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Abstract

Molecular generation is crucial for drug discovery and materials
science, especially under data-scarce conditions where traditional
generative models often fail to generalize conditionally. To address
this, we propose MetaMolGen, a first-order meta-learning-based
molecular generator tailored for few-shot and property-conditioned
generation. MetaMolGen standardizes graph motifs by mapping
them into a normalized latent space and employs a lightweight au-
toregressive model to generate SMILES sequences that accurately
reflect molecular structures. A learnable property projector is inte-
grated into the generation process to support target property con-
ditioning. Experiments show that MetaMolGen consistently gener-
ates valid and diverse molecules in low-data regimes, outperforming
conventional baselines and demonstrating strong adaptability and
efficient conditional generation.
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1 Introduction

Designing and synthesizing molecules with specific properties is a fun-
damental challenge in fields like drug discovery, materials science, and
environmental chemistry [29,32]. The vastness of chemical space makes
molecular design inherently complex. While over 10® molecules have been
synthesized, this represents only a tiny fraction of the estimated 102 to
10%° potential drug-like molecules [24, 28], highlighting both the immense
potential and the difficulty of molecular exploration.

When employing intelligent models for molecular design, ensuring struc-
tural validity remains a critical challenge. Current molecular generation
models primarily adopt one of three strategies. Graph-based methods
generate molecules atom-by-atom or bond-by-bond, enabling high inter-
pretability and direct manipulation of molecular topology; a representa-
tive example is StrucGCN [36], which improves graph embedding by in-
corporating structural information. Sequence-based models utilize linear
representations such as SMILES, and although they offer strong scalabil-
ity, they often struggle with generating valid structures. Approaches like
RNNs [31] and Transformer-based models [1] fall into this category. Tree-
based methods, such as Junction Tree VAE [14], generate molecules by
assembling subgraph fragments in a hierarchical manner, achieving 100%
structural validity.

Beyond these mainstream paradigms, emerging strategies are address-
ing more specific challenges in molecular generation. Diffusion-based mod-
els, like PIDIff [5], leverage iterative denoising to construct 3D molecular
conformations, while retrieval-augmented methods such as Reinvent [30]
enhance synthetic feasibility and diversity by integrating database search
with generative models. Recent advancements including MGCVAE [18]
and GAN-based frameworks like ORGAN [11] further improve multi-prope-
rty control and support task-specific molecular generation.

Despite these advancements, existing methods still suffer from persis-
tent limitations that restrict their effectiveness in practical applications. A
key challenge lies in the difficulty of simultaneously ensuring both validity

and uniqueness, making it problematic to generate chemically diverse yet
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valid molecules tailored for specific properties. For instance, MolGAN [6]
achieves nearly perfect validity (e.g., 98%-100%) on MOSES benchmarks,
but exhibits low uniqueness and diversity (often below 10%), revealing a
clear trade-off. To provide a comprehensive evaluation of model perfor-
mance across multiple objectives, we define an Qverall Score that inte-
grates validity, uniqueness, diversity, and druglikeness. The formulation of
the Overall Score is given in Equation 27.

The data-intensive nature of deep learning approaches presents an-
other significant barrier, typically demanding training sets on the order
of 10% samples. This requirement becomes prohibitive in data-scarce sce-
narios such as orphan drug discovery, severely limiting their applicability
to smaller datasets. For example, sequence-based methods like Grammar-
VAE [17] generally require vast amounts of data to achieve optimal perfor-
mance, whereas our meta-learning-based approach can effectively leverage
prior knowledge to rapidly adapt with only a fraction of the data, yielding
superior results in few-shot settings.

More critically, whi-
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le many molecular gen-
eration models require
complete datasets to
fully capture the nu-
. ances of molecular prop-

erties, our preliminary
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analysis reveals that
Figure 1. Distribution of Key Molecular Properties some key properties,
particularly LogP, tend

to exhibit approximately unimodal distributions (Fig. 1). In contrast,
molecular weight is right-skewed and hydrogen bond acceptor and donor
counts display more complex patterns; yet even these can largely be seen
as following a unimodal trend. This predominance of unimodal charac-
teristics in continuous properties like LogP suggests a potential statistical
bias in molecular datasets that may be underutilized. Notably, this bias
implies that our approach could tolerate partial data or even benefit from

using only a fraction of the available data, thereby alleviating the reliance
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on large-scale, complete datasets. Further investigation is warranted to de-
termine how leveraging this bias might improve generation performance.

Motivation: This leads to the following question: Can we design
a model that not only generates molecules under small-sample conditions
but also uses the unimodal property distribution to enhance and balance
the model’s validity and uniqueness?

To address this challenge, we designed the Meta-Optimized Molecu-
lar Generation model (MetaMolGen), which leverages feature transforma-
tion and small-sample learning techniques to overcome these limitations.
The MetaMolGen framework focuses on generating valid molecules that
maintain diversity while explicitly modeling unimodal distributions in the
chemical space.

Developed Methods: We propose MetaMolGen, a molecular genera-
tion model based on Conditional Neural Processes (CNPs) framework. To
improve generalization under skewed molecular property distributions, we
introduce a normalization layer before the context encoder, transforming
feature distributions into a quasi-normal form. Additionally, we integrate
the Reptile meta-learning algorithm [21] into the CNP framework to en-
able efficient few-shot learning, allowing training on datasets of size 10%-
10° without requiring second-order gradient computations. MetaMolGen
achieves high molecular uniqueness and property alignment while main-
taining strong validity and diversity.

The primary contributions of this work are as follows:

1. To address the challenge of balancing model validity and uniqueness,
we propose MetaMolGen, a novel meta-learning molecular genera-
tion model designed for few-shot molecular generation. Additionally,
MetaMolGen is capable of conditional generation, enabling the gen-
eration of molecules with specific chemical properties based on given

target attributes.

2. Through large-scale experiments on multiple datasets, we validated
the advantages of MetaMolGen in molecular generation tasks on
small to medium-sized datasets. The model significantly outper-

forms traditional generative models in terms of validity, uniqueness,
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property matching accuracy, and generation quality, as reflected in

its superior Overall Score across key metrics.

3. We introduce a learnable standardization module within the Condi-
tional Neural Processes framework, which mitigates scale imbalances
across molecular features, improving the model’s numerical stability

and convergence speed.

4. We integrate Reptile into the framework to achieve rapid adaptation
to small-scale datasets, and provide a theoretical discussion on the

convergence characteristics of Reptile under this setting.

2 Literature review

Recent advances in deep learning have significantly expanded the scope
of molecular generative modeling, leveraging architectures such as varia-
tional autoencoders (VAES), generative adversarial networks (GANs), and
reinforcement learning (RL)-based methods. These techniques have been
applied to a range of tasks, including drug discovery, molecular optimiza-
tion, and materials design. Despite their success, challenges remain in
navigating the high-dimensional molecular space, capturing complex de-

pendencies, and achieving generalization in low-data scenarios.

2.1 Graph-based methods

Graph-based methods represent molecules as undirected graphs, where
atoms correspond to nodes and chemical bonds to edges. This structure-
aware representation naturally aligns with molecular topology, enabling
models to reason over local and global structural information. Graph
Neural Networks (GNNs) have been widely used in this context, providing
a mechanism for learning rich molecular embeddings.

