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Abstract

The de novo generation of molecules with desirable prop-
erties is a critical challenge, where diffusion models are
computationally intensive and autoregressive models struggle
with error propagation. In this work, we introduce the Graph
VQ-Transformer (GVT), a two-stage generative framework
that achieves both high accuracy and efficiency. The core
of our approach is a novel Graph Vector Quantized Vari-
ational Autoencoder (VQ-VAE) that compresses molecular
graphs into high-fidelity discrete latent sequences. By syn-
ergistically combining a Graph Transformer with canonical
Reverse Cuthill-McKee (RCM) node ordering and Rotary
Positional Embeddings (RoPE), our VQ-VAE achieves near-
perfect reconstruction rates. An autoregressive Transformer
is then trained on these discrete latents, effectively convert-
ing graph generation into a well-structured sequence mod-
eling problem. Crucially, this mapping of complex graphs
to high-fidelity discrete sequences bridges molecular design
with the powerful paradigm of large-scale sequence model-
ing, unlocking potential synergies with Large Language Mod-
els (LLMs). Extensive experiments show that GVT achieves
state-of-the-art or highly competitive performance across ma-
jor benchmarks like ZINC250k, MOSES, and GuacaMol, and
notably outperforms leading diffusion models on key distri-
bution similarity metrics such as FCD and KL Divergence.
With its superior performance, efficiency, and architectural
novelty, GVT not only presents a compelling alternative to
diffusion models but also establishes a strong new baseline
for the field, paving the way for future research in discrete
latent-space molecular generation.

Code — https://github.com/zzccppp/GVT.git

Introduction

The de novo generation of molecular graphs with desired
chemical and physical properties is a cornerstone of mod-
ern drug discovery, materials science, and chemical engi-
neering (Jin, Barzilay, and Jaakkola 2018; Faez et al. 2021).
Molecules are naturally represented as graphs, with atoms
as nodes and bonds as edges. These graphs are governed
by complex topological features and strict chemical va-
lency rules. Developing generative models that can effec-
tively navigate this intricate chemical space to produce valid,
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novel, and useful molecules remains a formidable scientific
challenge.

Various deep learning paradigms have been applied to this
task. While early approaches included Generative Adversar-
ial Networks (GANs) (De Cao and Kipf 2018) and Varia-
tional Autoencoders (VAEs) (Simonovsky and Komodakis
2018), score-based diffusion models have recently set a high
standard for generation quality (Niu et al. 2020; Jo, Lee,
and Hwang 2022; Yan et al. 2023). However, their itera-
tive sampling process often incurs significant computational
overhead and handles the discrete constraints of molecular
structures only indirectly. Even hybrid methods aiming to
improve this, like PARD (Zhao, Ding, and Akoglu 2024),
which combines diffusion with an autoregressive model, in-
troduces significant framework complexity and still faces
challenges with sampling speed. Another prominent ap-
proach, Autoregressive (AR) graph generation (You et al.
2018; Jin, Barzilay, and Jaakkola 2018), constructs graphs
sequentially. While intuitive, direct AR methods often suf-
fer from error accumulation and struggle to enforce global
chemical validity without complex, hard-coded rules.

Prior work has also explored two-stage generative frame-
works that combines discrete latent representations with au-
toregressive sequence modeling. For instance, DGAE (Bo-
get, Gregorova, and Kalousis 2023) investigated a Graph
VQ-VAE with an autoregressive component for molecular
generation. While promising in their conceptualization, such
discrete latent-based approaches have not consistently sur-
passed the performance of diffusion models, particularly in
terms of generation quality and diversity, nor have they fully
addressed the limitations of enforcing chemical rules implic-
itly.

This work introduces Graph VQ-Transformer (GVT),
a two-stage framework that leverages the strengths of
high-fidelity discrete latent representations and powerful
Transformer-based sequence modeling. GVT pushes the
boundaries of what two-stage generative models can achieve
in molecular design, offering a compelling alternative to
computationally intensive continuous diffusion models. Our
contributions are:

* We design a novel Graph Vector Quantized Variational
Autoencoder (VQ-VAE) that achieves exceptionally high
reconstruction fidelity on complex molecular datasets.
This effectively solves the fidelity bottleneck that limits



previous two-stage models.

