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Autoregressive Models Enable Efficient Conditional 3D Molecular Generation
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Abstract

The reigning paradigm for small molecule 3D
structure generation in recent years has been the
so-called stochastic interpolant models, which in-
cludes the class of diffusion and flow-based gener-
ative models. These models learn how to transport
samples from an easy-to-sample base distribution
(such as a Gaussian distribution defined over R3N ,
where N is the number of atoms) to the distribu-
tion of 3D molecular structures. Critically, the
number of atoms N needs to be sampled apriori
before the learned transport process, as all atoms
are transported simultaneously. This makes such
models hard to use in tasks such as fragment com-
pletion, where generation must proceed from an
incomplete molecule while the remaining num-
ber of atoms are unknown. Indeed, most bench-
marks for small molecule 3D structure genera-
tion simply test unconditional generation, where
the goal is simply to sample possible 3D molec-
ular structures without any constraints. Unfortu-
nately, existing metrics overly emphasize exact
bond length and angular distribution matching.
We argue that the key goal of molecule gener-
ation is conditional generation, where we wish
to generate molecules conditional on some ge-
ometric or chemical constraints. We show that
a long-forgotten approach of building molecules
autoregressively actually performs favorably in
these regimes. In fact, by carefully engineering
the simple training recipe proposed in Symphony,
we find that autoregressive molecule generative
models can learn 1) significantly more efficiently
than existing diffusion/flow-based models, 2) en-
able significantly more accurate conditional gener-
ation in terms of quantum mechanical properties,
3) enable simple and efficient fragment comple-
tion with high success rates.

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Submitted to the 2026 Workshop on Generative and Agentic AI
for Biology (ICML 2026). Do not distribute.

1. Introduction
Generative models have emerged as a promising method
for navigating the vast landscape of chemical space (Ans-
tine & Isayev, 2023). For example, generative models for
3D molecular structures enable sampling the 3D structure
of a molecule, conditional on certain desired molecular
properties. For example, AlphaFold (Jumper et al., 2021;
Abramson et al., 2024) samples the crystallized 3D structure
of a protein conditional on its amino acid residue sequence.
We are particularly interested in the design of small organic
molecules, which make up approximately 90% of all thera-
peutic drugs sold today (Makurvet, 2021). In this context,
the atom identities are unknown, and the atoms themselves
cannot be consistently ordered into a sequence. These con-
straints necessitate a different approach from those invoked
by protein structure prediction models.

Formally, we wish to sample from the distribution p of
all-atom 3D positions and atomic numbers, defined over
R3N ×ZN , where N represents the number of atoms in the
molecule, and is sampled over some distribution pN .

1.1. Stochastic Interpolant Models

The most prevalent paradigm for small molecule 3D struc-
ture generation in recent years have been the class of stochas-
tic interpolant (Albergo et al., 2023) models, which gen-
eralize the class of flow-based (Lipman et al., 2023) and
diffusion-based (Song et al., 2021) models. The key idea is
to learn how to transport samples from an easy-to-sample
base distribution p0 to the target distribution p1 of choice.

We illustrate the case where p0 and p1 are defined on
Euclidean space Rd for some dimension d. Consider a
sample x0 ∼ p0 and a sample x1 ∼ p1. We can de-
fine a time-dependent coupling: xt ≡ I(t, x0, x1) + γ(t)z
where I is a (deterministic) interpolant function and z ∼
N (0, Id) is Gaussian noise. I interpolates between x0 and
x1 by satisfying the boundary conditions I(0, x0, x1) =
x0, I(1, x0, x1) = x1. γ also satisfies the boundary condi-
tions γ(0) = γ(1) = 0 as well as non-negativity γ(t) ≥ 0.
Then, xt itself has a probability distribution which inter-
polates between p0 and p1, which we term pt. Given any
choice of stochastic interpolant, let us define the velocity
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field b and the score field s as:

b(t, x) ≡ E[x1|xt = x] (1)

s(t, x) ≡ ∇x log pt(x) = −E[z|x(t) = x]

γ(t)
(2)