One early approach, MolGAN, combines GANs with reinforcement
learning to generate molecular graphs directly, bypassing the need for
SMILES decoding. While MolGAN achieves near-perfect validity on be-
nchmark datasets, it struggles with uniqueness and diversity, achieving less
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than 10% uniqueness in some cases. You et al. [35] proposed the Graph
Convolutional Policy Network (GCPN), which combines GNNs with RL
to generate molecules that satisfy property constraints, offering a goal-
directed design capability.

Further advancements, such as StrucGCN, incorporate structural pri-
ors into graph embedding processes to improve model expressiveness. Me-
anwhile, the Crystal Graph Convolutional Neural Network (CGCNN) [34]
has demonstrated that graph-based architectures are also effective in pre-
dicting material properties. Despite these advances, graph-based models
often require large training datasets to learn meaningful patterns and may

struggle to generalize in data-scarce settings.

2.2 Sequence-based methods

Sequence-based models represent molecules as one-dimensional strings,
typically using the SMILES notation [33], allowing generative tasks to
be treated similarly to natural language processing. These methods are
generally efficient and easy to scale but often suffer from lower validity due
to the strict syntactic constraints of SMILES strings.

Recurrent Neural Networks (RNNs) have been widely applied to SMI-
LES generation, learning to produce valid molecules through sequence
modeling. Transformer-based models have improved scalability and atten-
tion over long sequences, while Conditional VAEs [19] allow for property-
guided generation by conditioning the latent space on molecular attributes.
GrammarVAE further incorporates context-free grammar rules into the
decoding process, improving validity by enforcing syntactic correctness.

GAN-based methods like ORGAN apply adversarial training and re-
inforcement learning to SMILES generation, optimizing for target-specific
properties via reward signals. Similarly, Reinvent [30] blends SMILES-
based generation with retrieval mechanisms to improve synthetic feasibility
and diversity. Despite their flexibility and speed, sequence-based methods
tend to have difficulty modeling molecular graphs’ complex structural de-

pendencies and often require post-processing to ensure chemical validity.



321

2.3 Tree-based methods

Tree-based approaches decompose molecules into hierarchies of chemical
substructures or motifs and model their generation as an assembly of these
components. This paradigm aims to guarantee the syntactic and chemical
validity of generated molecules by working at the subgraph level.

The Junction Tree Variational Autoencoder (JT-VAE) represents them
as junction trees, where each node is a chemical motif. By combining
tree-structured generation with graph decoding, JT-VAE guarantees 100%
validity while also enabling structured property optimization. An exten-
sion [15] incorporates conditional generation by conditioning motif assem-
bly on target properties, supporting controllable molecular design.

Tree-based models are particularly effective in generating synthetically
feasible and chemically realistic compounds. However, they also intro-
duce complexity in training and inference due to the need for substructure
extraction, motif vocabulary construction, and hierarchical decoding. Ad-
ditionally, they may lack flexibility in discovering entirely novel molecular

motifs outside the predefined set.

2.4 Emerging directions and meta-learning for mole-

cular generation

Beyond the three dominant paradigms, newer approaches are emerging
to address specific challenges in molecular generation. Diffusion models,
such as PIDiff, generate 3D molecular structures through iterative de-
noising, proving especially valuable for tasks like protein-ligand docking.
Retrieval-based generation methods integrate database search with gener-
ative modeling to ensure synthetic accessibility and real-world relevance.
In parallel, methods focusing on multi-property control and task-speci-
fic compound design have gained increasing attention. MGCVAE enables
multi-objective inverse design using conditional graph VAEs, while deep
generative frameworks such as those proposed by Zhavoronkov et al. [37]
have shown notable success in discovering target-specific compounds.
Among these emerging directions, meta-learning has become a partic-

ularly promising framework for few-shot molecular generation, especially



322

in data-scarce scenarios such as orphan drug discovery. First-order meta-
learning algorithms like Reptile offer a computationally efficient alternative
to gradient-based methods such as MAML [7], by optimizing task-agnostic
initializations through repeated adaptation across tasks without requiring
second-order derivatives. Such approaches enable fast generalization using
only a handful of examples.

In the molecular domain, meta-learning is gaining momentum as a
solution to the data inefficiency of conventional deep models. Hospedales et
al. [12] highlight its potential in structured prediction problems, although
many existing works still lack explicit integration with molecular graph or
motif-based representations.

To this end, our proposed framework, MetaMolGen, adopts a meta-
learning strategy tailored to few-shot molecular generation. By combin-
ing structural priors with task-adaptive initialization through Reptile, it
improves generalization, stability, and sample efficiency in low-resource
molecular design scenarios, bridging the gap between data scarcity and

effective generative modeling.

3 Preliminaries

3.1 Notations

We consider a molecular dataset D = {(zy, )}, where each z; € RY
denotes a molecular feature vector and y; is the corresponding SMILES
string (see Section 4.2 for details). The molecular generation process is for-
mulated as learning a mapping function fy : R¢ — ), where ) denotes the
space of valid molecular sequences over a vocabulary ¥ = {C,N,0,=,...}.
Each element in Y corresponds to a valid tokenized SMILES string, where
tokens represent atoms, bonds, or structural symbols.

In meta-learning settings, we assume a distribution over tasks P(7),
where each task 7y, ~ P(T) consists of a support set DSUPP and a query
set DIy The meta-learning objective is denoted by Lmeta, and the
model parameters are updated from initial parameters 6 to task-specific

parameters 6], via a few adaptation steps.
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3.2 Problem statement

We consider a conditional molecular generation task, where the goal is
to generate syntactically valid and property-compliant SMILES sequences
given molecular features and target property constraints.

Formally, given a dataset

D= {(x’ia Zi7yi)}1]'\[:1a

where z; € R? denotes the molecular feature vector, z; € R¥ represents the
desired property vector, and y; € Y C X* is a tokenized SMILES sequence,
the objective is to learn a conditional generative function: fp : (z,2) — §
that generates sequences ¢ that are both chemically valid and aligned with
the desired properties.

To ensure numerical stability and consistent feature representation,
molecular descriptors are standardized using a dataset-dependent affine

transformation:
X' =2"Y2(X —p), sothat X'~ N(0,1) (1)

where the empirical mean and variance are estimated as:

1 1 Y
= —S"X, 6=, —S (X, -7)? 9
fi N;ﬂ i O N;:l(z fi) (2)

During training, the model is optimized via a token-level reconstruction

loss to maximize the likelihood of producing ground-truth sequences:
Lyecon = CrossEntropy (7, y) (3)

For fast task adaptation, the model employs a first-order gradient-
based update strategy. For each task T, ~ p(T), model parameters are
adapted by applying a small number of gradient steps on the support set.

A single-step update is expressed as:

0, =0 — aVyL(DPPor; g), (4)
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where a > 0 is the inner-loop learning rate. These task-specific parameters

0! are then used to compute the Reptile-style meta-update:

1 M
0 0tc 2> (0,0, (5)

m=1

where € is the outer-loop step size. This update rule moves the initializa-
tion towards parameters that perform well after a small number of task-
specific updates, enabling fast adaptation without requiring second-order
gradients. This adaptation rule defines the core mechanism underlying
task-level generalization in MetaMolGen, and serves as the basis for our
theoretical discussion in Section 5.

At inference time, molecular sequences are generated autoregressively

by modeling the conditional distribution:

T
Pyly | z,2) = Hpe(yt | Y<t, @, 2) (6)

t=1

which ensures syntactic validity by learning token transitions compliant
with SMILES grammar. To promote output diversity, tokens are sampled

from a temperature-controlled softmax distribution:

y; ~ Categorical (softmax (JW>) (7)

T

These components jointly support the generation of valid, diverse, and

property-aligned molecular structures under limited supervision.