At the core of our VQ-VAE is a new decoder archi-
tecture that synergistically combines Reverse Cuthill-
McKee (RCM) for canonical node ordering with a Graph
Transformer enhanced by Rotary Positional Encodings
(RoPE). This mechanism is crucial, as it allows the de-
coder to interpret sequential proximity in the latent space
as structural information, resolving ambiguities that stan-
dard GNNs cannot.

We demonstrate that GVT’s high-fidelity latents translate
directly to state-of-the-art generative performance. Our
full model achieves superior or highly competitive re-
sults across major benchmarks, significantly outperform-
ing leading diffusion models on key distribution similar-
ity metrics and presenting a fast, accurate alternative for
molecular design.

We empirically validate GVT on the QM9(Wu et al.
2018), ZINC250k(Irwin et al. 2012), MOSES(Polykovskiy
et al. 2020), and GuacaMol(Brown et al. 2019) datasets,
showing its effectiveness for both high-fidelity representa-
tion learning and efficient, high-quality molecular genera-
tion.

Related Work
Autoregressive Graph Generation

Autoregressive (AR) models have been widely adapted for
discrete graph structures, typically by constructing a graph
step-by-step. This sequential approach inherently acknowl-
edges the discrete nature of graphs but faces a key challenge:
graphs lack a single, canonical order for their nodes and
edges. The performance of an AR model thus depends heav-
ily on the ordering scheme used to serialize the graph, as
it aims to model the probability p(G) = >_ cp(c) P(G, )
over all possible permutations.

To address this, early AR graph generation models fo-
cused on defining a canonical ordering for the nodes before
generation. Pioneering works like GraphRNN (You et al.
2018) and GRAN (Liao et al. 2019) proposed various strate-
gies, such as using Breadth-First Search (BFS) or sorting
nodes by their degree, to create a consistent sequence from
a graph structure. These methods aim to transform the com-
plex graph generation task into a more manageable sequen-
tial prediction problem.

In a two-stage framework like ours, this principle of order-
ing is even more critical. Our AR model does not operate on
the graph directly, but on a sequence of discrete latent codes
produced by the VQ-VAE encoder. Therefore, a consistent
and structurally meaningful node ordering is paramount. It
ensures that the resulting latent sequence is predictable and
that the AR model can effectively learn local dependencies,
as structurally adjacent nodes in the graph are mapped to
nearby positions in the latent sequence. This stable mapping
is the foundation upon which our high-performing genera-
tive model is built.

Graph Autoencoders and Vector Quantization

Graph autoencoders (GAEs) are crucial for learning low-
dimensional latent representations for generation. Early
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methods used a single, continuous, graph-level vector (Si-
monovsky and Komodakis 2018), but this approach strug-
gled with complex and inaccurate reconstruction. To sim-
plify this, subsequent work shifted to node-level continuous
latent spaces (Samanta et al. 2020; Li, Zhang, and Liu 2018),
but this introduced latent-node collapse, where embeddings
become indistinguishable and fail to capture local structure.

To solve this, recent efforts have turned to discrete la-
tent spaces using Vector Quantization (VQ), as popularized
by VQ-VAEs (Oord, Vinyals, and Kavukcuoglu 2018) and
adapted for graph data (Yang et al. 2023). VQ maps contin-
uous vectors to a finite, learned codebook, creating a more
structured representation. However, prior Graph VQ-VAE
models like DGAE (Boget, Gregorova, and Kalousis 2023)
were limited by low reconstruction fidelity. A generative
model trained on such noisy discrete codes cannot be ex-
pected to master complex chemical rules. This analysis mo-
tivates our central focus: developing a Graph VQ-VAE ca-
pable of exceptionally high-fidelity reconstruction, thereby
providing a robust foundation for the subsequent autoregres-
sive model.

