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ABSTRACT

Recent advances in machine learning for molecules exhibit great potential for
facilitating drug discovery from in silico predictions. Most models for molecule
generation rely on the decomposition of molecules into frequently occurring sub-
structures (motifs), from which they generate novel compounds. While motif
representations greatly aid in learning molecular distributions, such methods fail
to represent substructures beyond their known motif set, posing a fundamental
limitation for discovering novel compounds. To address this limitation and enhance
structural expressivity, we propose to separate structure from features by abstract-
ing motifs to scaffolds and, subsequently, allocating atom and bond types. To this
end, we introduce a novel factorisation of the molecules’ data distribution that
considers the entire molecular context and facilitates learning adequate assignments
of atoms and bonds to scaffolds. Complementary to this, we propose MAGNet,
the first model to freely learn motifs. Importantly, we demonstrate that MAGNet’s
improved expressivity leads to molecules with more structural diversity and, at the
same time, diverse atom and bond assignments.

1 INTRODUCTION

Generative models have become a powerful tool for generating novel compounds, finding applications
in fields like drug discovery, material science, or chemistry (Bian & Xie, 2021; Butler et al., 2018;
Choudhary et al., 2022; Hetzel et al., 2022; Moret et al., 2023). Such deep learning-based molecular
generators offer a promising avenue for efficiently navigating the chemical space and generating
unique molecules with specific properties (Zhou et al., 2019; Hoffman et al., 2022). A crucial
factor contributing to the impressive performance of these models is the incorporation of molecular
fragments, known as motifs. Motifs make it possible to explicitly include complex structures, such as
cycles, into a model and provide a powerful inductive bias for the generative process (Sommer et al.,
2023; Wollschläger et al., 2024; Jin et al., 2018; Maziarz et al., 2022; Geng et al., 2023; Kong et al.,
2022). However, motif-based approaches often lead to a prohibitively large vocabulary if all motifs
are included. As a result, these methods resort to including only the top-k most frequently occurring
motifs (Maziarz et al., 2022; Kong et al., 2022), claiming that remaining complex structures can be
decoded atom-for-atom.

This claim, however, does not hold in practice, and we demonstrate that a vocabulary of the most
commonly occurring motifs is insufficient to capture the vast structural diversity of the molecular
space. A simple experiment exposes this shortcoming: As demonstrated in Fig. 1 a, state-of-the-art
molecular models fail to reconstruct key structures of FDA-approved drugs. This is because these
structures are absent from its vocabulary. If a model struggles to handle structures of known drugs
that cannot be trivially built from its vocabulary, how can it be effective in discovering new drugs?
This inability raises significant questions about the usefulness of previous generative models and
calls for a reassessment of molecular generators from the perspective of structural diversity.
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Figure 1: (a) Motif-based generative models fail to capture key molecular structures, which limits
their expressivity. (b) MAGNet overcomes these limitations by separating structures and features.
The reduced inductive bias allows for a more expressive vocabulary while enabling the modeling of a
wider range of molecular structures by freely learning the mapping from scaffolds to motifs. (c) This
separation is particularly relevant for “uncommon structures” that pose dif�culties for state-of-the-art
models; see App. D.2.

We address this fundamental limitation of previous motif-based methods by separating the molecular
structure from its features. We achieve this by abstracting motifs to their more general representation:
scaffolds. In our case, these scaffolds are related to generic Murcko scaffolds but technically do not
hold any feature information about bonds or atoms, see Fig. 1 b. Hence, our approach reduces the
combinatorial complexity needed to effectively capture the molecules' structural diversity, thereby
enhancing expressivity within a �xed-size vocabulary. At the same time, it requires learning the
features,i.e. atom and bond types, enabling the generation of motifs beyond those contained in a
�xed set.

To realise a generative model based on this abstraction, we derive a novel factorisation of the data
distribution that splits a molecule into distinct components. The resulting factorisation is utilised
in two ways. First, we develop a new fragmentation scheme to generate a structurally expressive
scaffold vocabulary. Second, we introduce a new hierarchical method, MAGNet, designed to facilitate
the sampling of diverse molecular structures and enable the free learning of scaffold features into
motifs, thereby generating molecules in amotif-agnosticmanner.

Furthermore, we �nd that established evaluation benchmarks do not suf�ciently evaluate the structural
diversity of generated molecules. To address this gap, we propose several new analyses to complement
existing distribution learning benchmarks. Our primary focus lies on evaluating a model's ability to
reliably decode uncommon molecular structures, such as those illustrated in Fig. 1 c, including also
those rare substructures that were encountered during training. Additionally, we assess models at the
motif level, comparing MAGNet's feature prediction to its motif-based competitors. We speci�cally
examine how diverse and accurate the generated allocations of atom and bond types are.

In summary, our contributions are:

• We improve structural expressivity by abstracting motifs to scaffolds. To this end, we introduce
a novel factorisation scheme that facilitates the creation of a more expressive scaffold vocabulary
as well as a novel hierarchical generation procedure, MAGNet.