4 Method

MetaMolGen is a meta-learned molecular generator designed for few-shot
molecular generation and multi-objective optimization. The training fra-
mework of MetaMolGen consists of motif extraction, motif prediction, and
molecular graph assembly. As shown in Fig. 2, unlike traditional generative
models, it leverages the Reptile algorithm [21] for rapid task adaptation,

Conditional Neural Processes (CNPs) for task-aware molecular represen-
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tations, and feature standardization for stable training.
The framework processes molec-

ular data through a structured

=P oo = pipeline.  Molecular descriptors
— = %—’ | are first standardized for stabil-
Sse]c\l/{llgz::is Nor];‘xf:ltiuzraction 1ty (Eq (1), (2)) and then en-
— coded into a task embedding via
MLP a context encoder. To enhance
GELU _e-’
et LayerNorm structural diversity, MetaMolGen
Comiga o leverages Conditional Neural Pro-
cesses (CNPs) to capture task-level
i S LST™ uncertainty through latent repre-
v DropOut sentations conditioned on support
SMILES Decoder sets, where the resulting predictive
¥ ———— - N distribution is formalized as p(y |
! \

Eﬂ[ﬂ P £.0) = [pl | ©.2)q(= | C)dz,
poverey iQCOncammn: with z sampled from the context-

Distribution Moo / dependent posterior ¢(z | C).

The learning process in Meta-
Figure 2. Overview of the MetaMolGen MolGen is based on a meta-
training process.

learning formulation composed of

task-specific adaptation and meta-level optimization. For fast task adap-
tation, the model employs a first-order gradient-based update strategy. For
each task 7, ~ p(T), model parameters are adapted using the support set
through one or more gradient steps, as defined in Eq. (4), where a > 0
is the inner-loop learning rate. The resulting task-adapted parameters
0!, serve as intermediate optima that guide the subsequent meta-update.
The Reptile algorithm updates the shared initialization 6 by averaging the
differences between the adapted and original parameters across tasks, as
shown in Eq. (5), where € is the outer-loop step size and M denotes the
number of sampled tasks. This first-order update enables fast adapta-
tion to novel molecular generation tasks, without relying on second-order
derivatives or explicit backpropagation through the adaptation process. It

forms the foundation for efficient few-shot generalization in MetaMolGen,
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as further elaborated in Section 5.

Sequence generation is performed by an autoregressive decoder, which
factorizes the conditional distribution over output tokens as in Eq. (6).
This formulation enforces syntactic validity by modeling token transitions
aligned with SMILES grammar. To encourage diverse outputs, decoding
is performed via temperature-controlled sampling (Eq. (7)).

By integrating these components into a coherent pipeline, MetaMolGen
effectively balances syntactic validity, structural diversity, and generaliza-
tion performance, making it well-suited for applications in drug discovery,

materials science, and beyond.

4.1 Feature standardization for molecular representa-

tion learning

To improve training stability and generalization in few-shot molecular gen-
eration, MetaMolGen incorporates a learnable normalization layer that
standardizes molecular descriptors before task encoding. For each input

feature x;, the model applies an affine transformation:

o = LT Ho (8)
op+ ¢

where pg and oy are trainable feature-wise statistics, and ¢ is a small
constant to ensure numerical stability. This transformation mitigates input
scale disparities and ensures consistent feature distributions across tasks.

Feature normalization plays a critical role in stabilizing optimization
and enhancing generalization in few-shot molecular generation. By apply-
ing a learnable affine transformation to standardize input features (Eq. (8)),
the model mitigates scale imbalance and ensures consistent input distribu-
tions across tasks. This reduces sensitivity to outlier features and smooths
the optimization landscape, effectively suppressing gradient oscillations
during meta-updates, as analyzed in Theorem 2. A visual comparison
of training loss trajectories with and without feature standardization is
provided in Figure 7.

Normalization further improves the conditioning of the loss surface,

enabling faster and more stable convergence (Theorem 3). On the gen-
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eralization side, by reducing the empirical loss variance across tasks, it
tightens the PAC-Bayes generalization bound (Theorem 4) and helps the
model capture task-invariant patterns. Together, these effects make fea-
ture normalization a fundamental component of MetaMolGen, supporting

both learning stability and transferability under distributional shifts.

4.2 Molecular representation

This study adopts the SMILES (Simplified Molecular Input Line En-
try System) format to represent molecular structures as linear strings.
SMILES encodes molecular graphs using a depth-first traversal, translat-
ing atoms, bonds, branches, and rings into a sequence of standardized
characters. For example, the molecule ethanol is represented as “CCO,”
where two carbon atoms are followed by a hydroxyl group. This compact
format preserves the topological structure of molecules and is naturally
compatible with sequence-based generative models.

In MetaMolGen, SMILES sequences are used as the target output of
the decoder. We construct a vocabulary containing special tokens such
as {PAD}, {START}, {EOS}, and {UNK}, and tokenize each SMILES string
into a sequence of discrete tokens. These tokenized sequences are embed-
ded and fed into an LSTM-based decoder, which autoregressively predicts
the next token given the previously generated ones. During training, the
model learns the correspondence between token sequences and valid molec-
ular syntax, enabling it to generate chemically plausible molecules in a

character-by-character manner [3,23].

4.3 Conditional neural processes

Conditional Neural Processes provide a scalable alternative to Gaussian
Processes and Conditional Variational Autoencoders by learning condi-
tional distributions in a data-driven manner, avoiding restrictive priors
[10,16]. They generalize well in low-data settings while maintaining com-
putational efficiency with O(n + m) complexity.

CNPs define a conditional stochastic process Q9 over function values
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f(x) given observations O:

Qo(f(T)0,T) =[] Qo(f(2) | O, ).

zeT

The encoder hy maps observations (z;,y;) into latent embeddings:

T = hg (3317% Zrz

The decoder gy then predicts parameters ¢; for each target point x; € T

¢i = go(xi,r),  flxi) ~ N (i, 07).

CNPs are trained by minimizing the negative log-likelihood over ran-

domly selected subsets of observations:
L(0) = —Ejup [Exlog Qo ({vi}izy | On, {zi}i5y)] -

Monte Carlo methods and stochastic gradient descent (SGD) are used for
optimization.

While CNPs offer efficient adaptation, they lack explicit uncertainty
quantification, which can lead to overconfidence [8,14]. Effective subset
selection strategies, such as adaptive sampling and curriculum learning,
help mitigate variance and overfitting . CNPs are particularly well-suited
for tasks requiring fast adaptation, such as online learning and molecular

generation [26].

4.4 Reptile meta-learning

Reptile [21] is a simple yet effective first-order meta-learning algorithm
designed for rapid adaptation to new tasks using limited data. Unlike
Model-Agnostic Meta-Learning (MAML) [7], which optimizes an initial-
ization for sensitivity to few gradient steps and often requires computing
second-order gradients, Reptile works by repeatedly sampling a task, train-
ing on it for multiple steps using a standard optimizer, and then moving

the initial model parameters towards the adapted parameters found for
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that task. This process implicitly finds a parameter initialization that is,
on average, close to the optimal parameters for various tasks within the
distribution, facilitating fast adaptation.
Given a task distribution P(7), each task 7., ~ P(T) consists of a
support set:
DRt — {(ai )}

and potentially a query set for evaluation (though not directly used in the

Reptile update rule):

uer Nq
D = {(zj,95)} ;21

For each task 7, the model parameters 6 are updated for k steps using
the support set D5'PPOrt with a standard optimizer (like SGD or Adam)
and an inner-loop learning rate o. Let Uf (0) denote the parameters
obtained after performing %k optimization steps on task 7, starting from
0. The task-adapted parameters are thus 6, = U% (0).