Methods

Our proposed framework, illustrated in Figure 1, consists
of two main stages: (1) learning high-fidelity discrete repre-
sentations of molecules using a novel Graph VQ-VAE, and
(2) training an autoregressive model on these discrete se-
quences.

Stage 1: High-Fidelity Discrete Molecular
Representation with Graph VQ-VAE

The first stage of our framework is to learn a mapping from
a molecular graph G = (X € RV*de E ¢ RN*Nxde) (o
a sequence of discrete integer codes K = (k1, ko, ..., kn),
from which G can be perfectly reconstructed. The success
of the entire generative pipeline hinges on the fidelity of this
stage. Our design is motivated by solving key challenges in-
herent in graph representation.

The Challenge: Structural Ambiguity and Permutation
Equivariance A core property of Graph Neural Networks
(GNNSs) is permutation equivariance. While powerful, this
property creates a challenge for reconstruction: a standard
GNN decoder treats structurally identical nodes as indistin-
guishable. This ambiguity can make it difficult for the de-
coder to precisely reconstruct specific bond connections, as
it lacks a mechanism to differentiate between these symmet-
ric nodes.

To illustrate this challenge with a concrete, empirically
observed example, consider the example molecule from the
GuacaMol dataset shown in Figure 2. After passing through
our VQ-VAE encoder, several atoms are mapped to their
corresponding discrete codebook indices (k;). Notably, three
distinct oxygen atoms, each double-bonded to a carbon atom
within a carboxyl group, are all mapped to the identical
codebook index, k = 211.

For a standard, permutation-equivariant GNN decoder,
these three nodes are indistinguishable. They possess iden-
tical feature information (the latent code for kK = 211) and,
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Figure 1: An overview of our proposed two-stage framework. Stage 1: Graph VQ-VAE. A molecular graph is first preprocessed
with Reverse Cuthill-McKee (RCM) for canonical node ordering. The Graph Transformer-based Encoder maps the graph to
continuous latent vectors, which are then quantized into a sequence of discrete codes by the Vector Quantization (VQ) layer.
The Decoder, which uniquely uses RoPE to interpret sequential proximity as structural information, reconstructs the graph from
these codes. The model is trained end-to-end via a reconstruction and commitment loss. Stage 2: Autoregressive Generation.
The trained VQ-VAE is used to encode a dataset of molecules into discrete latent sequences. A decoder-only autoregressive
Transformer is then trained on these sequences. New molecules are generated by sampling a latent sequence from the AR model
and decoding it back into a graph using the pre-trained VQ-VAE decoder.
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Figure 2: An example of structural ambiguity. Three distinct
oxygen atoms are encoded into the same discrete latent code
(k= 211).

within the assumed fully-connected latent graph that the de-
coder operates on, they hold equivalent topological status.
This creates a critical ambiguity: the decoder has no intrin-
sic information to correctly associate each oxygen with its
specific parent carbon atom. It might erroneously attempt to
connect one carbon to multiple oxygens, or vice-versa, lead-
ing to invalid chemical structures during reconstruction.

Canonical Node Ordering with Reverse Cuthill-McKee
(RCM) To resolve this ambiguity, we first establish a con-
sistent, structurally-aware node sequence for every graph.
We preprocess all input graphs using the Reverse Cuthill-
McKee (RCM) algorithm (Cuthill and McKee 1969), which
reorders nodes to minimize the bandwidth of the adjacency
matrix. This canonicalization ensures that structurally prox-
imal nodes are placed close to each other in the sequence,
providing a deterministic order that breaks symmetries. Our
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choice of RCM is empirically validated against other com-
mon ordering schemes like Breadth-First Search (BFS) and
random ordering, as detailed in the Appendix, where RCM
consistently yields the highest reconstruction fidelity. How-
ever, this introduces a new challenge: a standard GNN de-
coder, by its equivariant nature, is designed to ignore this
valuable ordering information. Simply feeding it an ordered
sequence would be futile.