• MAGNet freely learns the featurisation of scaffolds, enabling the generation of a greater variety
of atom and bond type allocations than motif-based approaches.

• We propose alternative evaluation analyses for effectively assessing a model's ability to decode
complex and uncommon substructures at both the scaffold and motif level.

2 RELATED WORK

Molecule generation Existing generative models can be divided into three categories (Zhu et al.,
2022; Yang et al., 2022; Du et al., 2022): (1) string-based models, relying on string representations
like SMILES or SELFIES (Ǵomez-Bombarelli et al., 2018; Segler et al., 2018; Flam-Shepherd et al.,
2022; Fang et al., 2024; Adilov, 2021; Grisoni, 2023), which do not leverage structural information,
(2) graph-based models, which model the molecular graphs, and (3) geometry-based models, which
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represent molecules by atomic point clouds (Luo & Ji, 2022; Ragoza et al., 2020; Satorras et al.,
2021; Luo et al., 2021a; Gebauer et al., 2022; 2019; Hoogeboom et al., 2022; Xu et al., 2023; Huang
et al., 2022; Vignac et al., 2023b; Huang et al., 2024; Qiang et al., 2023). Within the area of molecular
geometry generation, Adams & Coley (2023), Chen et al. (2023) and Long et al. (2022) focus on the
shape-constrained design of conformers within a 3D context and consider surface areas as generation
targets. These molecular geometry generators can, in turn, be integrated into frameworks like the
one proposed by Ayadi et al. (2025), facilitating their adaptation to various downstream tasks in
drug discovery. Moreover, graph-based approaches involve models that represent molecular graphs
(i) primarily at the atom level or (ii) predominantly through motifs. Zhu et al. (2022) categorise
the generation process further intosequentialmethods, building molecules per fragment while
conditioning on a partial molecule (Khemchandani et al., 2020; Shi* et al., 2020; Popova et al.,
2019; Mercado et al., 2021; Luo et al., 2021b; Liu et al., 2018; Li et al., 2018; Assouel et al., 2018;
You et al., 2019; Yang et al., 2021; Lim et al., 2020; Kajino, 2019; Jin et al., 2020; Bengio et al.,
2021; Ahn et al., 2021; Shirzad et al., 2022), andone-shot(OS) approaches that create each aspect
of the molecular graph in a single step (Kong et al., 2022; Simonovsky & Komodakis, 2018; Ma
et al., 2018; Liu et al., 2021; De Cao & Kipf, 2018; Zang & Wang, 2020; Bresson & Laurent, 2019;
Flam-Shepherd et al., 2020; Samanta et al., 2020). Note that diffusion-based models iteratively re�ne
the entire graph, making them dif�cult to categorise as sequential or OS. We refer the reader to
App. C for a more detailed discussion on the classi�cation of models into the one-shot or sequential
category. While these models are predominantly used in the 3D context, Vignac et al. (2023a) and
Ketata et al. (2024) propose diffusion processes that �t category (2).

Fragmentation and scaffold representation Various techniques are available for constructing
fragment vocabularies, with a distinction between chemically-inspired and data-driven approaches.
For example, both HierVAE (Jin et al., 2020) and MoLeR (Maziarz et al., 2022) adopt a heuristic
strategy known as “breaking bridge bonds” to decompose molecules into rings and remainder
fragments, emphasising chemically valid substructures. In a similar vein, JT-VAE (Jin et al., 2018)
employs fragmentation guided by the construction of junction trees. In contrast, PS-VAE (Kong et al.,
2022) and MiCaM (Geng et al., 2023) take a data-driven bottom-up approach, creating fragments by
merging smaller components, starting from single atoms. MiCaM even integrates attachment points,
resulting in a larger, “connection-aware” vocabulary.

3 FACTORISING THE DATA DISTRIBUTION P(G)

We provide a general mathematical description of our framework below. However, this section is
not essential for understanding the main concepts of the remainder of this work and we introduce
the matching model in Sec. 4. We consider a moleculeGto be de�ned by its underlying graph, i.e.,
by its graph structure (nodes and edges), together with its node and edge features, describing atoms
and bonds, respectively. We consider a factorisation of the probability mass functionP(G), which is
illustrated in Fig. 2, that decouples structure from features:

P(G) = P(G j GS ) P(GS ) ; since P(GS j G) = 1 ;

whereG refers to the full atom-level graph andGS to its abstraction to scaffolds.GS represents a
coarse view of a molecule's topology by specifying the scaffolds that make up the molecule as well
as their connectivity. RepresentingGS by the multiset of scaffoldsS and their (typed) connectivity
A 2 A jSj�jSj , whereA de�nes the possible values ofA, GS = ( S; A), P(GS ) becomes:

P(GS ) = P(A j S) P(S) :

Moving forward to the atom level, a nodeS in the scaffold graphGS can be expanded into its binary
adjacency matrix of itss = jSj nodes, i.e.S 2 f 0; 1gs� s and is equipped with node and edge features,
corresponding to atom and bond types, respectively. We consider this feature-equipped representation
of S to be a typed subgraphM , or motif, of the input graphG, and denote the associated multiset of
motifs within the molecule byM .