The meta-update rule for Reptile involves moving the initial parameters
0 towards the task-adapted parameters 6,,. Averaged over a batch of M
tasks, the update is:

M

1 /
9<—9+6M;(9m—9),

where ¢ is the outer-loop (meta) step size. This update can be interpreted
as performing SGD on the objective Erp(7)[3]|0 — UL(0)||?].

Reptile’s simplicity and effectiveness make it suitable for molecular
generation, where adapting to new molecular property distributions or
chemical spaces is crucial. Integrating Reptile into CNPs aims to enhance

generalization with minimal fine-tuning, as outlined in Algorithm 1.

5 Theoretical analysis

In this section, we provide a theoretical analysis of the proposed Meta-

MolGen model, focusing on its convergence properties and generalization
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Algorithm 1 MetaMolGen Parameter Optimization via Reptile

Require: Task distribution P(T), iteration number T, task batch size M
Require: Inner steps k, inner learning rate «, outer step size ¢
Require: Initial parameters 6(°)
Ensure: Final meta-learned parameters 6*
1: Initialize 6 < 0(*)
2: fort=1toT do
3: Sample tasks {7, }M_, ~ P(T)
Initialize Af <0
for each 7, do
Sample support set DSPPort
0,, <0
for :=1to k do
L, + L(Dsuprort. g
10: Oy < 0y — VoL,
11: A — AO+ (0, — 0)
12: 0—0+e- - AO/M

13: return 0

guarantees. We establish conditions under which the training loss de-
creases and derive a comprehensive error bound to quantify performance.

This section integrates all formal proofs for completeness.

5.1 Assumptions and preliminaries

We first introduce the fundamental assumptions and key lemmas that un-

derlie our theoretical analysis.

Assumption 1 (Lipschitz Smoothness [22]). Let the task loss Ly (0) and
the meta-learning objective L£(0) be differentiable functions with L-Lips-

chitz continuous gradients. Then, for all 61,0, € RY,

|V Lr(61) = VLr(62)|| < L|[6h — 0],
[VL(6,) — VL(EO:)|| < L||6; — 6]

Assumption 2. Let L1 (0) denote the task loss function and the expected
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loss Bp(ry[L1(0)] is p-strongly convex. Then, for all § € R?,
L(6) = Lr(6") + 5116 — 6"

where 0* is the unique minimizer.

We also introduce two key lemmas that serve as foundational tools for

our proofs.

Lemma 1 (Descent Lemma [2]). If L1 (0) is L-smooth, then for any learn-

ing rate a > 0, the loss after a gradient update satisfies:
/ »  La? 2
Lr(0") < Ly(0) — o|VLr(0)]|* + THVLT(@)H .

Lemma 2 (Stability of Task Encoder [4]). Assume the task encoder riqsk
in MetaMolGen is Lipschitz smooth with constant L,, i.e., for any two
datasets D1 and Do:

||Ttask(D1) - rtask(DQ)H S LT”-Dl - D2||

5.2 Convergence analysis

To analyze the convergence behavior of MetaMolGen, we establish key
results on training stability and the benefits of normalization. Theorem 1
proves descent with an appropriate learning rate, while Theorem 2 and
Theorem 3 demonstrate that normalization reduces gradient variance and
improves loss surface conditioning, thereby supporting faster and more

robust convergence.

Theorem 1. Let L (6) be an L-smooth loss function. If the learning rate
o satisfies 0 < o < 2, then the sequence of losses {Lr(0x)} is monotoni-

cally decreasing, where
Or+1 = O — VoL (0k).

Proof. Since Lp(6) is assumed to be L-smooth, the Descent Lemma 1



332

applies:
o Lo’ 2
Lr(Ok+1) < Lr(0k) — &V Ly (00)]" + —— IV LT (6x)| (9)
L 2
< L2 - (a = 55~ ) VL6V (10)

To ensure descent at each iteration, the term multiplying the squared

gradient norm must be non-negative:

a(lL;‘)zo = a<

Thus, the loss is non-increasing under the given condition, which completes

. (11)

SIS

the proof. [}
Theorem 2. Let X € R? be the input molecular descriptors, X' = )5;5

denote their normalized version. Let 0 and 6’ be model parameters obtained

by training on X and X' respectively. Then,
Var(VyLr(0')) < Var(VyLz(6)).

Proof. The gradient variance is defined as Var(VyLr) = E[||VoLr|?] —
|E[VoLr]||?. Assuming Ly is twice differentiable, the expected squared
norm of the gradient can be approximated by the trace of the product of
the Hessian and the input covariance matrix. If the Hessian has eigenvalues

A; and the input variance per feature is 0'32», then:

d
E[|VoLr|*] = Y Ajo;. (12)

Jj=1

After normalization, the feature variances are scaled towards unity (sz- ~

1). If the original variances 0]2 were significantly larger than 1, normaliza-

tion reduces this sum, and consequently, the gradient variance. |

Theorem 3. Let L1 (0) be twice differentiable, with Hessian H = V3 Ly (6)
and condition number K(H) = Amax(H)/Amin(H). Consider normalized
inputs X' = (X — 1)/(6 +€), and let L-(0) be the corresponding loss with



333
Hessian H' = V2L5(0). Then, k(H") < k(H), and the iteration complez-
ity of first-order optimization improves from O(r(H)log 1) to O(log 1).

Proof. Let © € R? denote the input features and define the empirical
loss as Lp(0) = L 370 €(fo(z?),y), where fy is a differentiable model
and £ is a convex, twice-differentiable loss function. The Hessian is H =
V3Lr(0) = L 0, V3(fo(a®),y ).

If the input second-moment matrix ¥, = E[zx "] is ill-conditioned, this
anisotropy propagates through the model’s Jacobian Jy(z) := Vg fo(z) to
the Hessian, leading to x(H) > 1. Feature normalization transforms in-
puts such that the new covariance matrix E[2’z'T] approaches the iden-
tity matrix. This makes the expected Jacobian structure more uniform,
leading to a better-conditioned Hessian where x(H') ~ 1. The iteration
complexity of gradient descent for minimizing a strongly convex function
with condition number x is T = O(klog 1). After normalization, this im-
proves from O(k(H)log ) to O(k(H')log 1) ~ O(log!), completing the
proof. |

5.3 Generalization and error analysis

For generalization analysis, we present several critical results. Theorem 4
shows that normalization reduces meta-generalization error. Theorem 5
and Theorem 6 address properties of the stochastic optimization process.
Finally, Theorem 7 provides a unified bound decomposing the expected

loss into its primary components.

Theorem 4. Let X € R? be molecular descriptors, Emeta, raws Emeta, std
be the meta-generalization errors under training on X and its normalized
form X' = (X — )/(6 + ¢€), respectively. Then,

E[gmeta, std] < E[gmeta, raw]-

Proof. According to PAC-Bayes generalization theory [20], for a learned

posterior distribution @ over hypotheses and a prior P, the expected gen-
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eralization error is bounded by:

D P) +1log(1/d
E[Emcta] — [Etraln +O ( = Q” ?\[ g( / )> ) (13)
where N is the number of meta-training tasks. If @) is modeled as a Gaus-
sian centered at the empirical minimizer, the KL divergence Dk1,(Q|P)
scales with the empirical parameter variance, which is related to the vari-

ance of the loss across tasks, o2.