Encoder £ The encoder £ maps an RCM-ordered input
graph G to a set of node-level continuous latent vectors
Z¢ = {z¢}N ,, where z¢ € RY. Input node features X,
edge features E, and Laplacian Positional Encodings P are
processed through L., layers of a Graph Transformer net-
work (Yun et al. 2019). The Graph Transformer layers up-
date node and edge representations using attention mecha-
nisms that integrate node, edge, and positional information:

HFD BHD) = GTLayerHY EV P A)

After the final Graph Transformer layer, we obtain the node
representations H(Zene) and edge representations E(Lene),
To generate a more comprehensive node embedding, we in-
troduce a fusion step that combines these two sources of in-
formation. Specifically, for each node ¢, we first aggregate
the features of its incoming edges by computing their mean:

e}* = mean (e%”’”)
j:(G )€€
where e(-Z-LE"C) is the feature vector of the edge from node

j to node % produced by the final layer, and £ is the set of



edges in the graph. This aggregated edge information is then
concatenated with the node’s own representation, hELE"C) €

H(Lene) The resulting vector is passed through a final linear
fusion layer to produce the final node latent vector z:

z; = Wy <h§L”’“) | e?gg) +by

where W and by are the trainable weight matrix and bias
of the linear fusion layer, and || denotes the concatenation
operation. The complete set of these vectors Z¢ = {z¢} ¥
constitutes the output of the encoder. This entire encoder ar-
chitecture, including the fusion stage, is permutation equiv-

ariant.

Vector Quantization Layer Q@ The continuous latent vec-
tors Z° are mapped to discrete representations using a stan-
dard Vector Quantization (VQ) layer. A learnable codebook
C = {ck}kK:C1 contains K. codebook vectors (embeddings)
of dimension d.. Each z{ is mapped to its closest codebook
vector Cg,:

ki = argmkin ||z¢ — ci||3

To enable end-to-end training through this non-
differentiable operation, the gradient from the quantized
vectors Z, is copied directly to the encoder’s output Z,
during the backward pass using a straight-through estimator.
The output is a sequence of quantized vectors Z¢ = {z}¥
where z/ ci,;, and the corresponding integer indices

K = (ki,....kn).

Decoder D: Fusing Order and Structure with RoPE
Our decoder is specifically designed to bridge the gap be-
tween the RCM-imposed node order and the need for struc-
tural reconstruction. To achieve this, we employ a Graph
Transformer architecture uniquely enhanced with Rotary
Position Embeddings (RoPE) (Su et al. 2024). This is the
core of our VQ-VAE'’s high fidelity. The synergy is twofold:
RCM embeds structural proximity into sequential proxim-
ity, and RoPE allows the attention mechanism to directly
process this sequential information as a relative positional
signal.
The reconstruction process proceeds in two steps:

1. Injecting Relative Positional Awareness via RoPE: We
first transform the raw sequence of quantized vectors Z4?
into a position-aware sequence Z4'. RoPE achieves this
by rotating each vector z; based on its absolute position
1. The critical property of RoPE is that the subsequent
attention score between any two vectors at positions ¢ and
7 becomes an elegant function of their content and their
relative distance, —j. Since RCM ordering ensures that a
small relative distance implies structural closeness, RoPE
provides the decoder with a direct and powerful signal for
graph topology. This position-aware sequence 77 serves
as the initial node representations H(%) for the decoder.

. Iterative Graph Reconstruction: With position-aware
node embeddings H(), the Graph Transformer de-
coder iteratively refines the graph structure. First, ini-
tial edge features E(9) are predicted by a shared MLP
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that processes pairs of node embeddings, ensuring sym-
metry. These initial predictions, along with H(®), are
fed into a stack of Lg.. Graph Transformer layers.
Each layer updates both node and edge representations:
(HHD EHD) = GTLayer(HY,E®). After the fi-
nal layer, the node representations H(Z4<<) become the
reconstructed node features X, and the final edge repre-
sentations E(Lacc) are symmetrized to form the recon-
structed adjacency and edge-type matrix A.