The connectivity between two scaffolds, signi�ed byAkl 6= 0 , indicates that, at the atom level, the
two scaffolds share a common join node (atom)j . To determine a nodej , we de�ne the set of join
nodesJ , which includes all join nodesj that are contained in two motifs:J = f j j j 2 M k ; j 2
M l ; Akl 6= 0 ; Sk ; Sl 2 Sg.
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Figure 2: On the scaffold-level, MAGNet predicts the scaffold multisetS and its connectivityA.
Progressing to the atom-level,GS informs the generation of motifsM . To fully de�ne the molecular
graphG, the join node positionsJ and the leaf nodesL are predicted.

Note that we can effectively provide information about the atom type of the join nodej by considering
A = f 0; C; N; : : : g to include atom types, which is re�ected by the ablation study onA in App. D.7.
Lastly, we do not include all atoms in the scaffold graph to allow for a concise set of structurally
distinct scaffolds, see Sec. 4.1. Speci�cally, we de�ne the set of leaf nodesL to describe nodesl with
degreedl = 1 and neighboursk 2 N l with dk = 3 .

In conclusion,Gis de�ned by the combination of motifsM , join nodesJ , and leaf nodesL , enabling
to factoriseP(G) as follows:

P(G) := P(L ; J ; M )
= P(L j M ; J )P(J j M ; A) P(M j G S ) P(GS ) ;

where we useGS to factorise the distribution. Note thatJ is conditionally independentof S given
the motifsM . Similarly, L is conditionally independent ofA givenJ .

4 MODELLING MOLECULES FROM SCAFFOLDS

Building upon the presented factorisation, we continue to introduce our method to derive a concise
scaffold vocabulary and discuss the matching generative model: MAGNet. MAGNet is a graph-based
model that employs a unique approach by generating each hierarchy level in a single step. It positions
itself between the traditional categories of single-atom and fragment-based models by utilising
scaffolds as building blocks and subsequently generating appropriate atom and bond attributes. To
facilitate this generation of diverse motifs and molecular structures, our fragmentation is designed to
achieve concise representations.

4.1 IDENTIFYING A CONCISE SET OF SCAFFOLDSVS FROM DATA

Given a dataset of molecules, our fragmentation scheme aims to represent a molecule through clear
structural elements, for which we provide examples in App. A. For this, we start by removing all leaf
nodesL across the graph, following the approach outlined in previous works (Jin et al., 2020; Maziarz
et al., 2022). This step helps to divide the moleculeG into cyclic and acyclic parts. Importantly,
instead of modelling the connection between two fragmentsM i andM j with a connecting bond, we
represent it by a shared atom, matching the de�nition of a join node� 2 J from Sec. 3.

In a subsequent step, we decompose the resulting acyclic fragments to reduce the number of required
scaffolds as much as possible. To this end, we introduce “junctions”, acyclic structures that are de�ned
by a center node of degree three or four and its neighbours. When compared to the “Breaking Bridge
Bonds” decomposition (Jin et al., 2020; Maziarz et al., 2022), our approach reduces complexity
and results in a much smaller vocabulary by collapsing acyclic structures into distinct scaffolds.
Additionally, in contrast to data-driven methods like those outlined in Kong et al. (2022) and Geng
et al. (2023), our decomposition method maintains structural integrity through its top-down approach.
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To arrive at our scaffold vocabulary, we remove atom and bond types from the resulting fragments in
the �nal step. As a suitable generative model has to map a single scaffold to its various representations,
this fragmentation further enables us to model smoother transitions between scaffold representations.
This is in contrast to fragment-based methods, which have to select different tokens from a large
vocabulary when two motifs differ in, e.g. just bond type, see Fig. 6 b in App. A.

4.2 MAGNET' S ENCODER

MAGNet is trained as a VAE model (Kingma & Welling, 2022), where the latent vectorsz are trained
to encode meaningful semantics about the input data, which subsequently inform the generation
process. During training, our model is optimised by maximising the ELBO:

L = Ez� Q
�
P

�
G j z

��
+ �D KL

�
Q(z j G)




 P

�

with P � N (0; 1)

where the KL-divergenceDKL serves to regularise the posteriorQ(z j G) towards similarity with the
Normal priorP in the latent space, weighted by� .

MAGNet's encoder aims to learn the approximate posteriorQ(z j G). At its core, the encoder
leverages a graph transformer (Shi et al., 2021) for generating node embeddings of the molecular
graph. Since MAGNet generates molecules in a coarse to �ne-grained fashion, we encode information
about the decomposition of the molecules. We compute individual embeddings for the molecular
graphGand the scaffold graphGS by aggregating over the corresponding atom and scaffold nodes,
respectively. In addition, we separately aggregate all join and leaf nodes. The resulting representation
of these individual components—molecular graph, scaffolds, join nodes, and leaf nodes—is then
mapped to the latent space, constituting the graph embeddingzG. More details about the chosen node
features as well as technical speci�cations of the encoder can be found in App. B.1.