Then, starting from a sample x0 ∼ p0 and propagating the
(stochastic) differential equation forward in time:

dxF
t = (b(t, xF

t )dt+ ϵ(t)s(t, xF
t ))dt+

√
2ϵ(t) dW (t)

(3)

where W is the standard Wiener process and ϵ(t) ≥ 0
is arbitrary, from the results of Albergo et al. (2023), we
obtain samples xF

t which are distributed according to pt at
each t. In particular, we can obtain the required samples
xF
1 ∼ p1 by propagating upto t = 1. In practice, the true

velocity field b and score field s cannot be obtained exactly;
hence, they are approximated via neural networks b̂ and ŝ,
which can be learned via gradient descent by sampling x0 ∼
p0, x1 ∼ p1, z ∼ N (0, Id) to approximate the expectations
in Equation 1 and Equation 2. The learned velocity and
score fields thus form the transport.

However, applying this modeling technique for 3D molecule
generation comes with several challenges. In particular,
while the 3D atomic positions lie in Euclidean space and
are hence naturally handled by this framework (eg. by set-
ting d = 3N ), the discrete nature of the atomic numbers
(or atom types) makes them trickier to model. One of the
first approaches (Hoogeboom et al., 2022) was to simply
embed the atom types as a one-hot encoding up to some
maximum atomic number, artificially making the discrete
atom types continuous. A more flexible approach is latent-
space modelling as developed by Joshi et al. (2025); Geffner
et al. (2025), where the atomic positions and atom types are
encoded continuously in some higher dimension d′ (usually
via a variational autoencoder (Kingma & Welling, 2019))
and the stochastic interpolation happens in this latent space.
Discrete stochastic interpolants (Potaptchik et al., 2026;
Stark et al., 2024; Holderrieth et al., 2025) which naturally
enable transport over discrete spaces via a continuous-time
Markov chain with discrete states have also emerged as a
powerful alternative. These methods have proven successful
across a large variety of generative tasks and modalities.
However, a key point that often remains unresolved is the
necessity to sample and fix the number of atoms N before
any transport can proceed. Indeed, the dimensionality d
of the space is fixed during the transport. The most com-
mon approach is to simply estimate the distribution pN of
N from the training data. However, this is fundamentally
limiting in the context of conditional generation, where the
number of atoms N may also depend strongly on the type
of conditioning applied. FlowMol3 (Dunn & Koes, 2025)
and Schneuing et al. (2025) add fake atoms (with a new

’fake atom’ type) anchored near real atoms at training time.
This increases the robustness of the model but does not fully
solve the core issue as the distribution of fake atoms cannot
truly be well-defined. Havasi et al. (2025) recently made
some progress in the language modelling context by allow-
ing the model to mask out and delete tokens, however, the
efficacy of those techniques has not been demonstrated yet
in the context of molecular structure modelling. Recently,
Billera et al. (2026) introduced Branching Flows, where
the elements learn branching and deletion rates, enabling
arbitrary-length generation with preliminary results on the
small-molecule QM9 (Ramakrishnan et al., 2014) dataset
and antibody sequence design. While extremely promis-
ing, their sampling scheme is signficantly more involved
and will likely need further tricks to be competitive with
state-of-the-art stochastic interpolant models.

The first models – G-SchNet (Gebauer et al., 2019), G-
SphereNet (Luo & Ji, 2022) – for 3D molecule genera-
tion were indeed autoregressive, building molecules atom-
by-atom. Symphony (Daigavane et al., 2024) leveraged
higher-order E(3)-equivariant networks with a spherical
harmonic projection mechanism to predict the next atom’s
position, similar in spirit to Simm et al. (2020; 2021). Quet-
zal (Cheng et al., 2025) improved the scalability of these
autoregressive methods, demonstrating their applicability
to variable-length tasks such as hydrogen decoration and
scaffold completion. We build upon their benchmarks in
our work here.

2. Datasets
We use the well-established QM9 (Ramakrishnan et al.,
2014) dataset for development, which consists of 134000
molecules with atom types H, C, N, O, F and upto 9 heavy
atoms. QM9 has rich quantum mechanical properties such
as the polarizability α, heat capacity Cv and HOMO-LUMO
gap ∆. We also report preliminary results on the GEOM-
DRUGS (Axelrod & Gómez-Bombarelli, 2022) dataset.

