs + ε∥22. (43)

where ε is equal to 1e − 12. Lastly, we concatenate the distances to the pair features and apply an
MLP to project them to the desired dimension of the message:

mρ
ij = [hρ

inv

ij ∥ Dij ] ∈ R(2d+s), (44)

mρ
ij =Wo σ

(
Wam

ρ
ij + ba

)
+ bo ∈ Rd, (45)

with Wa ∈ Rd×(2d+s), Wo ∈ Rd×d, σ the SiLU activation, while ba and bo are the respective bias
terms.

The message is computed separately for x and y coordinate set, using the same weights and protein
features. Finally, we concatenate the x and y coordinate, atoms and message features with the
protein coordinate, atoms and message features, respectively, and follow the same steps to perform
the features update according with Equation 26 and 29.

B.4 LOSS SETTING FLEXIFLOW

To support the generation of the graphs x and S, our loss follow this scheme:

L = Lx,y + La + Lc + Le + Lreg (46)

where (1) Lx,y coordinates loss for x and y is defined as the mean squared error between the pre-
dicted and target coordinates:

Lx,y =
1

N

N∑
i=1

||x̂(1)i − x
(1)
i ||2 +

1

N

N∑
i=1

||ŷ(1)i − y
(1)
i ||2 (47)

where x̂(1)i and ŷ(1)i are the predicted coordinates for the i-th atom in x and y respectively, while
x
(1)
i and y(1)i are the ground truth coordinates and N the number of atoms. (2) La, Lc, Le are the

negative log-likelihood losses for the categorical atoms, charges and bonds types respectively:

La = − 1

n

n∑
i=1

log p(â
(1)
i = a

(1)
i ), (48)

Lc = −
1

n

n∑
i=1

log p(ĉ
(1)
i = c

(1)
i ), (49)

Le = −
1

n2

∑
(i,j)∈E

log p(ê
(1)
ij = e

(1)
ij ) (50)

where ˆa(1)i, ĉ
(1)
i and ê(1)ij are the predicted atom type, charge and bond type for the i-th atom and

(i, j)-th bond respectively, while a(1)i , c(1)i and e(1)ij are the ground truth values and E is the set of
edges in the molecular graph. (3) Lreg a regularization loss is made by different components: (3.1)
enforce bonds lengths consistency on both x and y:

Dx,1
ij = ∥x(1)i − x

(1)
j ∥2 , Dx,p

ij = ∥x̂i − x̂j∥2 , (51)

Dy,1
ij = ∥y(1)i − y

(1)
j ∥2 Pij , Dy,p

ij = ∥ŷi − ŷj∥2 Pij . (52)

where x(1)i , y
(1)
i be target (ground-truth) coordinates and x̂i, ŷi the predicted coordinates and D the

respective pairwise distances.
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Let e(1)ijk be the (target) bond-type logits and define the bond presence mask

Bbij = 1

[
argmax

k
e
(1)
ijk > 0

]
, (53)

so only pairs with a non-zero bond type contribute. The adjacency (distance) constraint losses
implemented in the code are the mean absolute deviations over all pairs:

Lxadj =
1

N2

N∑
i,j=1

Bij
∣∣Dx,p

ij −Dx,1
ij

∣∣, Lyadj =
1

N2

N∑
i,j=1

Bij
∣∣Dy,p

ij −Dy,1
ij

∣∣. (54)

Additionally, (3.2) we align the categorical for y on x:

Lbond-align =


n∑
i

n∑
j

∥Êxij − Êyij∥22
√
n2 + ε

− 1

n2

∑
(i,j)∈E

log p(êyij = eij), (55)

Ltype-align =


∑
i

∥Ĥx
i − Ĥy

i ∥22
√
n+ ε

− 1

n

n∑
i=1

log p(âyi = ai), (56)

Lcharge-align =


∑
i

∥Ĉxi − Ĉyi ∥22
√
n+ ε

− 1

n

n∑
i=1

log p(ĉyi = ci). (57)

where ε is a small constant to avoid division by zero, Êxij , Ê
y
ij are the predicted bond type logits for

the (i, j)-th bond in x and y respectively, while Ĥx
i , Ĥ

y
i and Ĉxi , Ĉ

y
i are the predicted atom type and

charge logits for the i-th atom in x and y respectively. The full regularization loss is thus defined as:

Lreg = Lxadj + Lyadj + Lbond-align + Ltype-align + Lcharge-align. (58)

B.5 TRAINING SCHEME & INTERPOLANTS SETTING

Let A, B, and C denote the sets of atom types, bond types, and charge types, respectively. We
denote by (a, b, c) ∼ Cat(1/|A|) · Cat(1/|B|) · Cat(1/|C|) the sampling of a triplet from three
independent categorical distributions, each uniform over its corresponding set. We draw samples
from our time-dependent categorical distribution following the approach of Campbell et al. (2024).
Specifically, the time variable t is sampled from a Beta distribution with parameters α = 2.0 and
β = 1.0. During training, given samples from the noised data distribution, the objective is to
predict the corresponding target data distribution. The coordinate interpolants xt and yt are obtained
following Tong et al. (2024).

Algorithm 2 Training scheme

1: (x1, y1, a1, b1, c1) ∼ pdata
2: x0 ∼ N (0, I), y0 ∼ N (0, I), t ∼ Beta(α, β)
3: xt ∼ N (tx1 + (1− t)x0, σ2)
4: yt ∼ N (ty1 + (1− t)y0, σ2)
5: a0, b0, c0 ∼ Cat(1/|A|) · Cat(1/|B|) · Cat(1/|C|),
6: at, bt, ct ∼ CatInterp(t, a0, a1) · CatInterp(t, b0, b1) · CatInterp(t, c0, c1),
7: while Training do:
8: (x̂1, ŷ1, â

x
1 , b̂

x
1 , ĉ

x
1 , â

y
1, b̂

y
1, ĉ

y
1)← fθ(xt, yt, at, bt, ct)

9: L(θ) = Lx,y(x̂1, x1, ŷ1, y1) + La(âx1 , ây1, a1) + Lc(ĉ
x
1 , ĉ

y
1, c1)+

10: Lb(b̂x1 , b̂y1, b1) + Lreg(x̂1, x1, ŷ1, y1)
11: end while
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B.5.1 MODEL & TRAINING HYPERPARAMETERS

Here we provide the list of hyperparameters that are kept fixed across the models configurations:
dimension edge features = 128 and invariant positional embedding size = 64. In Table 4 are reported
the parameters that vary in the model configuration. Refer to Irwin et al. (2025) for further details.
All the result in the paper that do not specifically mention the model size use the Large configuration
of it.

Model type n layers d model d message & d message hidden n attn heads Parameters
Small (S) 6 384 64 12 17.2M
Medium (M) 8 384 128 32 24.7M
Large (L) 12 384 128 32 37.7M

Table 4: The table reports the parameters that vary across model configurations, while all other fixed
parameters are listed below. d stands for model features dimensionality.

Key training configuration details:

• training seed = 42
• coordinate noise σ = 0.2 on the interpolated coordinates
• Adam (Kingma & Ba, 2015) with learning rate lr=1e− 3 and weight decay 0.0
• LinearLR is used as learning rate scheduler with start factor=1e− 2 and total iters=10000
• all the models are trained using exponential moving average (EMA)

B.6 DATA PRE-PROCESSING MOLECULAR STRUCTURES

QM9. The QM9 dataset (Ramakrishnan et al., 2014) consists of ∼134k small organic molecules
with up to 9 heavy atoms (C, O, N, F) and their corresponding 3D conformations. We follow the
standard split used in previous works (Hoogeboom et al., 2022; Vignac et al., 2023), using ∼ 100k
molecules for training. We preprocess the data following the steps outlined in (Irwin et al., 2025),
which include centering the molecules at the origin, normalizing the coordinates, checking validity
of the molecular graphs and graph fragmentation with RdKit. Since the hydrogen atoms are kept,
the resulting model vocabulary is composed by (H, C, N, O, F).