4.3 MAGNET' S GENERATION PROCESS

MAGNet is designed to represent the hierarchy of the factorisation into scaffold- and atom-level from
Sec. 3, see Fig. 2. That is, given a vectorz from the latent space, MAGNet's generation process �rst
works on the scaffold-level to predictGS , de�ned by the multisetS and its connectivityA, before
going to the atom level de�ned by the motifsM , join nodesJ , and leaf nodesL . Additional details
on the implementation can be found in App. B.2.

Scaffold-Level On the scaffold-level, MAGNet �rst generates thescaffold multisetS via a trans-
former decoder module—the same scaffold can occur multiple times in one molecule—from the
latent representationz. More speci�cally, we learnP(S j z) by conditioning the generation on the
latent codez and generate one scaffold at a time, conditioning also on the intermediate representation
of the scaffolds.

Given the scaffold multisetS, MAGNet infers thescaffold connectivity A between scaffolds
Si ; Sj 2 S from scaffold set embeddings obtained with a multi-attention module. Formally, we
learnP(A j S; z) =

Q n
i;j =1 P(A ij = t j S; z) wheret 2 f 0; C; N; : : : g not only encodes the

existence (or absence) of a scaffold connection but also its atom type. We consider a typed version of
A to provide a meaningful condition for generating the motifsM later on and provide and ablation
on this in App. D.7. The scaffold-level loss is computed byL GS = L S + L A , whereL S andL A
refer to the categorical losses of the scaffold set and connectivity, respectively.

Atom-Level Leveraging a molecule's scaffold-level representation(S; A), MAGNet incorporates
a feature-predicting module to identify appropriate node and edge attributes for each scaffold,
see Fig. 1 b. By freely predicting theatom and bond typesto de�ne the motifsM , MAGNet
gains �exibility compared to its motif-based competitors. The mapping of a scaffoldSi to a motif
P(M i j S; A; z) is performed in two steps, starting with the prediction of the respective atom
typesM a

i from the scaffold graph and latent codez by means of a transformer decoder module.
Subsequently, the resulting atom embeddingsM a

i are leveraged to determine the matchingbond
typesM b between connected nodes.
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By conditioning onA, we can ensure thatM k includes all nodes needed for connectivity on the
atom-level. This comes from the fact that the motifsM adhere to the join node types de�ned byA. In
mathematical terms, this meansAkl 2

S
j M a

k \ M a
l , wherea signi�es the exclusive consideration

of atoms.

To establish the connectivity on the atom level, MAGNet proceeds to identify thejoin nodesJ ,
whose types are already de�ned, via a multi-layer perceptron. Therefore, MAGNet only needs to
predict the pairs of node positionspa that form joins, collectively creating the set of join nodesJ .
Mathematically, we express the likelihood of merging nodesi andj in motifsM k andM l by the merge
probabilityJ (k;l )

ij = P(pi � pj j M ; A; z), which constitutes the join matrixJ (k;l ) 2 [0; 1]VS k � VS l .
In the �nal step, MAGNet utilises a transformer decoder to predict theleaf nodesL , which consists
of determining the atom type and its attachment to the current atom graphC (for core molecule).
Optimising the likelihoodP(L S j C; z) is done similarly to the motif prediction, only that we use the
atom graphCas model input. The �nal atom-level loss consists ofL G = L M + L J + L L , whereL M ,
L J , andL L describe categorical losses for motifsM , including both atom and bond types, join nodes
J , and leaf nodesL , respectively. When optimising MAGNet with a reconstruction loss consisting
of L G + L GS , we have observed that a simple KL-regularisation alone is inadequate for achieving a
smoothly structured latent space. Our analysis in App. B.3 shows that the latent space suffers from
over-pruning behaviour (Yeung et al., 2017). To remedy this, we apply a normalising �ow post-hoc to
the latent space, aligning it more effectively with the prior. To this end, we rely on Conditional Flow
Matching (Lipman et al., 2023) and, more speci�cally, use the version based on minibatch optimal
transport as presented by Tong et al. (2024). We specify MAGNet's hyperparameter con�guration in
App. B.4.

Limitations As for the limitations, we note that both sequential and one-shot molecular generation
methods are susceptible to error propagation (Muenkler et al., 2023). Our results in Sec. 5, however,
indicate that the separation between scaffold and atom-level does not harm MAGNet in practice,
as MAGNet reliably identi�es suitable atom and bond allocations for the generated scaffold graph.
While MAGNet successfully generates diverse molecular structures, incorporating synthesizability
considerations would further enhance its practical applicability in drug discovery pipelines. This
limitation could be addressed by training on multi-component reaction datasets, potentially bridging
the gap between computational predictions and experimental validation (Graziano et al., 2023).

5 RESULTS

We compare MAGNet to state-of-the-art molecular generators across several dimensions of the
generation process. In Sec. 5.1, we investigate the reconstruction and sampling of scaffoldsS, as the
fundamental component of MAGNet's factorisation, and show that our model, unlike the baselines,
captures the diverse structural characteristics found in molecules. In Sec. 5.2, we continue to evaluate
the generative performance using established benchmarks. In Sec. 5.3, we analyse MAGNet's ability
to determine atom and bond allocationsM freely and demonstrate that MAGNet learns to generate a
larger variety of motifs in accordance with the dataset compared to motif-based approaches. Finally,
in Sec. 5.4, we give an outlook on how MAGNet can be utilised for downstream applications, such as
goal-directed generation and conditioning on various levels of the generation process.