We use the recently introduced atomic-datasets
repository for standardized dataset processing and split defi-
nition. However, many of the baselines we compare touse
different training splits and processing strategies. For exam-
ple, SemlaFlow (Irwin et al., 2025) discards molecules with
more than 72 atoms from the GEOM-DRUGS training set
to improve their training time. This makes a fair comparison
rather complicated; however, we still expect to see broad
trends in model performance.

3. Methods
We start with the simple recipe from Symphony (Daigavane
et al., 2024). The key idea is to iteratively build a molecule
atom-by-atom. At any intermediate step in the generation
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trajectory, the model predicts a focus atom among all exist-
ing atoms in the current molecular fragment, predicts the
next species to be placed, and then predicts a probability dis-
tribution of the next atom position relative to the focus atom.
The underlying architecture is an E(3)-equivariant message-
passing geometric graph neural network (Daigavane et al.,
2021) similar to NequIP (Batzner et al., 2022). This means
that the model’s predictions are invariant to translations but
transform naturally under rotations.

However, we have made several improvements to the origi-
nal Symphony recipe, aimed to improve performance and
training stability:

• Separating out the radial and angular components:
The original Symphony model predicted the 3D distri-
bution p(r, θ, ϕ) representing the target position rela-
tive to the focus atom in spherical coordinates r, θ, ϕ,
which was essentially discretized over ≈ 600, 000
points in 3D space. This leads to significant GPU
memory usage and slows down sampling. Instead, we
factorize the 3D distribution as a radial distribution p(r)
and an angular distribution conditional on the radius
p(θ, ϕ | r). This significantly reduces GPU memory
usage and enables scaling to much larger molecules
than Symphony was capable of training on.

• Separable convolutions: We utilize separable (also
called depth-wise) convolutions from EquiformerV2
(Liao et al., 2024) as implemented in the e3tools
library (Kleinhenz & Daigavane, 2025). The idea is
that each channel of the input node features is indepen-
dently interacted with the edge spherical harmonics to
create the output mode features, as opposed to the full
convolution where all channels interact with each other.
We add a separate linear layer to mix between the chan-
nels after the convolution. The separable convolution
significantly improves both the throughput and reduces
the peak GPU memory usage of the model.

• Adding neighborhood information to the angular
predictor: We found that the model occasionally
places atoms on top of each other, missing the fact
that some atoms have already been placed. We solve
this issue by adding the spherical harmonic projection
of the Dirac delta function at neighborhood atoms of
the focus node to the angular predictor, enabling it to
avoid pre-existing atoms at negligible cost.

• OpenEquivariance Kernels: The FlashAttention
(Dao et al., 2022) series of kernels for the attention
module has significantly sped up both training and in-
ference of the popular (non-equivariant) Transformer
(Vaswani et al., 2017) model. A major bottleneck
for equivariant networks has been the lack of dedi-
cated engineering efforts to develop efficient CUDA-

based implementations of equivariant primitives such
as the Clebsch-Gordan tensor product. This has
changed recently with the development of a Clebsch-
Gordan tensor product kernel by the OpenEquivari-
ance team; enabling unprecedented scaling of this
class of E(3)-equivariant models beyond previous at-
tempts (Geiger et al., 2024). These kernels are also
supported in the e3tools library, and we simply
need to replace e3tools.SeparableConv with
e3tools.FusedSeparableConv for the appro-
priate layer.

• Fragmentation strategies: The original Symphony
recipe decomposed molecules into fragments by choos-
ing the first atom at random, then picking the nearest
neighbor among all remaining atoms repeatedly, until
the molecule is complete. We add some randomness
to the nearest neighbor selection by selecting any atom
within a small 0.5Å tolerance of the nearest neighbor
distance helps the model’s robustness. Further, we add
several other fragmentation strategies: removing a ran-
dom subset of atoms within the molecule, removing
a random sphere of atoms within the molecule, dehy-
drogenation where all of the hydrogens are removed
from the molecule. Each of the alternative strategies is
chosen with probability 0.1 for a given molecule. We
find that these fragmentation strategies significantly
improve the robustness of the model.