Since QM9 provides only one conformer per molecule, we augment the dataset by generating 20
conformers per molecule using the ETKDG method (Riniker & Landrum, 2015) implemented in
RdKit (obtaining ∼1.8M total samples). We then optimize these conformers using the MMFF94
force field (Halgren, 1996) to ensure physically plausible structures. The target x conformer is
selected as the closest conformation to the mean, while the remaining conformers form the set S.

GEOM Drugs. The GEOM Drugs dataset (Axelrod & Gómez-Bombarelli, 2022) contains ∼400k
unique drug-like molecules with up to 181 atoms (H, B, C, N, O, F, Si, P, S, Cl, Br, I) and their
corresponding 3D conformations. Conversely to QM9, GEOM Drugs provides multiple conformers
per molecule, with an average of 21 conformers per molecule. To achieve these conformers, the au-
thors used GFN2-xTB calculations (Bannwarth et al., 2019), a physics-based method that provides
accurate low-energy conformers.

Similarly to QM9, we selected the target x conformer as the closest conformation to the mean,
while the remaining conformers form the set S . We use the same splits as in previous works (Vignac
et al., 2023; Le et al., 2024), with ∼ 5.8M molecules for training. The data are processed similarly
to QM9, ensuring that the molecules are centered, normalized, and valid. The model vocabulary
comprises (H, B, C, N, O, F, Si, P, S, Cl, Br, I), with hydrogens retained during training. Our final
training set contains 243,718 unique molecular target graphs x and 5,491,198 distinct molecular
conformers y.

B.7 METRICS FOR DE-NOVO GENERATION

We provide a description of the metrics used for 3D generation, specifically, validity, uniqueness,
novelty, atom stability, and molecule stability.
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* Validity: Validity measures the percentage of generated molecules that are chemically
valid according with the sanitization check done by RDKit. A molecule is considered valid
if it passes the sanitization check, which includes checks for valence, aromaticity, and other.

* Uniqueness: Uniqueness measures the percentage of unique molecular graphs converted
into canonical SMILES strings.

* Novelty: Novelty measures the percentage of generated molecules that are not present in
the training set.

* Atom Stability: Atom stability measures the percentage of atoms in the generated
molecules that have a valid valence according to their element type.

* Molecule Stability: Molecule stability measures the percentage of generated molecules
where all atoms are stable.

* Energy: According to the Boltzmann distribution, the probability of a conformation x is
determined by its energy U(x) as P (xi) = Z−1(e−U(xi)/kBT ), where U(xi) is the energy
of state i parametrized by the MMFF96 force field, kB is the Boltzmann constant, T is the
absolute temperature, Z is the partition function.

* Strain: The strain is computed as U(x)−U(x∗), where x is a conformation and x∗ is the
energy minimized conformer.

B.8 METRICS FOR CONFORMER GENERATION

Similarly to (Ganea et al., 2021), (Jing et al., 2022) and (Havens et al., 2025), we compute Average
Minimum RMSD (AMR) and Coverage (Cov) for Precision (P) and Recall (R).

We generate with FlexiFlow a number N of conformers for each molecule generated from scratch,
then we use the conformer with the lowest energy as the input to CREST, which generates a set of
M reference conformers, where M < N . Equivalently, to generate the conformers with RDKit, we
use the conformer with the lowest energy generated by FlexiFlow as the input to RDKit to produce
a set of N conformers.

Lastly, we compare against the reference CREST conformers to the generated ones. Finally, we use
the RMSD metric to compare generated conformers to reference conformers, which aims to capture
both the quality and diversity of the generated conformers. The RMSD is computed as the minimum
distance between two conformers, taking into account the molecular structure.

R stands for recall, P for precision, Cov for coverage, and AMR for average minimum RMSD. In this
context, recall measures the coverage of the generated conformers against the reference conform-
ers, while precision measures how closely at least one of the generated conformers approximates a
reference conformer.

Cov-R(δ) :=
1

M
|{m ∈ {1, . . . ,M} : ∃n ∈ {1, . . . , N}, RMSD(Cn, Cm) < δ}| (59)

AMR-R :=
1

M

∑
m∈{1,...,M}

min
n∈{1,...,N}

RMSD(Cn, Cm) (60)

Cov-P(δ) :=
1

N
|{n ∈ {1, . . . , N} : ∃m ∈ {1, . . . ,M}, RMSD(Cn, Cm) < δ}| (61)

AMR-P :=
1

N

∑
n∈{1,...,N}

min
m∈{1,...,M}

RMSD(Cn, Cm) (62)

where δ > 0 is the coverage threshold.