Baselines In this section, our focus lies on variational autoencoder models designed to generate
molecular graphs. We select models from the one-shot and sequential categories as detailed in Sec. 2.
These include PS-VAE (Kong et al., 2022), a two-step generation framework that �rst generates
subgraphs before predicting connections, from the one-shot category and MoLeR, a method that
extends a partially generated graph by adding new fragments at each step, (Maziarz et al., 2022)
from the sequential category. Additionally, we incorporate MiCaM (Geng et al., 2023) as a third
baseline, which is another fragment-based method that utilises connection-aware motifs, leading to a
signi�cantly larger and more �ne-grained vocabulary than ours. In order to contextualise MAGNet
with the full spectrum of molecule generation methods, we also evaluate JTVAE (Jin et al., 2018),
HierVAE (Jin et al., 2020), GraphAF (Shi* et al., 2020), SMILES-LSTM (SM-LSTM) (Segler
et al., 2018) and CharVAE (Ǵomez-Bombarelli et al., 2018) as baselines for distribution learning
benchmarks.
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Figure 3: (a) Reconstruction of molecules that include large cycles or complex junctions. Relying
on individual atoms to build these structures is not suf�cient. Only MAGNet is able to reliably
decode its latent codez. (b) Percentage of reconstructed scaffolds. MAGNet substantially improves
in reconstructing both common and—more importantly—uncommon scaffolds. (c) Comparison of
sampled scaffolds to their frequency in the training distribution. A ratio of1 is optimal.

Benchmarks and datasets To evaluate the ability to learn the underlying distribution of molecules,
we employ two standard benchmarks forde novomolecule generation. The GuacaMol benchmark
asseses the ability of a generative model to sample by the distribution of a molecular dataset (Brown
et al., 2019). Next to evaluating the uniqueness and novelty of sampled molecules, the benchmark
also computes distributional distances to the reference, i.e. the KL-divergence and Fréchet distance
score (FCD) (Brown et al., 2019). We use the MOSES benchmark (Polykovskiy et al., 2020) to report
measures for the internal diversity (IntDiv) of generated molecules as well as chemical properties
such as synthetic accessibility (SA), the octanol-water partition coef�cient (logP), and the viability for
drugs (QED). We also evaluate a subset of our baselines on the GuacaMol goal-directed benchmark,
which tests the ability of generative models to generate molecules that maximise certain score
functions, e.g. similarity to a known drug-like molecule. All models are trained on the ZINC dataset
(Irwin et al., 2020) and the benchmarks conducted on the corresponding test set. We further use
QM9 (Wu et al., 2018), GuacaMol (Brown et al., 2019), CheMBL (Mendez et al., 2019), and L1000
(Subramanian et al., 2017) for additional evaluations.

5.1 USING SCAFFOLDS TO REPRESENT STRUCTURAL VARIETY OF MOLECULES

Reconstructing complex structures As a continuation of Fig. 1, our �rst experiment provides
qualitative insights into how accurately scaffolds are decoded,P(S j z). We assess the decoder's
performance in reconstructing molecules from the test set, which includes uncommon scaffolds like
large rings or complex junctions. Our observations reveal that the baseline models have dif�culty in
constructing complex scaffolds, as illustrated in Fig. 3a. We attribute this limitation to the absence
of motifs which map to such scaffolds in their top-k vocabularies. Consequently, these models
face the challenge of constructing scaffolds such as large rings from individual atoms. In contrast,
our proposed model, MAGNet, operates with a moderately-sized vocabulary that includes complex
scaffolds, enabling it to generate molecules that follow the latent code and the corresponding ground
truth molecules (see the latent displacement analysis in App. D.4).

MAGNet reliably decodes scaffolds Building on our analysis of large cycles and uncommon
junctions, we extend our investigation to assess how effectively different models can reconstruct the
scaffold setS in a general context. Given our focus onP(S j z), we can disregard the connectivity
A and motifsM . As illustrated in Fig. 3b, our �ndings demonstrate that MAGNet consistently
outperforms all evaluated baselines, supporting the hypothesis that the other methods fail to faithfully
decode complex molecular structures from single atoms and rely primarily on the information encoded
in their vocabulary.
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Table 1: GuacaMol and MOSES Benchmark. We report mean and standard deviation using 5 random
seeds. Weunderlinethe best graph-based method and make the best method within each category
bold.