This design allows the decoder to leverage the canonical or-
dering effectively, leading to highly accurate graph recon-
struction.

VQ-VAE Training The VQ-VAE is trained end-to-end by
minimizing a combined loss function, which includes recon-
struction terms for node and edge features, as well as the
standard VQ commitment loss:

EVQ—VAE = /\nodeﬁnode + /\edgeLedge
+1lse(2) = 2[5 + Bl|1Z° — sg(Z9)]]3

Here, Lnode and Legge are cross-entropy losses for recon-
struction. The latter two terms align the encoder output with
the codebook, where sg(-) is the stop-gradient operator. A
detailed summary of the two-stage training procedure is pro-
vided as pseudocode in the Appendix.

(D

Stage 2: Autoregressive Generation of Latent
Sequences

Once the Graph VQ-VAE is trained, its encoder £ and quan-
tizer Q are used to convert a dataset of RCM-ordered molec-
ular graphs into their corresponding sequences of discrete
latent codes K = (k1, ko, ..., kn).

We then train a Transformer-based decoder-only autore-
gressive model (similar to GPT2 (Radford et al. 2019)) to
model the distribution P(K). The model predicts the next
code k; given the previous codes k;:

N
P(K) = [[ P(kilk<t; 0aR)

t=1

The AR model is trained by minimizing the negative log-
likelihood (cross-entropy loss) of the true sequences:

N
LR = — Z Zlogp(kt|k<t§9AR)

seq K t=1

The RCM ordering provides a canonical and structurally rel-
evant sequence for the AR model, simplifying the learn-
ing of dependencies, especially local connectivity patterns
which are often reflected in nearby tokens.

Experiments
The Critical Role of RoPE in Reconstruction

Our central hypothesis is that near-perfect reconstruction
is the cornerstone of a successful two-stage generative
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Figure 3: O-Error Reconstruction Rate (%) on test sets.
Our full model (GVT with RoPE) achieves near-perfect re-
construction, drastically outperforming both the previous
DGAE’s GAE and our own architecture without the crucial
RoPE component, especially on complex datasets.

model. A VQ-VAE that produces flawed latents cannot ef-
fectively teach a subsequent autoregressive model the com-
plex rules of chemistry. To validate this and dissect our ar-
chitectural contributions, we measure the 0-error reconstruc-
tion rate—the percentage of flawlessly rebuilt graphs—and
present our findings in Figure 3.

Our results confirm this hypothesis in a step-by-step man-
ner. First, the DGAE model validates the limitations of
prior work, correctly reconstructing only 79.26% of QM9
and 56.78% of ZINC250k molecules. Our GVT architec-
ture without RoPE already shows significant improvement
(99.56% on QM9), but struggles with complex datasets like
GuacaMol (51.38%), indicating that RCM ordering alone
is insufficient. The critical role of RoPE is undeniable: ac-
tivating it pushes the reconstruction rate to near-perfection
across all benchmarks, including 99.89% on ZINC250k and
99.84% on GuacaMol. This dramatic leap, especially the
over 48-point gain on GuacaMol, provides conclusive evi-
dence that our synergistic design effectively solves the fi-
delity problem.

In summary, this analysis validates that our combination
of a Graph Transformer, RCM ordering, and particularly
ROPE, creates the high-fidelity discrete representations nec-
essary for robust molecular generation. This solid founda-
tion is what enables the success of our subsequent autore-
gressive model. In the Appendix, we further explore the
impact of another key design choice, the codebook size,
demonstrating its effect on reconstruction performance and
training convergence.

Molecule Graph Generation

Datasets. We experiment with four different molecular
datasets: QM9(Wu et al. 2018), ZINC250k(Irwin et al.
2012), MOSES(Polykovskiy et al. 2020), GuacaMol(Brown
et al. 2019).