Since the loss function is Lipschitz-
continuous with respect to its inputs, reducing feature variance via nor-
malization also reduces the variance of the loss across different tasks,
ie., 02, < 02. A smaller loss variance leads to a smaller KL diver-
gence, which in turn tightens the generalization bound. Consequently,

E[gmcta, std] < ]E[gmcta, raw]~ |

Theorem 5. Let Dr = {(z, zi, yl)} | be the dataset for task T. Let B C

Dr be a mini-batch sampled umformly. The stochastic gradient estimator
VestLr(0) = ﬁ Z(m,zi,yi)el@ VoLl(fo(xi,2:),y:) is unbiased:

E[VestLr(0)] = VoL ().

Proof. Let the per-sample gradient be g;(0) := VoL (fo(x4,2:),y:;). The
full-batch gradient is VoL () = %T Z]\LTI 9i(0). By linearity of expecta-
tion,

1
EB [vestLT( B Z gz = ? Z ]E’L [91<0)] (14)
B - 8] 2
Since each sample is drawn uniformly, the expectation of any single term

is the average over all possible per-sample gradients:

1 X

Eilg:(0)] = Ny > 9k(0) = VoLr(0). (15)

k=1
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Substituting this back, we get:

E3[Vest L7 (0 =15 Z VoLr(0) = VoLrp(6). (16)
i€B

Thus, the stochastic gradient estimator is an unbiased estimator of the

true gradient. |

Theorem 6. Let L1 (0) be an L-smooth and p-strongly convezx loss func-
tion, and the stochastic gradient estimator be unbiased with bounded vari-
ance B[||VestLr(0x) — VL7 (08)||?] < 02. Let 0y be the parameters after
k iterations of SGD with a learning rate ay, and 0* be the minimizer of
Ly(0). Then for a constant step size o < 1/L, the expected suboptimality

satisfies:
2

* " ao
E[||6y — 07]%) < (1 — pe)* |10 — 6*[1* + e

This implies that the algorithm converges to a neighborhood of the opti-
mum, and for non-convex objectives, the expected squared gradient norm

diminishes as %z;:ol E[|VLr(0:)]?] = O(1/k).

Proof. We analyze the distance to the optimum at step k + 1:

641 — %12 = (|6 — Vst Lz (8x) — 672
= 16k — 0%11> = 201 {6k — 0", Vest L7 (0k)) + o[ Vest L (01)*. (17)

Taking the expectation conditioned on 8; (denoted by E), and using the
unbiasedness of the stochastic gradient (Ex[Vest L1 (0k)] = VL7 (01)):

Er (101 — 0711 =110k — 07||* — 200 (6 — 67, VL1 (6)))
+ OB [[| Vest Lz (01)1%]- (18)

Using the bias-variance decomposition, Ey[||Vest||?] = [|[V]|? + Vary(Vest)-

With the bounded variance assumption, this becomes
Er[|Vestl|?] < VL (0k)|* + 0 (19)

. For a p-strongly convex function, we have the property (VL (0y), 0, —
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0%) > p||0r — 6*||*. Substituting these into Eq. (18):

B l[16ks1 — 0°11%] < 10 — 0°11% — 24105 — 672

2 2 2 (20)
+od(IVLr (8 * + o).

Assuming L-smoothness implies ||V Ly (0x)||* < 2L(Lr(6x) — L7 (6%)),
which is still complex. A more direct approach for strongly convex func-
tions is to use the property |V Lr(0)||?> < L?||0x — 0*||>. For a constant
step size a < 1/L, and taking the full expectation:

Efl0x+1 = 07]*] < (1 = 2ap + o L*)E[]|6), — 07[*] + o0, (21)

With a small enough constant «, the term (1—2au+a?L?) can be bounded
by (1—au). Unrolling the recurrence relation over k steps yields the stated
bound, showing linear convergence to a noise ball of radius O(ac?/pu).

For the general non-convex but L-smooth case, we return to the Descent
Lemma. From the proof of Theorem 1, we had:

E[L7(0r+1)] < E[L7(0k)]

La? (22)

—a (1= 5 EnvIa@o + 5ot

Rearranging and setting o = 1/L:

SEVLr(0)|°] < E[L7(04)] — E[L7(0r+1)] + LTQQUQ- (23)

Summing from k& = 0 to K — 1 (telescoping sum):

K—

,_.

o KLa?2
5 E[IVLr(0k)]?] < Lr(60) — E[L7(0x)] + 5 o’
k=0
KLa?
< Lp(0y) — Lp(07) + ——2 o2, (24)

2
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Dividing by K and «/2, we get the average squared gradient norm:

K—-1

E[|V Lz (6x)]*] < (LT(GO)K_QLT(O ) + Lao?

=0 (25)
(k)

This guarantees that SGD finds a point with a small gradient on average,

==

which is the standard convergence result for non-convex optimization. M

Theorem 7. Let 0, be the model parameters after k updates, and 0* be
the optimal parameters minimizing the true expected loss over the data

distribution. The total expected error satisfies:

By [ L ()] — Lr(07) < o(%) +o< DKLEVQW))
——

Optimization Error Generalization Error

+ O <L> + O Eapprox
\/E ( PP )
N——

Approzimation Error
Gradient Noise

Proof. The total expected loss gap £(0r) = Erpry[Lr(0k)] — Lr(6%),
can be analyzed by decomposing it into several constituent error terms.
We introduce two intermediate quantities: 6% = arginfge r Er[Lr(6)], the
best parameters within our model class F, and §* = argminge » ﬁT(G),
the empirical risk minimizer on the finite training set. The decomposition
is as follows:

£(0x) = (E[Lr(04)] - E[Lr(6")])

i (26)
+ (B[Lr(6)] — E[Lr(65)]) + (E[Lz(05)] - L(6")).

The first term represents the optimization error, which measures how close
our algorithm’s output 6, is to the empirical minimizer 0*. As established
in Theorem 6, the convergence of stochastic gradient methods ensures this
error diminishes with the number of iterations k, typically bounded by
O(L/k) for L-smooth objectives. This term also implicitly contains the
gradient noise from mini-batching, where the standard deviation of the

parameter error scales as O(c/v/B) with batch size B.



338

The second term is the generalization error, quantifying the discrepancy
between the empirical and true risk due to a finite sample of N tasks. We
bound this using the PAC-Bayes framework [20]. For a learned posterior
() and a prior P, the generalization gap is bounded with high probability
by O(v/(Dx1(Q||P) + log(N/5))/N), where Dxr,(Q|| P) reflects the model

complexity.

The final term, €upprox = E[L7(0%)] — Lr(6*), is the approximation
error. This is the irreducible error inherent to the chosen model class F,
representing the gap between the best function in our hypothesis space
and the true optimal function. This error is independent of the training
process and can only be reduced by employing a more expressive model
architecture.

Combining these distinct sources of error, we arrive at the unified
bound. Each component highlights a different facet of the meta-learning
challenge and points to specific avenues for improvement: increasing the
number of training iterations (k), the number of meta-training tasks (N),
the mini-batch size (B), or the expressive power of the model family
(F). ]

6 Experimental setup

This section details the datasets, baseline models, model configuration,
and evaluation metrics used to validate MetaMolGen. All experiments are
designed to assess molecular generation capabilities in low-data, few-shot

scenarios.