• Conditioning: We add the ability to condition on (any
dimensional) quantum mechanical properties by em-
bedding the given conditioning, and then using them
to predict scaling factors for the intermediate node
features at each message-passing step.

Collectively, our improvements enable us to scale up
to massive batch sizes of over 200000 edges on a sin-
gle NVIDIA RTX A5500 GPU, enabling convergence on
QM9 and GEOM-DRUGS within 50 GPU hours. This
is an order-of-magnitude less compute than the 1200/500
GPU-hours needed by the state-of-the-art ADiT (Joshi
et al., 2025) / Zatom-1(Morehead et al., 2026) models with
two orders-of-magnitude fewer parameters (2M for Sym-
phony++ versus 32M-450M/80M-300M for ADiT/Zatom-
1) on more memory-restricted hardware (24 GB of DRAM
on a NVIDIA RTX A5500 versus 32/80 GB of DRAM on a
NVIDIA V100/A100 used by ADiT/Zatom-1 respectively.

Finally, our inference speeds are significantly faster than
state-of-the-art models, requiring only ≈ 4 minutes to sam-
ple 10000 QM9-like molecules on a single NVIDIA RTX
A5500 GPU, which is similar to the numbers reported by
Zatom-1 on an NVIDIA A100 GPU. For comparison, ADiT
takes ≈ 30 minutes while GCDM and GeoLDM take sev-
eral hours in the same setting. We note that the sampling
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times across models can vary significantly across various
batch sizes and GPU memory bandwidths, making an exact
comparison difficult.

Symphony explicitly models the probability distribution of
the focus atom, target species, target radial distance, and
target angular position, by predicting the unscaled logits
of these distributions. These logits f are scaled by an in-
verse temperature β before being passed through a softmax
operation to obtain a probability distribution p over the ap-
propriate domain X:

p(x;β) =
exp(βf(x))∫

X
exp(βf(x′))dx′ (4)

β inherently controls the randomness of the sampling pro-
cess; a higher β leads to increased sampling from the modes,
while a lower β encourages more exploratory sampling.
This tradeoff is clearly captured in Figure 1 and tabulated in
Table 5, where increasing β trades off validity for unique-
ness.

4. Results
First, we show that our architectural and training improve-
ments enable an efficient unconditional model.

4.1. Benchmarking Unconditional Generation on QM9

Table 1. Validity % per starting element and uniqueness % (mea-
sured using SMILES) for different inverse temperature β configu-
rations. Each element serves as the starting atom for 200 generated
molecules.

Inverse Temperature Per-Element Validity (%) Uniqueness (%)
Focus Radial Angular H C N O F xyz2mol SMILES

1.0 1.0 10.0 95.5 94.0 91.5 91.5 97.5 97.9 98.2
1.0 1.0 20.0 95.0 95.0 91.5 92.0 96.5 99.0 99.0
1.0 2.0 20.0 95.0 94.5 94.5 93.5 97.0 96.9 97.2
2.0 2.0 20.0 99.5 97.0 92.5 91.5 98.5 83.9 85.0

We start the sampling process from a single C atom. (In
theory, we could also learn this from the data by predicting
an initial starting species and placing it anywhere, since
our model is translation-invariant.) Table 1 shows that the
validity is high no matter which starting species is chosen in
QM9. The validity is particularly high for the monovalent
species H and F, which makes intuitive sense because the
initial steps of the sampling process are easier to define.

Table 3 shows that Symphony++ significantly improves
over existing autoregressive models – G-SphereNet, G-
SchNet and its predecessor Symphony – with performance
slightly below the state-of-the-art SemlaFlow, Zatom-1
and ADiT. Note that Symphony++ does not predict bonds
like SemlaFlow, and generates all atoms including hydro-
gens. We obtain samples from each of these models and
pass them to the molmetrics evaluation suite which

Table 2. Effect of quick post-hoc geometry relaxation with Nequix-
MP-1 (50 steps L-BFGS, fmax = 0.05 eV/Å) on 500 Symphony++
generated molecules.