B.9 RMSD AFTER ENERGY MINIMIZATION METRIC

We perform additional minimization until convergence (within a fixed number of minimization
steps) using a physico-chemical force field (in this case MMFF94). Thus, an RMSD > 0 indicates
that we have two conformers x1 and x2 such that x1 ̸= x2 and

∇E(x1) ≡ ∇E(x2) ≡ 0. (63)
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For both x1 and x2, there exist neighborhoods with radii d1 and d2 such that

f(x1) < f(x) for all x satisfying ∥x− x1∥ < d1, (64)

and similarly for x2. This means they correspond to distinct local minima.

C FLOW DECOMPOSITION

As part of this section of the Appendix, we provide the proof of the determinant decomposition
of the Jacobian of the flow ψt(x,S) with respect to (x,S) under local dependence. Moreover, we
formulate the target velocity field ut(x,S | x1,S1) in closed form under linear interpolation on sets.

C.1 PROOF DETERMINANT DECOMPOSITION

Let be S = {y1, . . . , ym} and define ψt(x,S) as the concatenation of the flows among S

ψt(x,S) :=
∣∣∣∣∣∣∣∣
y∈S

ψt(x, y) =
(
ψ
(1)
t (x, y1), . . . , ψ

(m)
t (x, ym)

)
, (65)

where each block ψ(i)
t (x, yi) ∈ Rn×m.

Lemma 1: We consider the Jacobian of the flow ψt as:

J(x,S) := ∇(x,S)ψt(x,S). (66)

where J satisfies the local dependence property, ∂ψ
i
t

∂yj
= 0 for j ̸= i, such that each block depends

only on (x, yi).

Under the local dependence assumption, we now reconduct the determinant of J to a block diagonal
matrix to allow the flow decomposition. For simplicity, we provide a proof for m = 2 and n = 2,
however, the proof can be easily extended to m > 2. We start with three 2-dimensional vectors:

x = [x1 x2] , y(1) = [y1,1 y1,2] , y(2) = [y2,1 y2,2] .

We concatenate the vectors as follows:

v1 = [x1 x2 y1,1 y1,2] , v2 = [x1 x2 y2,1 y2,2]

z = [v1 v2] = [x1 x2 y1,1 y1,2 x1 x2 y2,1 y2,2] .

Thus z ∈ R8 in this special case. Hence we can define the full flow as the concatenation of two
independent flows:

ψt(z) =

[
ψ
(1)
t (z)

ψ
(2)
t (z)

]

where each ψ(i)
t (z) ∈ R4 for i = 1, 2. Therefore, we can compute the Jacobian of the full flow

ψt(z) with respect to z as:

J(z) =
∂ψt(z)

∂z
∈ R8×8.

The Jacobian has a block-diagonal structure:

J(z) =

[
J (1) 0
0 J (2)

]
,

where each block J (i) =
∂ψ

(i)
t (z)
∂z ∈ R4×8 for i = 1, 2. This, for J (1), where i = 1, . . . , 4,

ψ
(1)
t (z) = z2i +

4∏
k=1

zk. (67)
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Thus

∂ψ
(1)
t

∂zj
=



2zi +

4∏
k=1
k ̸=i

zk, j = i,

4∏
k=1
k ̸=j

zk, j ̸= i, j ∈ {1, 2, 3, 4},

0, j ∈ {5, 6, 7, 8}.

(68)

For J (2), where i = 5, . . . , 8,

ψ
(2)
t (z) = z2i +

8∏
k=5

zk. (69)

Thus

∂ψ
(2)
t

∂zj
=



2zi +

8∏
k=5
k ̸=i

zk, j = i,

8∏
k=5
k ̸=j

zk, j ̸= i, j ∈ {5, 6, 7, 8},

0, j ∈ {1, 2, 3, 4}.