GuacaMol MOSES
FCD (" ) KL (" ) IntDiv (" ) logP(#) SA (#) QED(#)

S
M

. CharVAE 0.17 � 0.08 0.78 � 0.04 0.88 � 0.01 0.87 � 0.14 0.48 � 0.13 0.06 � 0.03

SM.-LSTM 0.93 � 0.00 1.00 � 0.00 0.87 � 0.00 0.12 � 0.01 0.04 � 0.02 0.00 � 0.00
S

eq
ue

nt
ia

l GraphAF 0.05 � 0.00 0.67 � 0.01 0.93 � 0.00 0.41 � 0.02 0.88 � 0.10 0.22 � 0.01

HierVAE 0.53 � 0.14 0.92 � 0.01 0.87 � 0.01 0.36 � 0.17 0.20 � 0.14 0.03 � 0.00

MiCaM 0.63 � 0.02 0.94 � 0.00 0.87 � 0.00 0.20 � 0.05 0.51 � 0.03 0.08 � 0.00

JTVAE 0.75 � 0.00 0.94 � 0.00 0.86 � 0.00 0.28 � 0.03 0.34 � 0.01 0.01 � 0.00

MoLeR 0.80 � 0.01 0.98 � 0.00 0.87 � 0.00 0.13 � 0.02 0.06 � 0.01 0.01 � 0.01

O
ne

-S
ho

t

PSVAE 0.28 � 0.01 0.83 � 0.00 0.89 � 0.00 0.34 � 0.02 1.18 � 0.05 0.05 � 0.00

DiGress 0.65 � 0.00 0.91 � 0.00 0.86 � 0.00 0.61 � 0.02 0.09 � 0.01 0.05 � 0.01

MAGNet 0.76 � 0.00 0.95 � 0.00 0.88 � 0.00 0.22 � 0.01 0.12 � 0.01 0.01 � 0.00

Even with a signi�cantly increased vocabulary for methods such as MoLeR, we �nd in App. D.1
that a larger vocabulary does not signi�cantly help to model to reconstruct uncommon scaffolds.
Furthermore, we observe that MiCaM, MoLeR, and PS-VAE hallucinate structures dissimilar to the
scaffolds present in the dataset, see App. D.8.

MAGNet matches the scaffold distribution more accurately To further analyse to what extent
uncommon scaffolds are not only reconstructed but purposefully sampled, we analyse the scaffold
set of generated molecules. If the other models are able to represent scaffolds that are not included
in their vocabulary, they should be able to re�ect the reference distribution of scaffolds. For this
evaluation, we decompose sampled molecules into their scaffolds. We then measure the models'
over- and undersampling behaviour based on the ratior Si = cs (Si )P

k cs (Sk ) �
P

k ct (Sk )
ct (Si ) , wherect andcs

refer to the count function applied to the training and sampled sets, respectively. Fig. 3c shows that
baseline methods fail to generate molecules in accordance with the reference scaffold distribution in
practice. On common scaffolds,i.e. those that occur in more than 10% of the molecules, all evaluated
models are able to match the ratio of the data distribution. For uncommon scaffolds, however, the
baselines fail: while PS-VAE heavily oversamples both ring-like and chain-like scaffolds, MoLeR
and MiCaM oversample chain-like scaffolds. MAGNet matches the reference distribution best across
categories and we conclude that the abstraction to scaffolds bene�ts generation.

5.2 GENERATIVE PERFORMANCE EVALUATED ON COMMON BENCHMARKS

MAGNet performs on par with motif-based approaches The MOSES and GuacaMol benchmarks
are conducted on104 latent codes sampled from the prior distribution,z � P, and decoded into valid
molecules. Our results for both benchmarks are depicted in Tab. 1, where we classify the methods
into their generative approaches as described in Sec. 2. We do not report Novelty and Uniqueness, as
almost all evaluated models achieve 100% on these metrics. Solely GraphAF and HierVAE perform
slightly worse but still achieve above 90% in Uniqueness and Novelty. For the baselines DiGress,
SM-LSTM, and CharVAE, which are not able to achieve 100% Validity, we sample until we obtain
104 valid molecules. We report all benchmark metrics in App. D.3. While MoLeR sets the state of
the art on both FCD and KL, MAGNet outperforms all other graph-based baselines. This supports
the proposed factorisation in Sec. 3 while also challenging the common perception that methods for
molecule generation must rely on motif vocabularies to obtain good generative performance.

The FCD metric is insuf�cient for evaluating structural diversity Despite the FCD being an
important metric for molecular distribution learning, we �nd that it fails to provide insights about
the structural diversity of the generated molecules. Evaluating the benchmark on a subset of104

molecules from the training data, which was �ltered to include only the10 most common scaffolds,
results in an FCD score of0:89. This observation offers an explanation for why models like MoLeR
can achieve state-of-the-art FCD scores, despite not accurately capturing the scaffold distribution,
as demonstrated in Sec. 5.1. This underscores that our analysis on structural diversity complements
these benchmarks, providing valuable insights about the molecular distribution.
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Figure 4: (a) Example of generated fragments by MAGNet and baseline methods. (b) MMD computa-
tion to quantify similarity between generated and ground truth motifs. (c) Rank comparison between
predicted fragments and their original counterparts.

Figure 5: Examples of conditional molecule generation with MAGNet. The generation is conditioned
on (top) a complete fragment, including atoms and edges, and (bottom) two distinct scaffolds.