Validity (%) Stability (%)
xyz2mol SMILES Atom Molecule

Symphony++ 88.8 94.0 92.7 47.0

Symphony++ (relaxed) 92.0 99.2 97.6 81.6

provides an easy interface to the RDKit validity checker
with rdkit==2025.3.5 and PoseBusters (Buttenschoen
et al., 2023) evaluation suite. Validity is measured in one of
two ways; Daigavane et al. (2024) used xyz2mol (Kim &
Kim, 2015) to assign bond orders and check that all atom va-
lencies are correct, while Joshi et al. (2025); Morehead et al.
(2026) simply check if RDKit can infer a valid SMILES
string from the molecule. The latter is more popular in the
literature (likely because it is a weaker metric), but we report
both numbers for clarity.

As detailed by Nikitin et al. (2025), the atom and molecule
stability metrics are quite strict and do not appropriately
handle aromatic compounds. Although the validity and
uniqueness metrics are correlated with overall molecule
quality, at the top end, these metrics are essentially satu-
rated. In particular, Table 2 shows that these metrics for
our reasonable Symphony model can be improved with a
quick relaxation with the pretrained Nequix-MP-1 (Koker
et al., 2025) machine-learned interatomic potential to adjust
bond lengths and angles. The key advantage of a machine-
learned interatomic potential here is that they act on atom
coordinates only, without requiring any bond resolution.

The Symphony++ molecules that were deemed valid score
very highly on the PoseBusters (Buttenschoen et al., 2023)
evaluation suite; in fact, Symphony++ scores the highest on
the Internal Energy benchmark across all models.

4.2. Benchmarking Fragment-Conditional Generation
on QM9

To further evaluate our model beyond these narrow metrics,
we develop a fragment completion benchmark. The idea is to
see if Symphony++ can fill in partially completed molecules
correctly, essentially mimicking fragment-conditional gen-
eration. We create these benchmark fragments via the fol-
lowing strategy:

• Functional Group: A known functional group (e.g.,
-OH, -NH2, -COOH) is removed from the molecule.
The model must regenerate the correct functional group
given the remaining structure.

• Heavy Atom: Starting from a random atom in the
graph, the last N heavy atoms (along with their hydro-
gens) in BFS traversal order are removed. The model
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Table 3. Unconditional generation results on QM9. All models generate (almost exactly) 10,000 molecules. All metrics computed with
molmetrics. PoseBusters sanity checks are computed on SMILES-valid molecules. Symphony++ was run with inverse temperatures:
focus = 1.0, radial = 1.0, angular = 20.0.

Validity (%) Uniqueness (%) Stability (%) PoseBusters Sanity Checks (%)

Model xyz2mol SMILES xyz2mol SMILES Atom Molecule
All Atoms
Connected

Bond
Lengths

Bond
Angles

No Steric
Clash

Aromatic Ring
Flatness

Double Bond
Flatness

Internal
Energy

Symphony++ 87.5 93.8 89.7 90.6 93.1 50.5 99.7 98.0 99.9 99.7 100.0 100.0 98.5
G-SphereNet 37.7 58.4 19.1 25.5 67.8 14.0 67.4 81.3 87.6 97.1 100.0 99.8 26.4

Symphony 77.4 83.8 97.8 98.1 90.7 42.0 98.5 97.8 99.8 98.9 100.0 100.0 95.9

GSchNet 78.1 90.7 96.7 97.4 95.7 68.0 99.0 99.4 99.9 99.0 100.0 99.9 95.0

EDM 84.5 95.4 99.0 99.2 98.4 81.8 99.7 100.0 99.9 99.8 100.0 100.0 96.0

GCDM 86.9 94.5 98.9 99.0 98.7 86.3 99.9 100.0 99.9 99.8 100.0 100.0 96.3

GeoLDM 91.3 95.0 98.8 98.9 98.9 89.5 99.7 100.0 100.0 99.5 100.0 100.0 96.8

ADiT 92.5 94.9 97.4 98.0 76.4 7.6 99.9 99.4 99.3 99.8 100.0 100.0 95.3

Zatom-1 92.0 94.9 97.0 97.2 98.2 84.9 100.0 100.0 99.9 99.8 100.0 100.0 97.3

SemlaFlow 95.7 96.3 97.5 97.5 97.1 78.5 100.0 100.0 100.0 99.9 100.0 100.0 97.1

QM9 94.6 94.2 96.1 96.1 99.3 95.0 100.0 100.0 100.0 99.8 100.0 100.0 96.5

Table 4. Symphony++ performance on the fragment completion benchmark on unseen QM9 test molecules. 100 completions were
performed per mode. Inverse temperatures: focus = 1.0, radial = 1.0, angular = 20.0.