(70)

As the Jacobian J results in block diagonal matrix, it can be factorized as the product of block
determinants. Therefore,

det
(
∇(x,S)ψt(x,S)

)
=

m∏
i=1

det
(
∇(x,yi)ψ

i
t(x, yi)

)
. (71)

C.2 TARGET VECTOR FIELD ut FOR THE SPECIAL CASE OF LINEAR INTERPOLANTS ON SETS

We define the target velocity field as the conditional expectation of the trajectory velocity:

ut(z | z1) = E[żt | zt = z, z1] . (72)

where żt correspond to the zt derivative. In our case, the path definition reduces to linear interpola-
tion which can be defined as:

zt = (1− t)z0 + tz1, (73)
Thus,

ut(z | z1) = E[z1 − z0 | zt = z, z1], (74)
and the path is a straight line that connects z0 to z1, hence the velocity is constant along the path.
The extension to (x,S) can be seen by reformulating z = (x,S) and defining the path elementwise:

(xt, yt,i) = (1− t)(x0, y0,i) + t(x1, y1,i), i = 1, . . . ,m. (75)

where (x0,S0,i) is sampled from the prior distribution and (x1,S1,i) from the data distribution and
i indicates the i-th element in the set S . So (xt,St) = {(1− t)(x0, y0,i) + t(x1, y1,i)}mi=1. Now we
can condition on (xt,St) = (x,S) with endpoint (x1,S1):

ut(x,S | x1,S1) = E
[
(x1 − x0, {y1,i − y0,i}mi=1)

∣∣∣ (xt,St) = (x,S), (x1,S1)
]
. (76)
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D ADDITIONAL RESULTS

D.1 ADDITIONAL RESULTS TOP-K FRACTION GENERATED CONFORMERS QM9 AND GEOM
DRUGS
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QM9: Mean energy of y molecules
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Figure 8: Figures show the energy per atom computed with MMFF94 force field on the top-k fraction
of y conformers per x reference molecule generated. The trend is shown on QM9 varying the epochs
(left) and GEOM Drugs varying number of inference steps (NFE) reporting trends on x and y.

Normalized energies of FlexiFlow generated conformers. In this setting, we use MMFF94 (Hal-
gren, 1996) as the energy function for conformers, normalized by the number of atoms
(kcal/mol/atom). We sampled 100 molecules with 300 conformations per molecule from both
GEOM Drugs and QM9. Figures 8 show the mean conformer energy for each molecule: QM9
on the left and GEOM Drugs on the right. The x-axis in both plots reports the percentage of top-k
molecules ranked by energy. For QM9, we observe that low-energy conformers are concentrated
within the top 30%, with only marginal improvements beyond this range. Energies also decrease as
the number of training epochs increases. For GEOM Drugs, the energies of both the representative
conformer and the remaining conformers remain stable across inference steps. Since the training
reference conformer x is chosen as the one closest to the average conformation within the set, its
energy is expected to be near the mean. This is confirmed in the figure: the energy of x is around
2.2 kcal/mol/atom, while the energies along y range from 1 to 3 kcal/mol/atom.
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D.2 ADDITIONAL ENERGIES QM9
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Figure 9: The conformers are sorted based on their energy values, and we plot mean and standard
deviation for the top-k fraction of conformers generated. The results are reported by sampling 300
conformers per molecule on 100 molecules using the base model trained on QM9 for 40 epochs.
In figure we can observe that using more denoising steps (NFE), from 100 to 200 steps, during
inference leads to lower energy values. However, the cost of sampling with more steps is linearly
higher.
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D.3 ADDITIONAL RESULTS CONFORMERS QM9
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Figure 10: Coverage (top) and AMR (down) precision and recall for conformer generation on QM9.
As the target data distribution of the conformers is derived from RDKit, FlexiFlow achieves com-
parable results to RDKit in terms of AMR and Cov, with a slight improvement. Specifically, on
Coverage recall we can note that with a threshold of 0.75 Å FlexiFlow already achieves a Cov
of 1.0, meaning that for all the molecules generated we can find a conformer that is at most 0.75
Å away from a CREST-reference conformer. This suggests that FlexiFlow learns the conforma-
tional distribution of the training data and is able to generate conformers that closely resemble the
CREST-reference conformers. Conversely, coverage precision decreases because FlexiFlow deliber-
ately explores a broader conformational space, causing some samples to lie farther from the CREST
references. This trade-off is expected for a diversity-oriented generator. Overall, FlexiFlow yields
high-quality, physically plausible conformers that remain close to reference structures while retain-
ing diversity.
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D.4 GEOM DRUGS STRATIFIED RMSD DISTRIBUTION BEFORE AND AFTER ENERGY
MINIMIZATION
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Figure 11: Results on GEOM Drugs. We use the metric in Equation 14 to test whether generated
conformers, after minimization, occupy distinct local minima of the potential energy surface. For
each atom-count setting, we sample 20 molecules; each yields 50 conformers. For every molecule
we record the minimum pairwise RMSD (closest conformers). We then minimize each conformer
for 100 steps with the MMFF94 force field (Halgren, 1996) and recompute the minimum RMSD.
Results show that FlexiFlow’s conformers, once minimized, fall into different local minima, indicat-
ing captured conformational diversity. The effect strengthens with molecular size: larger molecules
exhibit larger pre/post minimization closest-conformer RMSD gaps.
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D.5 QUALITATIVE RESULTS CONFORMERS GEOM DRUGS