6.1 Datasets and task construction

Our model is meta-trained on a large, diverse dataset and evaluated on
tasks constructed from several standard benchmarks to assess generaliza-
tion.

Meta-Training Source. We use a filtered subset of 100,000 molecules
from ChEMBL [9] (molecular weight < 500 Da, QED > 0.5) as the source

for meta-training tasks.
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Few-Shot Tasks. For Table 1. Benchmark dataset statistics after prepro-

evaluation, we construct cessimng.
few-shot tasks from three Avg. SMILES Unique
benchmarks. QM9 [27] Dataset # Mol. Length Scaffolds
is a dataset of approxi- ChEMBL 100,000 27.4 15,320
mately 134,000 small or- QM9 30,000 18.6 3,802

. ZINC 50,000 24.1 7,632
ganic molecules; we use a

MOSES 60,000 25.3 9,105

subset of 30,000 molecules
to create tasks focused on quantum chemical properties. ZINC [13] is a
database of commercially available compounds; we use a subset of 50,000
molecules and cluster molecules by Morgan fingerprints to create struc-
turally diverse tasks that test generalization to new scaffolds. MOSES [25]
is a standardized benchmarking platform; we use its 60,000-molecule set
to evaluate performance on standard metrics such as validity and novelty.
For all datasets, molecules are preprocessed using RDKit for sanitization
and canonicalization. A summary of the processed datasets is provided in
Table 1.

6.2 Baselines and comparison protocol

MetaMolGen is benchmarked against a diverse set of representative molec-

ular generation models covering different architectural paradigms.

e MolGAN [6]: A graph-based model combining a Generative Adversar-
ial Network (GAN) with Reinforcement Learning (RL).

e GraphVAE [17]: A variational autoencoder operating directly on mole-

cular graphs using graph convolutional networks.

e CharRNN [31]: A character-level Recurrent Neural Network (GRU-
based) that autoregressively generates SMILES strings.

o TransformerVAE [19]: A SMILES-based variational autoencoder em-

ploying a Transformer architecture with masked attention.

Fair Comparison Protocol: To ensure a fair comparison, all baselines

were adapted to our few-shot protocol. They were first pre-trained on the
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same ChEMBL dataset and then fine-tuned on the task-specific support
sets using their respective optimization strategies (e.g., reconstruction loss,
adversarial training). All models were exposed to the same number of

training episodes and molecules.

6.3 MetaMolGen configuration

Our model generates molecular sequences under the few-shot settings out-
lined in Algorithm 2. It comprises a feature normalization layer, a context
encoder, a task encoder, and a SMILES decoder.

Algorithm 2 MetaMolGen Forward Molecular Generation Process

Require: Context features X € REXNXd input SMILES S;, € NBxL,
model parameters 6

Ensure: Predicted token logits P € REXLXV

X—p

o+e€

Encode context points: H + ContextEncoder(X)

Aggregate context: r < mean(H,dim = 1)

Refine task representation: ry,sx < TaskEncoder(r)

Generate SMILES logits: P <— SMILESDecoder(Sipn, 7task) return P

1: Normalize features: X «

6.3.1 Architecture design

The context encoder is a three-layer MLP (hidden and latent dimensions:
256 and 128) with GELU activations. The task representation is fed into
a two-layer LSTM decoder (hidden/embedding dimension: 128) with layer
normalization and dropout (0.2) to autoregressively generate SMILES se-

quences.

6.3.2 Meta-training and optimization

The model is meta-trained using the Reptile algorithm [21]. We use the
Adam optimizer (meta-learning rate: 0.001, weight decay: 0.01) and train
for 150 epochs. Each meta-update averages gradients from 10 tasks, with
each task containing 16 molecules. As motivated by our theoretical analy-

sis, input features are standardized to zero mean and unit variance within
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each batch (Theorem 3), and we use a mini-batch size of 64 to reduce
gradient estimation noise, whose effect on error scales as O(o/v/B) (The-

orem 7).

6.4 FEvaluation measures

To provide a holistic assessment, we define an QOuverall Score as the un-
weighted average of seven normalized metrics: (1) Validity, (2) Uniqueness,
(3) Time efficiency, (4) Diversity, (5) Druglikeness (QED), (6) Synthesiz-
ability (SA Score), and (7) Solubility (logP).

Each metric is scaled to a [0, 1] range based on the minimum (™)
and maximum (z™2*) values observed across all models. For metrics where
higher is better, we use Normalized = (z—x™?) /(™8 —z™in) For metrics
where lower is better (Time), we use the inverted form Normalized =
(xmax — ) /(2™ — ™) The final Overall Score is the mean of these

normalized values:

7
1
Overall Score = - ; Normalized; (27)

6.5 Ablation study

To assess the impact of the standardization layer, we compare MetaMol-
Gen’s performance on molecular generation across dataset sizes (1,000 to
60,000 molecules) with and without feature normalization. Results show
that removing the standardization layer reduces validity, novelty, and di-
versity while increasing errors in property optimization, especially in low-
data settings. This highlights its role in stabilizing feature distributions,
improving generalization, and enhancing robustness in few-shot molecular
generation.

For details on datasets, baselines, and hyperparameter configurations,
please refer to https://github.com/yzz980314/MetaMolGen.
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7 Experimental results and analysis

We present a comprehensive evaluation of MetaMolGen across multiple
perspectives, including performance comparison with mainstream base-
lines, adaptability under low-resource settings, property-controllable mole-
cule generation, and the impact of model design choices on training stabil-
ity and robustness. Results consistently show that MetaMolGen not only
outperforms baselines in key generation metrics but also exhibits stronger
generalization and faster adaptation to new molecular design tasks.
Table 2 presents a detailed comparison of MetaMolGen against four
baseline models (ORGAN [11], MolGAN [6], RNN [31], and MolGPT [1])
using a fixed training dataset of 5,000 molecules. The metrics include
generation validity, uniqueness, diversity, drug-likeness, synthesizability,
solubility, and overall performance. These results complement the main
findings and are visualized in Figure 3.
Table 2. Comparison of molecular generation performance

across models. Gray cells indicate metrics where Meta-
MolGen outperforms all baselines.

Objective Algorithm Valid () _Unique (%) Time (h) _ Diversity __ Druglikeness _Synthesizability __Solubil Overall Score
All/Alternated ORGAN 96.1 97.2 10.2 0.92 0.52 0.71 0.53 0.4183
All/Simultancously  MolGAN 24 212 0.91 0.47 0.84 0.65 05419
lta v MolGAN (QM9) 23 5.83 0.93 0.51 0.82 0.69 0.5356
RNN 99.1840.52 102 0.8774s000m0  0.5716:00213  0.8259+0.0122  0.7392+0.0366 0.5690
MolGPT 1000 1.50 0.8637 05162 0.8213 0.6440 0.4836

All/Simultaneously ~ MetaMolGen 75.40£5.87  99.92+0.08 0.05 0.8367+0.0043  0.816520.0060 0.8540:£0.0061 0.8891+0.0147 0.7085

7.1 Comparison with baseline models

MetaMolGen achieves the highest overall performance across models. Wh-
ile its validity is slightly lower than that of ORGAN and MolGAN, it excels
in uniqueness, drug-likeness, synthesizability, solubility, and overall score.
These results indicate that MetaMolGen provides a better balance between
molecular property optimization, generation diversity, and efficiency. The
reported standard errors were calculated by performing 10 independent
generation runs with 500 molecules each, capturing the model’s robustness
and consistency across multiple runs.