Validity (%) Completion Accuracy (%) Stability (%)
Mode xyz2mol SMILES Exact Match Same Formula Same #Heavy Atom Molecule

Functional Group 99.0 100.0 48.0 48.0 69.0 99.1 91.0

Heavy Atom 98.0 100.0 24.0 29.0 76.0 97.3 79.0

Scaffold 96.0 100.0 13.0 17.0 66.0 98.2 85.0

Random Subgraph 90.0 94.0 1.0 4.0 64.0 94.7 58.0

must place them back correctly.

• Scaffold: The molecular scaffold (ring systems and
linkers) is retained, but all substituent decorations are
removed. The model must regenerate the substituents.

• Random Subgraph: A random connected subgraph is
extracted as the fragment, and the model must complete
the remainder. This is the most challenging mode since
the missing atoms have no chemical prior.

To further test the generalization of Symphony++ and ensure
that we are not simply testing memorization, we create these
benchmark fragments using the unseen test split molecules.
As seen in Table 4, Symphony++ samples valid completions
for these molecular fragments, ranging from 90% validity
in the hardest Random Subgraph setting to 99% validity
in the easiest Functional Group setting. Encouragingly,
the model often performs these valid completions in novel
manners, showing that it has learned more general rules of
chemistry.

4.3. Single Conditional QM9

We next show Symphony++’s capabilities for conditional
molecular generation given a varying number of criteria. In
this case, we condition on the quantum mechanical proper-
ties provided within QM9.

Like in the unconditional case, we sample from Sym-
phony++ starting from a single C atom. For each prop-
erty we condition on, we generate samples uniformly over
a range of values centered at that property’s mean within
QM9. In addition to the previously described metrics, we
evaluate our model’s ability to satisfy the given conditions
using an EGNN classifier for each property (as in (Hooge-
boom et al., 2022) and (Satorras et al., 2022)), then use the
resulting L1 loss as an additional metric.

Over the properties evaluated, Symphony++ performs com-
parably to, but slightly worse than, other conditional models
(cG-SchNet (Gebauer et al., 2022) and GCLDM (Zhang
et al., 2025)), as shown in Table 6. While xyz2mol va-
lidity is generally on par with the benchmarks, SMILES
validity and uniqueness metrics are overall lower. On the
other hand, Symphony++ consistently has the lowest clas-
sifier loss of the models compared, better satisfying the
conditions given it than the other benchmarks (see Figure 3
for sample predictions).

4.4. Double Conditional QM9

We also evaluate Symphony++’s ability to satisfy two con-
ditions simultaneously, using the same setup as in the single
conditional setting. As in (Gebauer et al., 2022), we select
the HOMO-LUMO gap and the “relative atomic energy” as
defined in that previous work (i.e. a measure of whether the
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Figure 1. Validity (measured using SMILES and xyz2mol) against uniqueness for the unconditional QM9 model as evaluated at different
inverse temperatures, as measured over 10000 samples starting from C. The Pareto frontiers are highlighted in blue. The labels indicate
the focus, radial and angular inverse temperatures respectively.

Figure 2. Validity (measured using SMILES and xyz2mol) against uniqueness for the conditional QM9 model, conditioned on
polarizability, as evaluated at different angular inverse temperatures, measured over 20000 samples starting from C. he Pareto frontiers are
highlighted in blue. The labels indicate the focus, radial and angular inverse temperatures respectively.
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Table 5. Sampling metrics for Symphony++ at different inverse temperatures as measured over 5 starting elements (H, C, N, O, F) × 200
samples per starting element = 1000 samples in total. PoseBusters metrics are computed on valid molecules only.