5.3 GENERATION OF MOTIFSM

Having established that MAGNet reliably decodes molecular structures and their scaffolds and
samples diversely, we continue to evaluate MAGNet on the motif level.

MAGNet's generated motifs are superior to �xed fragments The larger a given scaffold, the
more the combinatorial aspect starts to dominate: with a size-limited vocabulary, it is challenging to
re�ect the diversity of a scaffold's realisations to motifs during decoding. This is shown in Fig. 4a,
which provides a qualitative view on generated and sampled motifs. We extract the motif of a
single scaffold from the molecules sampled in Tab. 1 and plot the two principal components of their
�ngerprints. For the chosen scaffold alone, there are791representations in ZINC. PS-VAE, MiCaM,
and MoLeR do not cover the distribution fully, even though the scaffold appears commonly in the
dataset. MAGNet, however, covers all parts of the distribution, even outliers. Fig. 4b shows the MMD
quanti�cation of the procedure shown in Fig. 4a, con�rming that MAGNet is able to cover the entire
distribution of motifs best. Note that, by learning to predict the bond and atom assignments, MAGNet
achieves coverage of motifs that extend upon the �xed motif sets of the other methods. This effect
becomes also apparent when assessing the zero-shot generalisation capabilities on other datasets,
where MAGNet is able to achieve the highest similarity scores, improving over the strongest baseline
by up to 20%, see App. D.6.

Allocation of atom and bonds to scaffolds Extending the sampling analysis from Fig. 4b, we
quantify the process of turning a scaffold into a chemically valid motif in Fig. 4c. For each scaffold
in the dataset, we compute the similarities between the set of all generated and ground truth motifs.
Within the set of ground truth motifs and successful scaffold decodings, we compute the similarity
rank between generated and ground truth pairs. In the majority of cases, MAGNet achieves rank0 or
1 in the motif generation, indicating near-perfect accuracy, with uncommon rings remaining the most
challenging to decode.
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5.4 MAGNET FOR DOWNSTREAM APPLICATIONS

Having analysed the generative performance of MAGNet and the bene�t of the proposed scaffold
fragmentation, we demonstrate that, like all VAE-based architectures, MAGNet can be adapted to
generate molecules with desired properties. Additionally, we outline how one can use MAGNet's
factorisation for the generation of linkers and structure-constrained generation.

Table 2: Results for the GuacaMol goal-
directed benchmarks. All scores should
be maximised. We report mean and stan-
dard deviation and highlight the best
method inbold.

MAGNet MoLeR MiCaM Random

Isomers 0.34� 0.03 0.32� 0.03 0.31� 0.04 0.17� 0.12
MPO 0.74� 0.06 0.70� 0.08 0.71� 0.07 0.61� 0.22
Property 0.82� 0.02 0.81� 0.03 0.82� 0.01 0.34� 0.30
Redisc. 0.17� 0.00 0.24� 0.00 0.24� 0.00 0.14� 0.01
Similarity 0.43� 0.03 0.38� 0.04 0.38� 0.03 0.26� 0.08

Goal-directed generation We evaluate to what extent
the models can be used to �nd molecules that maximise
a given score function. We compare against MoLeR and
MiCaM and additionally provide a random baseline that
samples molecules from the dataset as lower bound. Tab. 2
shows the results and we observe that MAGNet performs
on par with or better than MoLeR, con�rming our compet-
itive performance on established benchmarks. We provide
more information about the latent optimisation procedure
as well as additional goal-directed results in App. D.9.

MAGNet ef�ciently generates molecules conditioned on fragments and scaffoldsIn the context
of potential downstream applications, we investigate novel scaffold conditioning methods made
possible by MAGNet's factorisation. Besides the latent space interpolation in App. D.5, Fig. 5
illustrates that MAGNet is capable to condition not only on a single scaffold but also on multiple
scaffolds, even when they are not directly connected within the resulting molecule. MAGNet makes
this possible by enforcing e.g. a set of conditioning scaffolds or given scaffold representations
during the decoding phase. This poses a signi�cant challenge for models like MoLeR, which rely on
extending connected subgraphs for scaffold conditioning. Moreover, MAGNet enables conditioning
on multiple levels of abstraction and can generate molecules conditioned on a fragment as well as
solely based on a scaffold, see Fig. 5.

6 CONCLUSION
To address fundamental limitations of motif-based approaches for molecular graph generation, we
propose to separate structure from features. To this end, we introduce a novel graph factorisation
that enables us to build an expressive scaffold vocabulary using a novel fragmentation scheme.
Furthermore, we present MAGNet, a generative model that builds upon this abstraction to achieve
greater structural expressivity. Our experiments demonstrate that MAGNet outperforms existing motif-
based models in terms of structural diversity and performs competitively on established benchmarks.
We argue that a hierarchical approach, such as the one adopted in MAGNet, is crucial for effectively
leveraging scaffold representations. However, modi�cations to this approach could be promising for
future advancements building upon our proposed method.
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Figure 6: (a) Examples of the fragmentation procedure. Starting with the entire molecules, the
fragmentation �rst removes leaf nodesL , continues to split into motifsM , and then identi�es distinct
scaffoldsS. (b) Example for a single scaffold that has multiple similar representations in terms of
atom and bond types, illustrating how our scaffold abstraction can reduce combinatorial explosion
and enable smooth learning.