Figure 12: Qualitative results of a molecule sampled with FlexiFlow along with its generated con-
formers. We denote with x the target conformation, and with y1, y2, ..., y46 the generated conform-
ers. For each molecule we report the energy state and for each yi the RMSD with respect to x.
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Figure 13: Qualitative results of a molecule sampled with FlexiFlow along with its generated con-
formers. We denote with x the target conformation, and with y1, y2, ..., y46 the generated conform-
ers. For each molecule we report the energy state and for each yi the RMSD with respect to x.

30



1620
1621
1622
1623
1624
1625
1626
1627
1628
1629
1630
1631
1632
1633
1634
1635
1636
1637
1638
1639
1640
1641
1642
1643
1644
1645
1646
1647
1648
1649
1650
1651
1652
1653
1654
1655
1656
1657
1658
1659
1660
1661
1662
1663
1664
1665
1666
1667
1668
1669
1670
1671
1672
1673

Under review as a conference paper at ICLR 2026

Figure 14: Qualitative results of a molecule sampled with FlexiFlow along with its generated con-
formers. We denote with x the target conformation, and with y1, y2, ..., y46 the generated conform-
ers. For each molecule we report the energy state and for each yi the RMSD with respect to x.
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D.6 PROTEIN CONDITIONING WITH AND WITHOUT MOLECULAR FLEXIBILITY DURING
TRAINING

For this experiment, we generate 10 x molecular structures along with 42 y conformers each for
each testset protein in PDBBind using both models with and without GEOM Drugs training. Due
to GPU vRAM memory constrains our machine could not handle more than 42 y conformers at the
same time for each x with protein conditioning. We compute the MMFF strain energy for all gener-
ated conformers as the difference between the MMFF energy before and after MMFF optimization,
divided by the number of atoms in the molecule. Training the model with GEOM Drugs consis-
tently yields lower and tighter MMFF strain energy distributions than the training without it. The
violin plots in Figure 15 illustrate this trend across different top-k y conformers, where the average
is performed on the MMFF strain. We better quantify the gap (in terms of MMFF strain between the
model with and without GEOM Drugs training) in Figure 16, where we show the difference between
the two models’ mean MMFF strain.
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Figure 15: Violin plots report the mean MMFF strain (per-atom conformational strain = (unopti-
mized MMFF energy - optimized MMFF energy) / atom count) for the top-k y ligand conforma-
tions (k = 1, 5, 10, 15, 20, 30) with or without GEOM Drugs training. Boxes inside violins mark
mean and interquartile range. The log y-axis highlights a heavy right tail, without GEOM Drugs
exhibit progressively higher mean strain as k increases, while with GEOM Drugs maintains lower
and more compact distributions across all k. This indicates including the flexibility during training
(from GEOM Drugs) consistently produces lower-strain (more relaxed) top-ranked conformations.
The magnitude growth of this advantage is quantified in the accompanying Delta-strain plot (Fig-
ure 16).
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Figure 16: Figure reports the mean difference in MMFF strain between without and with GEOM
Drugs during training for the top-k y ligand conformations (k = 1, 5, 10, 15, 20, 30) with 95%
confidence intervals (error bars).
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D.7 ADDITIONAL RESULTS ON PROTEIN CONDITIONING