The performance gain can be attributed to MetaMolGen’s meta-lear-
ning framework, which enables efficient adaptation across different molec-
ular tasks. Unlike ORGAN and MolGAN, which depend heavily on rein-



343

Validity (%) Uni (%)

100 96.10 97.40 98.00 97.20 99.18 100.00 99.92

80 75740 80

Score

®©
2

60 2 60
@

40 40

20 20

2.40 2.30

0

R hv\\o\"g\ o e ‘aw“’e“ s o w\"‘w R m“‘oe“
o e R RE
NG NG

Druglikeness Overall Score

2

N N o * A
¢ w‘f’w @ RN o™

e o @ e
o

N ORGAN W MolGAN (QM9) MolGPT
N MoIGAN N RNN B MetaMolGen

Figure 3. Comparison of key generation metrics across differ-
ent models, including validity, uniqueness, druglikeness,
and overall performance score.

forcement learning and suffer from limited structural exploration, Meta-
MolGen leverages task-level representations that promote diversity with-
out compromising validity. Additionally, the use of a property projector
allows direct control over molecular properties during generation, mini-
mizing reliance on post-hoc filtering. This mechanism contributes to the
model’s superior drug-likeness and diversity metrics, despite slightly lower

validity.

7.2 Performance under few-shot settings

To assess the model’s performance in low-resource regimes, we compare
MetaMolGen, RNN, and MolGPT under training set sizes ranging from
1,000 to 10,000 samples. MolGAN is excluded due to poor uniqueness in
preliminary experiments.

As shown in Figure 4, MetaMolGen consistently outperforms both
baselines across all training set sizes, particularly under extremely low-

data conditions. It maintains high validity and stability, alongside strong
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Figure 4. Few-shot performance comparison of MetaMol-
Gen, RNN, and MolGPT across training set sizes
(1k—10k) on six key metrics: validity, diversity, drug-
likeness, synthesizability, solubility, and overall score.

performance in drug-likeness, synthesizability, and solubility, showcasing
its robustness across various evaluation metrics.

In contrast, RNN experiences significant fluctuations in performance
as the data size changes, while MolGPT, although competitive in unique-
ness and diversity, suffers from low validity and weaker overall generation
quality.

MetaMolGen’s stability under few-shot conditions arises from its meta-
learning algorithm, which optimizes for fast adaptation by learning a trans-
ferable initialization across tasks. This design enables the model to con-
verge quickly on new tasks even with limited data. The feature standard-
ization module also contributes to stabilizing gradients and preventing
dominance of certain features, further enhancing robustness in low-data
regimes. Detailed metric breakdowns across all training sizes are provided
in Figure 4 and Table 3.

7.3 Conditional property control

We evaluate MetaMolGen’s ability to generate molecules with controlled

chemical properties using conditional prompts derived from four represen-
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Table 3. Comparison of model performance across training sizes and
metrics. Gray cells indicate the best value per column (i.e.,
per training size). All values represent mean =+ standard error
across 10 independent runs.

Metric Model | 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
RNN 34804412 44.20+3.80 31804431 48.6043.05  48.40+420  49.00+4.02  58.40+3.76  61.40+414  AT.80+448  58.60+3.02
Valid (%) MolGPT 1.60+0.87 6.00+1.45 8.00+1.89 16.2042.56  25.2043.17  20.8042.94 2.80+1.12 20.60+3.08 10.2042.33  11.80+2.41
MetaMolGen | 43.60+5.22  60.20£5.47  66.00+5.53  67.80+5.68  75.40£5.87  78.20+5.24  80.80+5.31 82.80+4.95  82.40+5.16  83.60+4.78
RNN 0.862+0.008  0.871+0.007  0.867+0.008 0.854+0.006 0.877+£0.007 0.872£0.006 0.868+0.007 0.885£0.008 0.859+0.009 0.868+0.007
Diversity MolGPT 0.891+0012 0.848+0.015 0.882+0.014 0.885+£0.013 0.863+0.016 0.865+0.014 0.876£0.015 0.875+0.011 0.891+0.012 0.874+0.010
MetaMolGen | 0.829+0.004 ~ 0.837+0.004  0.837+0.005 0.837+0.004 0.837+0.004 0.839£0.005 0.837£0.004 0.840£0.005 0.838+0.001 0.8420.005
RNN 0.528+0.023  0.529+0.021  0.596+0.024  0.53440.022  0.572+£0.021  0.523£0.019  0.501£0.020 0.614+0.025  0.565+0.023  0.543£0.021
Druglikeness ~ MolGPT 0.513+0.038  0.439+0.042  0.598+0.035  0.618+0.031  0.516+0.034 0.62120.033  0.648+0.042  0.596+0.038 0.510+0.035 0.595:0.032
MetaMolGen | 0.813+0.007  0.813+0.006  0.822+0.005 0.8204+0.006 0.816+0.006 0.816+0.005 0.81940.006 0.817+0.005 0.818+0.006 0.809+0.006
RNN 0.526+0.018  0.51140.017  0.601+0.021  0.535+0.019  0.569+0.020 0.506+0.017  0.488+0.018  0.584+0.021  0.540+0.020  0.521+0.019
Overall Score  MolGPT 0.454£0.028  0.364+0.031  0.505£0.027  0.55640.025 0.484+0.026  0.564=0.027  0.526£0.029 0.553£0.024  0.408+0.028 0.511£0.025
MetaMolGen | 0.686+0.012  0.686+0.011  0.697+0.010  0.695+0.011  0.708+0.010 0.710£0.009 0.730+0.011  0.745+0.010 0.741+0.010  0.740+0.009

tative compounds: Aspirin, Tamiflu, Amoxicillin,

and Chloroquine. These

compounds span multiple therapeutic domains and provide diverse targets

for property conditioned generation.

To support conditional gen-

eration, MetaMolGen inte- o e

grates a lightweight property 2“ = =5

projector into its latent space. i

This allows direct control over .. ]&éﬂ(\

attributes such as logP, TPSA, S o R

SAS, and QED in an end- o o o

to-end manner. As shown se o

in Figure 5, the model suc- ‘

cessfully aligns the distribu- / NI ) M ]
oo

tions of generated molecules
with the target values. Strong
alignment is observed for QED
and SAS, while TPSA remains

Figure 5. Property distributions under differ-
ent target constraints: (a) logP, (b)
TPSA, (c) SAS, and (d) QED.

more challenging to constrain due to its broader natural variability.

To further evaluate conditional generation performance, we compare

MetaMolGen with MolGPT under four property targets. As summarized
in Table 4, MetaMolGen consistently achieves high validity (>94.9%),
uniqueness (>99.3%), and novelty across all conditions, while generating

more realistic and chemically diverse molecules. Although its MAD and SD

values are higher—particularly for TPSA and QED—this reflects an inten-

tional trade-off that enhances structural variety and supports exploratory
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drug design. Representative conditional outputs achieving property simi-

larity of 1.0 are shown in Figure 6.