A A BSTRACTION TO SCAFFOLDS AND DETAILS ON PROPOSED

FRAGMENTATION

Fig. 6 a shows examples of the proposed fragmentation and abstraction to scaffolds. First, we identify
leaf nodesL and then divide the core moleculeCinto structurally distinct fragmentsM that can be
categorised into rings, chains, and junctions. Note that adjacent scaffolds share a join nodev 2 J
instead of being connected through a bond. This representation of connectivity between fragments is
advantageous compared to the “Breaking Bridge Bonds” decomposition (Jin et al., 2020; Maziarz
et al., 2022), as the separation of motifs, such as rings and chains, does not require truncating the
chain. Given this fragmentation, atoms can simultaneously be part of a ring and a chain, and MAGNet
accounts for that.

Fig. 6 a illustrate that many fragments share the same topology but differ in the atom and bond
types. Extracting a scaffoldSi from its motifM i means to reduce the typed adjacency to its binary
connectivity, discarding any node features. After creating a vocabulary using all unique scaffolds
from the dataset, we can check their isomorphism by comparing their hashes (Leman & Weisfeiler,
1968).

By this abstraction, MAGNet can learn smoother transitions between different scaffold representations.
Fig. 6 b showcases a simple example of this: the shown motifs share very similar sets of atoms and
bonds, as well as their underlying structure, but they differ in the exact positions of atoms and bonds.
Fragment-based methods would be required to replace the motif token entirely, having to choose its
replacement from a potentially large vocabulary. By disentangling structure from features, we enable
MAGNet to learn such transitions smoothly.
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B DETAILS MAGNET

B.1 ENCODER

We build the node features that are processed in MAGNet's encoder from different attributes, see
Tab. 3. We include the atom type (`atomid dim'), its charge (`atomchargedim'), as well as its
multiplicity value (`atommultiplicity dim'). We proceed accordingly for the scaffold level and
include the scaffold id (`scaffoldid dim'), its multiplicity (`scaffold multiplicity dim'), as well
chemical features (`motiffeat dim') computed through RDKit (Landrum & others, 2013). Since the
latter are not learned during training, the features are mapped to the speci�ed dimensionality by a
linear map.

After processing the resulting node features through the graph transformer (Shi et al., 2021) with
`num layersenc'-many layers, they are aggregated in different ways and mapped to speci�ed dimen-
sions as de�ned by `enc<> dim' for the atoms, scaffolds, join nodes, and leaf nodes, respectively.
On top, the scaffold embeddings are additionally processed with the same transformer architecture
(`num layersscaffoldenc') to inform the embedding about the scaffold-level connectivity. We then
concatenate the resulting graph-level embeddings and further combine them with global molecule
features, again computed via RDKit and then mapped to the required dimension (`encglobal dim'),
before mapping them to the latent space via the latent module which has `numlayerslatent'-many
layers.

Table 3: Parameter con�guration of the best MAGNet runs.

Parameter Value

Train batchsize 64
�ow batchsize 1024
lr 3:07� 10� 4

lr schdecay 0.9801
�ow lr 1 � 10� 3

�ow lr schdecay 0.99
�ow patience 13
gradclip 3

Model latentdim 100

di
m

co
n�

g

encatomdim 25
encscaffoldsdim 25
enc joins dim 25
enc leavesdim 25
encglobal dim 25
atom id dim 25
atomchargedim 10
atommultiplicity dim 10
scaffold id dim 35
scaffoldmultiplicity dim 10
motif feat dim 50
scaffoldhidden 256
scaffoldgnn dim 128
motif seqposdim 15
leaf hidden 256
latent �ow hidden 512

Parameter Value

Model nodeaggregation sum
num layerslatent 2
num layersenc 2
num layersscaffoldenc 4
num layershgraph 3

lo
ss

w
ei

gh
ts joins 1

leaves 1
motifs 1
hypergraph 1

be
ta

an
ne

al
in

g

max 0.01
init 0
step 0.0005
every 2500
start 2000

B.2 DECODER

All decoding steps are conditioned on the latent codez. Fromz, MAGNet employs two transformer
decoder layers to autoregressively decode the set of scaffoldsS by selecting tokensSi from the
extracted scaffold vocabulary. Generation of the variable-sized multisetS ends with selecting a stop
token. In the next step, an MLP predicts the connectivityA matrix between individual nodes in a
permutation-invariant manner. This prediction is solely based on the learnable scaffold token and
multiplicity embeddings. Indicating multiplicity is required, as multiple scaffolds inS share the same
scaffold type but have to be connected in different ways.

At this point, MAGNet instantiates the atom-level graph by expanding scaffold tokens to their untyped
graph objects. These graphs without features are then �rst assigned atom types by transformer decoder
layers. Subsequently, the atom features and the respective scaffold embeddings are used by an MLP
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