Although FlexiFlow is neither trained nor explicitly conditioned to optimize Vina scores on the
conformer coordinates y, some generated conformers nevertheless obtain higher Vina scores. This
implies the model implicitly captures protein-ligand interaction geometry. Figures 17, 18, 19 and 20
(complex 6e5s) illustrate a qualitative example: conditioned on the protein pocket, we generate the
target ligand x and multiple conformers y; three y conformers are shown alongside the reference
ligand pose.

Additionally, we provide additional illustrations of other generated ligands on the test set including
both target x and conformer y, see Figures 21, 22 and 23.

Figure 17: Binding surface electrostatic potential for complex 6e5s mapped onto the ligand’s gener-
ated reference conformation x (Vina score: -4.1 kcal/mol; QED: 0.94).

Figure 18: Binding surface electrostatic potential for complex 6e5s mapped onto the ligand’s gener-
ated reference conformation y1 (Vina score: -5.5 kcal/mol; QED: 0.94).
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Figure 19: Binding surface electrostatic potential for complex 6e5s mapped onto the ligand’s gener-
ated reference conformation y2 (Vina score: -5.3 kcal/mol; QED: 0.94).

Figure 20: Binding surface electrostatic potential for complex 6e5s mapped onto the ligand’s gener-
ated reference conformation y3 (Vina score: -5.0 kcal/mol; QED: 0.94).

35



1890
1891
1892
1893
1894
1895
1896
1897
1898
1899
1900
1901
1902
1903
1904
1905
1906
1907
1908
1909
1910
1911
1912
1913
1914
1915
1916
1917
1918
1919
1920
1921
1922
1923
1924
1925
1926
1927
1928
1929
1930
1931
1932
1933
1934
1935
1936
1937
1938
1939
1940
1941
1942
1943

Under review as a conference paper at ICLR 2026

D.8 QUALITATIVE RESULTS ON PROTEIN CONDITIONING

.

Figure 21: Conformations x (Vina score: -3.1 kcal/mol) and y (Vina score: -6.0 kcal/mol) for the
complex 6oin (QED ligand: 0.91).

Figure 22: Conformations x (Vina score: -2.3 kcal/mol) and y (Vina score: -4.8 kcal/mol) for the
complex 6oiq (QED ligand: 0.94).
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Figure 23: Conformations x (Vina score: -4.5 kcal/mol) and y (Vina score: -4.6 kcal/mol) for the
complex 6jib (QED ligand: 0.92).
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E FLOW DECOMPOSITION ON MNIST

E.1 DATA PROCESSING & TRAINING SETUP

Since MNIST does not have implicitly colored images for the digits, we color the digits using the
following procedure. First, we uniformly sample a color among red, green and blue and added some
white noise over it. Then, this is multiplied by the grayscale value of the digit, so that the background
remains black.

In order to independently sample the color based on the digit x that is being generated, we use the
sum between the grayscale digit x and RGB color y to constrain the generation of a colored digit z,
i.e. z = x + y. In this way, the model can learn to generate both the grayscale digit and the color
independently (see Figure 24).

Grayscale Image: xg Reverted Color: (xg xc) Colored Image: xg + (xg xc)

Figure 24: Data processing steps used to derive the colored digit x + y from the grayscale digit
x = xg and the y = xg − xc vector field.

E.2 DUAL-UNET MNIST ARCHITECTURE

The Dual-Unet architecture FDual-Unet(x
g
t , x

y
t , t) = (sg, sc) is a modified U-Net that takes as input

the noisy grayscale image xgt ∈ R1×H×W , and noisy reversed color image xyt ∈ R3×H×W and time
t, and outputs the score functions sg and sy for the grayscale and reversed color images (rescaled by
a factor 0.001). In this setting, we train the network to directly estimate the target data distribution
from the noisy inputs.