Inverse Temperature Validity (%) Uniqueness (%) Stability (%) PoseBusters Sanity Checks (%)

Focus Radial Angular xyz2mol SMILES xyz2mol SMILES Atom Molecule
All Atoms
Connected

Bond
Lengths

Bond
Angles

No Steric
Clash

Aromatic Ring
Flatness

Double Bond
Flatness

Internal
Energy

1.0 1.0 10.0 87.6 94.0 97.9 98.2 90.6 43.6 99.6 97.6 99.9 99.7 100.0 100.0 98.5

1.0 1.0 20.0 87.1 94.0 99.0 99.0 90.9 42.7 99.3 98.7 99.8 99.5 100.0 100.0 99.4

1.0 2.0 20.0 89.6 94.9 96.9 97.2 93.0 53.6 99.8 97.8 100.0 99.3 100.0 100.0 99.3

2.0 2.0 20.0 94.0 95.8 83.9 85.0 94.5 61.5 100.0 98.6 100.0 100.0 100.0 100.0 99.6

Table 6. Per-property metrics across models conditioned on single properties. Evaluated on 22K structures per model. Metrics: Val (xyz)
= Validity via xyz2mol (%), Val (SMI) = Validity via SMILES (%), Uniq. = Uniqueness (%), Loss = EDM Classifier Loss.

Polarizability (α) Heat Capacity (Cv) Gap
Model Val (xyz) Val (SMI) Uniq. Loss Val (xyz) Val (SMI) Uniq. Loss Val (xyz) Val (SMI) Uniq. Loss

Symphony++ 84.4 92.7 88.7 2.91 73.5 80.6 70.1 1.75 80.2 87.6 70.8 0.47
cG-SchNet 77.0 92.1 94.2 30.97 76.4 90.4 96.6 3.05 72.3 88.1 95.8 0.97

GCLDM 63.5 75.7 82.1 11.07 16.6 75.8 98.9 16.85 83.6 93.8 92.1 1.06

HOMO LUMO Dipole Moment (µ)
Model Val (xyz) Val (SMI) Uniq. Loss Val (xyz) Val (SMI) Uniq. Loss Val (xyz) Val (SMI) Uniq. Loss

Symphony++ 82.7 87.9 74.6 0.30 72.4 79.1 64.6 0.46 82.2 88.0 77.3 0.75
cG-SchNet 77.6 92.5 96.6 0.54 69.0 83.2 95.5 0.95 72.88 89.58 93.00 5.02

GCLDM 87.5 94.8 94.4 0.49 – – – – 85.6 93.5 94.2 1.10

Table 7. Model performance when conditioned on HOMO-LUMO
gap (“Gap”) and relative atomic energy (“Rel. E.”).

Validity (%) Uniq. (%) Stability (%) Loss
Model xyz2mol SMILES Atom Molecule Gap Rel. E.

Symphony++ 68.7 76.7 57.9 93.7 73.7 7.11 0.046
cG-SchNet 68.9 84.0 64.2 92.5 71.4 6.52 0.054

internal energy per atom is relatively high or low compared
to other molecules of the same composition). We again
evaluate over a selected distribution across both properties.

The multi-conditional setting is less commonly evaluated
by other generative models, so we only compare our per-
formance in this setting against cG-SchNet (Gebauer et al.,
2022). While at least one other model we examine in this
study also is theoretically capable of working with multiple
conditions (GCLDM), it was not originally evaluated on this
task and struggled to learn it properly in practice.

As shown in Table 7, Symphony++ and cG-SchNet perform
very similarly in this setting, with cG-SchNet having slightly
higher validity and Symphony++ having slightly better sta-
bility (after UFF relaxation). We show the distributions of
each metric across the 2D gap/energy condition distribution
in Figure 4 – model performance can vary greatly depending
on where within the 2D distribution it is conditioned.

4.5. Steering Sampling for Non-Differentiable
Objectives

Steering the sampling process for diffusion models has tra-
ditionally been done via classifier guidance (Dhariwal &
Nichol, 2021), classifier-free guidance (Ho & Salimans,
2022), or inference time techniques such as Feynman-Kac
steering (Singhal et al., 2025; Richman et al., 2026) which
is closely related to Sequential Monte Carlo methods. These
methods work well when the steering potential (or reward)
is either known at training time or differentiable at infer-
ence time, allowing the gradient of the reward to update the
transport process.