For experimental setup, we use a fixed 80%-20% training-
test split for the QM9 and ZINC250k datasets. For MOSES
and GuacaMol, we adhere to their officially defined data
splits to ensure fair comparison with previous work. Fol-
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lowing (Jo, Lee, and Hwang 2022), we remove hydrogen
atoms and kekulize molecules by RDKit (Landrum et al.
2016). Detailed hyperparameters for our models, includ-
ing layer counts, dimensions, and training configurations for
each dataset, are provided in the Appendix.

Baselines. We benchmark our model against a diverse
set of baselines from state-of-the-art graph generative model
families. The specific models for comparison vary depend-
ing on the dataset and its standard evaluation protocol.

For QM9 and ZINC250k, we compare against a com-
prehensive suite of recent graph-native generative models.
These are grouped into three main categories:

* Flow-based Models: This category includes generative
flow models such as GraphAF (Shi et al. 2020) and
GraphDF (Luo, Yan, and Ji 2021).

Diffusion Models: We select a range of representa-
tive diffusion-based approaches, namely the score-based
GDSS (Jo, Lee, and Hwang 2022), the discrete DiGress
(Vignac et al. 2022), SwinGNN (Yan et al. 2023), and
GLAD (Nguyen et al. 2025).

Hybrid Autoregressive Models: In this category, we in-
clude DGAE (Boget, Gregorova, and Kalousis 2023),
which is architecturally the most analogous to our ap-
proach as it also combines a VQ-VAE with an autoregres-
sive (AR) framework. We also compare against PARD
(Zhao, Ding, and Akoglu 2024), which represents a dif-
ferent hybrid strategy that integrates AR modeling with a
diffusion backbone.

For the MOSES benchmark, in addition to recent one-shot
methods like DiGress and PARD, we follow the standard
protocol by also comparing against a wider array of estab-
lished models. As shown in Table 2, this includes methods
that operate on different molecular representations, such as
SMILES-based VAEs, fragment-based models like JT-VAE,
and the classic autoregressive model GraphINVENT.
For the GuacaMol benchmark, we compare against sev-
eral models from its standard leaderboard to assess perfor-
mance on goal-directed tasks. As shown in Table 3, these
baselines include the SMILES-based LSTM, as well as one-
shot methods like NAGVAE and the search-based MCTS.
Metrics. To comprehensively evaluate the performance
of our model against baselines, we employ a set of widely-
recognized metrics for molecular generation, sourced from
standard benchmarks like GuacaMol (Brown et al. 2019)
and MOSES (Polykovskiy et al. 2020). Core metrics in-
clude Validity (Val.), the percentage of chemically valid
molecules; Uniqueness (Uni.), the proportion of unique
structures among valid ones to detect mode collapse; and
Novelty, the percentage of valid unique molecules not
present in the training set. As explained in (Vignac et al.
2022), Novelty is not reported in main table. To assess dis-
tribution similarity, we use the Fréchet ChemNet Distance
(FCD), where a lower score indicates higher similarity. For
a deeper structural comparison, we report the Network-
based Shortest Path Difference Kernel (NSPDK), where
lower values are also better. The MOSES benchmark pro-
vides a more holistic suite, including Scaffold Similarity
(SNN) and Scaffold Uniqueness (Scaf) for scaffold-level