To obtain xgt and xyt , we sample a xg0 and xy0 independently from a N (0, I) distribution, t ∼
Uniform(0, 1) and we use the following interpolation scheme: xgt = (1 − t)xg0 + txg1 and
xyt = (1 − t)xy0 + txy1 , where xg1 and xy1 are the grayscale and reversed colored images from the
training set, respectively. During training we minimize the objective in Equation 9.

In the architecture, xgt and xyt are flatten and process by xg,0 = Convg(x
g
t ) ∈ RD×H×W , for the

colored counter part xy,0 = Convc(x
y
t ) ∈ R3D×H×W and τ(t) = MLP(SinusoidalEmbed(t)) ∈

R4D for the time component, where Conv stands for convolutional layer. We apply L encoder layers
Ei, i ∈ 1, . . . , L:

hg,i, xg,i = Eg,i(xg,(i−1), τ) hy,i, xy,i = Ey,i(xy,(i−1), τ) (77)
where Eg,i and for the colored Ey,i are encoder blocks with ResNet and downsampling blocks,
producing features xg,L, xy,L and skip connections hg,L, hy,L. We finally concatenate the colored
to the grayscale bottleneck features and from these start decoding the images xg,m =Mg(xg,L, τ)
and xy,m = Mc([xy,L, xg,m], τ) where [·, ·] denotes channel-wise concatenation. We reverse the
process with a decoder Di for i ∈ L, . . . , 1 layers for both xg,m and xy,m:

xui = Dg,i([x
u
g,(i+1), hg,i], τ) xuy,i = Dy,i([x

u
y,(i+1), hy,i, hg,i], τ) (78)

where Dg,i and Dy,i are decoder blocks with ResNet and upsampling blocks. The output is the
result of a ResBlock and final convolution
sg = Conv-lg(ResBlockg([xug,1, xg,0], τ)), sc = Conv-ly(ResBlocky([xuy,1, xy,0, xg,0], τ)) (79)
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E.3 MNIST INFERENCE

At inference time, we sample x̂g0 and x̂y0 independently from a Gaussian distribution N (0, I), and
we use the euler ODE solver to integrate both vector fields from t = 0 to t = 1 independently.
Finally, we obtain the grayscale image x̂g1 and reversed color image x̂c1, to obtain the final colored
image we simply apply the operation we show in Figure 24, x̂g1 + (x̂g1 - x̂y1).

E.4 QUALITATIVE RESULTS ON MNIST

For Figure 25, the noise for xg is held fixed while varying the noise for xc, producing distinct color
textures conditioned on an unchanged grayscale digit structure. Figure 26 provides results vary-
ing the noise for both xg and xc yields diverse grayscale digit shapes together with corresponding
variations in color texture. This demonstrates that FlexiFlow can independently modulate structure
(grayscale) and appearance (color or texture).
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Figure 25: Integration of different xc noise for a fixed xg noise, where we can observe that FlexiFlow
is able to generate different color textures for the same grayscale image. The xg reference is shown
in the top row, while all the other rows show different xc samples.
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Figure 26: Integration of different xg and xc noise, where we can observe that FlexiFlow is able to
generate diverse grayscale images along with different color textures. The xg reference is shown
every other row, while all the other rows show different xc samples given the same xg noise shown
on top.
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F TRAINING DATASET ENERGIES STATISTICS ON GEOM DRUGS
CONSTRUCTED (X, Y) PAIRS
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Figure 27: Standard deviations of the normalized energies (computed as described in Appendix D.1)
of the molecules within each set of conformers S. This plot shows that all the conformations that
we have in GEOM Drugs, in terms of energy, are almost at the energy minima configuration.

Energy Minima Location Count
y 224265
x 19425

Table 5: Count of how many times the energy minima conformation is located in x or y by selecting
the closest conformer to the average as reference.

Energy difference Count
y < x 224265
y > x 15378
x = y 4047

Table 6: Times the energy minima conformation in x or y is lower, or equal, by selecting the closest
conformer to the average as reference.
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