However, in practice, most rewards cannot be modelled in
this way. This has led naturally to the use of reinforcement-
learning (RL) based finetuning algorithms such as REIN-
FORCE (Williams, 1992), PPO (Schulman et al., 2017)
and GRPO (Shao et al., 2024) which have become very
popular in the language modelling literature to optimize
non-differentiable rewards in an unbiased manner using im-
portance sampling. One of the key requirements for these
algorithms to work well are unbiased estimates of model
likelihoods for the samples it generates.

As we discussed in Section 3, the model likelihood estimates
for each sampling step in Symphony++ are essentially free,
unlike in the stochastic interpolant based baselines we com-
pare to. (The probability estimates in these models can
be approximated using the adjoint method which results
in approximately 10× slower sampling speed (Klein et al.,
2023).) By learning to optimize such rewards, the model
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Figure 3. Predicted vs. true values of the QM9 properties that Symphony++ was conditioned on, as sampled along 11 discrete values per
property (2000 samples per value).

Figure 4. Metric heatmaps for double-conditioned Symphony++, evaluated over varying values of HOMO-LUMO gap and relative atomic
energy (2000 samples per (gap, energy) pair).
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potentially learns to sample beyond its training distribution.
This has historically been impossible for the baselines we
compare to, due to both their slow sampling speed and lack
of easy-to-compute unbiased likelihood estimates. Further,
since the intermediate steps of the sampling process in the
stochastic interpolant models do not usually correspond to
realistic molecules, the reward can only be reasonably esti-
mated at the final sample. Thus, the entire sampling process
(which can be anywhere from 100 to 500 discretized steps
irrespective of the size of the final molecule) has to be dif-
ferentiated through, which is prohibitively expensive. In the
case of Symphony++, reward shaping to guide intermediate
steps of the sampling process is a definite possibility. We
leave the application of RL-based finetuning to Symphony++
for future work.

5. Conclusion
We have developed Symphony++, a new autoregressive
model improving on the recipe from Daigavane et al. (2024).
While Symphony++ still lags state-of-the-art models on tra-
ditional validity and uniqueness metrics in the unconditional
setting, it is extremely efficient to train and sample, and al-
lows for flexible conditioning on both geometrical and quan-
tum mechanical properties, outperforming existing models
in the conditional setting with respect to matching the con-
ditions provided. Importantly, this arises from the model’s
ability to both take as input partially completed molecular
fragments as well as output variably sized molecules. In the
future, we plan to leverage Symphony++’s fast sampling
and exact likelihoods for reinforcement-learning based fine-
tuning to optimize non-differentiable rewards.

Impact Statement
This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none which we feel must be
specifically highlighted here.
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Stålmarck, A., Björk, T. M., and Murrell, B. Branching
flows: Discrete, continuous, and manifold flow matching
with splits and deletions, 2026. URL https://arxiv.
org/abs/2511.09465.

Buttenschoen, M., Morris, G. M., and Deane, C. M. Pose-
Busters: AI-based docking methods fail to generate phys-
ically valid poses or generalise to novel sequences, 2023.

Cheng, A. H., Sun, C., and Aspuru-Guzik, A. Scalable
autoregressive 3d molecule generation, 2025. URL
https://arxiv.org/abs/2505.13791.

Daigavane, A., Ravindran, B., and Aggarwal,
G. Understanding Convolutions on Graphs.
Distill, 2021. doi: 10.23915/distill.00032.
https://distill.pub/2021/understanding-gnns.

Daigavane, A., Kim, S. E., Geiger, M., and Smidt, T. Sym-
phony: Symmetry-equivariant point-centered spherical
harmonics for 3d molecule generation. In The Twelfth
International Conference on Learning Representations,
2024. URL https://openreview.net/forum?
id=MIEnYtlGyv.

Dao, T., Fu, D. Y., Ermon, S., Rudra, A., and Ré, C. Flashat-
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