Target Average Generated Structures With HUO@C ON@
Structure Similarity High Property Similarity SWUFUC@
Aspirin Property Similarity: 1.0 Property Similarity: 1.0 Property Similarity: 1.0

CC(=0)0clcecee1C(=0)0 =

Tamiflu Property Similarity: 1.0 Property Similarity: 1.0 Property Similarity: 1.0
M ¢
4 0.98 L B ¢ Y ¢

CCOC(=0)CIC(CECNDCIOCIONG Celeceq c: c
6%

Amoxicillin Property Similarity: 1.0 Property Similarity: 1.0 Property Similarity: 1.0

‘%{ﬁ 1.00 m * x% e X; :
CO1GISCONIC(=0)C(C2=COmC0mG
00

Chloroquine Property Similarity: 1.0 Property Similarity: 1.0 Property Similarity: 1.0

CON(CO)CCCCCNE1=CC=NC2=CC=
cc=c1z COclce(C(=0)Ne2ece(Fice2)ecelCl

Figure 6. Representative molecules generated by the Meta-
MolGen model using the condition vectors of As-
pirin, Tamiflu, Amoxicillin, Chloroquine. Molecules
exhibit high property alignment.

Table 4. Performance comparison under different property
constraints (metrics adapted from Table 4 in [1]).

Condition Model Val. Uni. Nov. MAD SD
LogP MolGPT 0.971 0.998 1.000 0.23 0.31
MetaMolGen 0.949 0.993 0.997 1.54 0.89
TPSA MolGPT 0.972 0.996 1.000 3.52 4.66
MetaMolGen 0.949 0.993 0.997 123.40 31.20
SAS MolGPT 0.977 0.995 1.000 0.13 0.20
MetaMolGen 0.949 0.993 0.997 0.57 0.61
QED MolGPT 0.975 0.998 1.000 0.056 0.075
MetaMolGen 0.949 0.993 0.997 1.00 0.93

7.4 Impact of feature standardization

Feature standardization plays a crucial role in MetaMolGen’s stability and

generalization, especially under few-shot conditions. As illustrated in Fig-
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ure 8, removing this module results in significant declines in key metrics
such as validity, novelty, and conditional generation success rate (CGSR),
with the most pronounced performance gaps observed when training data
is scarce.

To mitigate issues like gradient instability and feature imbalance, Meta-
MolGen employs a learnable statistics-based standardization layer to nor-
malize molecular descriptors. This approach enhances training conver-
gence and improves property alignment. Compared to baseline models
lacking such mechanisms, MetaMolGen consistently demonstrates supe-
rior generation quality and efficiency (Table 5).

The necessity of fea-

Training and Validation Loss Training and Validation Loss Curve without

ture standardization is
further underscored by

the observed performance

drop when it is removed.

Without normalization, _ ) T
(a) Without standardiza- (b) With standardization

the model becomes more tion

sensitive to variations in Figure 7. Training loss trajectories with and without

feature scale and less ef- feature standardization.

fective in aligning outputs with target properties, particularly in low-data

scenarios.

Figure 7 provides a comparison of training loss trajectories with and
without feature standardization. The inclusion of feature standardiza-
tion leads to smoother convergence and reduced variance during meta-
adaptation, highlighting its critical role in enhancing model robustness
and performance.

Table 5. Ablation study: Evaluation of validity, novelty, di-
versity, and CGSR with and without standardiza-

tion. Gray cells indicate better performance. Values rep-
resent mean =+ standard error from multiple runs.

. . Validity (%) Novelty (%) Diversity CGSR (NHA) (%) | CGSR (NHD) (%)
Training Data Size } Without With } Without With } Without With } Without With } Without With
60,000 92.80£007 | 80255115  92.801.02 | 0.8500£0.0016 0.8485£0.0012 | T4.1241.25 71.86+092 | 93422057  95.670.64
30,000 88205113 | 76205126  88.2040.93 | 0.8492+0.0018  0.8151£00015 | 80.0741.16  74.78+131 | 94.26£095 94.03£0.91
10,000 83.80£132 83.60£115 83.80£122 83.60+1.05 | 0.846240.0021 0.8426£0.0018 | 81.2641.08 79714122 | 95.55£0.81  95.1340.77
6,000 73.80£155  78.204124 | 73.8041.35 | 78204114 | 0.8476£0.0012  0.853240.0010 | 72162115 75.26£107 | 93.24:0.96  92.6541.04
3,000 S 66.00£1.33 | 62.20£138  66.00+123 | 0.843440.0014  0.8503£0.0012 | 82324112 SLASELIs | 92.93+102 91582098
1,000 36.80£162  43.60£L48 | 36.80+1.52  43.60£138 | 0.8332+0.0018  0.8476+0.0015 | 80.98+125  8213+119 | 91854105  94.67£091
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Validity (%)

(a) Effect of the standardization layer across (b) Impact of the standardization layer on
evaluation metrics. validity.

Figure 8. Ablation study on the effect of the standardization
layer across training sizes.

8 Conclusions and limitations

8.1 Technical discussions

This work proposes MetaMolGen, a meta-learning-based framework de-
signed to address few-shot molecular generation and multi-objective op-
timization under data scarcity. Leveraging the first-order meta-learning
algorithm Reptile, MetaMolGen efficiently adapts to new molecular tasks
with limited supervision, improving generalization while maintaining both
structural validity and alignment with target properties.

Experimental evaluations on ChEMBL, QM9, ZINC, and MOSES de-
monstrate the model’s strong performance in low-data regimes. With only
1,000-10,000 training samples, MetaMolGen consistently achieves high va-
lidity, novelty, and diversity, and exceeds 95% conditional generation suc-
cess rate (CGSR) under hydrogen bond donor/acceptor (HBD/HBA) con-
straints, outperforming conventional baselines.

Beyond generative performance, MetaMolGen also enhances molecu-
lar screening efficiency by reducing computational overhead through its
controllable generation mechanism. This is enabled by a learnable prop-
erty projector that integrates target attributes (e.g., LogP, TPSA, QED,
SAS) into the latent space, allowing the model to generate property-aligned

molecules directly, without reliance on post-hoc filtering.
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8.2 [Existing limitations

While MetaMolGen demonstrates strong adaptability and generalization,
several limitations remain. First, task-specific adaptation in latent space
is still coarse-grained, potentially limiting fine-grained property tuning in
complex design scenarios. Second, the chemical viability of some gener-
ated molecules has not yet been fully validated under real-world synthesis
constraints. Finally, while conditional control via latent projection is effec-
tive, it may require retraining when generalizing to entirely new property

domains.

8.3 Future extensions

Future work will focus on several key directions. First, we aim to explore
advanced meta-learning algorithms for fine-grained control over molecular
attributes, including gradient-based and metric-based adaptation hybrids.
Second, we plan to integrate active learning strategies to further reduce
data requirements and improve sample efficiency. Finally, we envision
extending the MetaMolGen framework to broader tasks such as reaction
pathway prediction, multi-step synthesis planning, and macromolecular

design involving proteins and peptides.

Acknowledgment: This work was supported by the National Natural Sci-
ence Foundation of China [61773020] and the Graduate Innovation Project
of National University of Defense Technology [XJQY2024065]. The au-
thors would like to express their sincere gratitude to all the referees for
their careful reading and insightful suggestions.

Data and Software Availability

The source code for the MetaMolGen model developed in this study is pub-
licly available on at https://github.com/yzz980314/MetaMolGen. The
datasets used for evaluation are all publicly available. The ChEMBL
database can be accessed from https://www.ebi.ac.uk/chembl/. The
QM9 dataset is available at http://quantum-machine.org/datasets/.
The ZINC database is available from https://zinc.docking.org/. The
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MOSES benchmark framework and its associated data splits can be found
at https://github.com/molecularai/moses.
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