Methods Class QM9 ZINC250k
Val.+ Uni.t FCD| NSPDK| Val.t Uni.? FCD| NSPDK |
GraphAF o o oo 4 5716 8378 5384  210e2 6847 9901 16023  4.40c-2
GraphDF 7933 9573 11283  7.50e-2  41.84 9375 4051  3.54e-1
GDSS 9036 9470 2.923  4.40e-3 9735 9976 11.398  1.80e-2
DiGress Diffusi 95.43 9378  0.643  7.28e-4 8494 9921 483  8.75¢-3
SwinGNN HIUSION 99 68 9592 0.169  4.02¢-4 8774 9998 5219  7.52-3
GLAD 97.12 9752 0.201 3e-4 81.81 100 254  2.00e-3
PARD Hvbrid 97.5 958 - - 9523 99.99  1.98 -
DGAE yor 920 97.61 086  1.50e-3 779 9994 44  7.00e-3
Ours VQVAE+AR 99.76 9594  0.87 6.0e-4 9957 9755 116  6.89%-2
Table 1: QM9 and ZINC250k Generation Results.
Model Class Val. T Uniquet Novel? FiltersT FCD] SNN71 Scaf{
VAE SMILES 97.7 998 69.5 99.7 057 058 5.9
JT-VAE Fragment 100 100 99.9 97.8 .00 053 10
GraphINVENT AR 964  99.8 - 95.0 122 054 127
ConGress Diffusion 834  99.9 96.4 94.8 148 050 164
DiGress Diffusion 857 100 95.0 97.1 119 052  14.8
PARD AR+Diffusion  86.8 100 78.2 99.0 1.00 056 22
Ours VQVAE+AR  99.42 100 6143 9959 016 0.64 3.4

Table 2: Molecule generation on MOSES. All metrics 1 except FCD |.

analysis, and a Filters metric which reports the percent-
age of molecules passing medicinal chemistry screens. The
GuacaMol benchmark introduces a goal-directed KL Di-
vergence (KL div) score, which measures the similarity of
physicochemical property distributions, with higher scores
indicating a better match.

Main Results

We present the generation results on QM9, ZINC250k,
MOSES, and GuacaMol in Table 1, 2, and 3, respectively.
For fair comparison, all baseline results reported in the ta-
bles are sourced from their original publications. The results
demonstrate that our autoregressive model achieves highly
competitive, and often state-of-the-art, performance, partic-
ularly on large and challenging benchmarks. Our approach
consistently matches or exceeds the performance of lead-
ing diffusion models, traditional rule-based autoregressive
methods, and SMILES-string-based models.

Performance on QM9 and ZINC250k. On the small
QM9 dataset, our model achieves the highest validity
(99.76%) among all baselines. More importantly, on the
large-scale and more challenging ZINC250k benchmark,
our model demonstrates its superiority in distribution learn-
ing. It achieves a state-of-the-art FCD score of 1.16, signif-
icantly outperforming all diffusion-based counterparts such
as PARD (1.98) and GLAD (2.54). Furthermore, it attains
the highest validity score of 99.38%, confirming its ability
to learn robust chemical rules for complex molecules.
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Performance on MOSES Benchmark. This strong perfor-
mance continues on the MOSES benchmark, another large-
scale dataset. As shown in Table 2, our model sets a new
state-of-the-art in distribution similarity with an FCD score
of 0.16, which is over 3 times better than the next best
competitor (VAE, 0.57). It also achieves the highest diver-
sity score (SNN of 0.64) and passes nearly all medicinal
chemistry filters (99.59%). This result is particularly note-
worthy as it surpasses not only other diffusion graph gener-
ation methods (e.g., DiGress), but also models that operate
on different representations like SMILES strings (VAE) and
fragments (JT-VAE).

Performance on GuacaMol Benchmark. On the Gua-
caMol distribution learning benchmark, GVT demonstrates
state-of-the-art performance. As shown in Table 3, it
achieves the highest KL Divergence score (99.61), signifi-
cantly outperforming other graph-native models like NAG-
VAE and MCTS that fail on this task despite high validity.
Crucially, GVT also maintains a high FCD score (85.50),
showcasing a holistic ability to replicate both the statisti-
cal (physicochemical) and structural properties of the target
distribution, a feat not guaranteed by simpler 1D SMILES-
based models.

Discussion on Model Limitations While GVT shows ro-
bust performance, we acknowledge two primary limitations
inherent to its design, which highlight areas for future im-
provement.

First, on ZINC250k, GVT’s excellent FCD score con-



Model Class Validt Unique T Novelt KLdivft FCD1
LSTM SMILES 95.9 100 91.2 99.1 91.3
NAGVAE Autoregressive  92.9 95.5 100 384 0.9
MCTS Search-based 100 100 95.4 82.2 1.5
DiGress Diffusion 85.2 100 99.9 92.9 68.0
Ours VQVAE+AR 97.46 99.9 82.39 99.61 85.50

Table 3: Molecule generation on GuacaMol. We report scores from benchmark, so that higher is better for all metrics.

trasts with a poorer NSPDK score compared to diffusion
models. This suggests high fidelity in local chemical fea-
tures but a mismatch in global graph topology. We attribute
this to the model’s inherently local focus. The autoregres-
sive generation of a token sequence, even one ordered by
RCM, excels at predicting local connectivity but may not
adequately enforce the global topological constraints mea-
sured by NSPDK—a task where holistic update models like
diffusion may have an advantage.

Second, the lower Novelty scores on MOSES and Gua-
caMol reflect a deliberate design trade-off prioritizing dis-
tribution fidelity over generative exploration. GVT’s train-
ing objective, combining near-perfect reconstruction with
maximum likelihood, incentivizes the model to master the
training distribution. While this leads to state-of-the-art
distribution-similarity scores (FCD/KL-Div), it naturally re-
duces the likelihood of generating highly novel scaffolds
from the low-probability tails of the learned distribution.
However, this limitation is partially offset by GVT’s high
sampling efficiency. Its fast generation speed allows for ex-
tensive over-sampling, where generating a vast number of
candidates in a short time significantly increases the chance
of discovering unique and novel structures, a practical rem-
edy not always feasible for slower models. Furthermore, as
demonstrated in the Appendix, the novelty can be substan-
tially improved by adjusting sampling parameters like tem-
perature and top-k, which encourages the model to explore
less probable regions of the latent space without a significant
drop in validity.

In summary, across multiple challenging benchmarks, our
autoregressive model proves to be a powerful and effective
generative method. It not only overcomes the limitations of-
ten associated with traditional AR models but also estab-
lishes a new level of performance that is highly competitive
with the current state-of-the-art diffusion models.

Generation Time

To evaluate the generation efficiency of our model against
existing methods, we conducted a speed benchmark. For
each model, we generated 10,000 molecules using the re-
spective official codebases and models pre-trained on the
QMO dataset. All experiments were performed on a single
NVIDIA RTX 4090 GPU to ensure a fair comparison.

The total time taken to generate the full set of molecules
is recorded for each model. As shown in Figure 4, our model
demonstrates a highly competitive generation speed. It is
significantly faster than diffusion-based models like Digress
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Generation Time Comparison (10,000 Molecules)

Digress 978.555
PARD 905.155

Ours 21.24s

DGAE | 2.555

0 102 103

Generation Time (seconds)

Figure 4: Comparison of generation time for sampling
10,000 molecules on the QM9 dataset. All models were
benchmarked on an NVIDIA RTX 4090 GPU. The x-axis
is on a logarithmic scale to better visualize the wide range
of speeds. Our model shows a competitive generation time,
significantly outperforming other diffusion-based methods.

(978.55s), GDSS (51.98s), and Autoregressive+Diffusion
model like PARD(905.15s). While the autoregressive model
DGAE is the fastest (2.55s), our approach (21.24s) achieves
a practical and efficient generation time, striking a strong
balance between speed and the quality afforded by our two-
stage framework.

Conclusion

In this paper, we introduced the Graph VQ-Transformer
(GVT), a two-stage framework for fast and high-quality
molecular generation. Our core contribution is a novel Graph
VQ-VAE that leverages canonical node ordering via RCM
and a RoPE-enhanced decoder to achieve exceptionally
high-fidelity discretization of molecular structures. By train-
ing an autoregressive Transformer on these superior discrete
latents, GVT achieves near-perfect graph reconstruction and
sets a new state-of-the-art on major benchmarks, includ-
ing ZINC250k, MOSES, and GuacaMol. Its outperformance
on key distribution metrics, such as FCD and KL Diver-
gence, establishes that a well-designed discrete latent vari-
able model can match and even exceed the performance of
computationally intensive diffusion models, offering a pow-
erful and efficient pathway for generative chemistry.
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