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1. Introduction
Molecular property prediction accelerates chemi-

cal and materials discovery by enabling rapid, low-
cost screening of candidate molecules prior to ex-
pensive synthesis, characterization, or quantum-
chemical computations. While density functional
theory (DFT) can provide high-fidelity property la-
bels, its high computational cost makes it difficult to
scale to large chemical spaces [1,2]. Active learning
(AL) with graph neural networks (GNNs) has there-
fore become a practical approach to improve sample
efficiency under limited labeling budgets in molecu-
lar modeling [3,4].
However, recent evaluations indicate that the ad-

vantages of commonmolecular AL pipelines can di-
minish on out-of-distribution (OOD) samples [5]. In
such settings, predictions on OOD samples may be-
come inaccurate due to model’s sensitivity to distri-
bution shift between train and test sets, and AL can
perform comparably to random sampling [6,7].
Most existing molecular AL methods are model-

centric: at each round, they train a predictor on
the current labeled set and then they query new
molecules by greedily maximizing a one-step acqui-
sition score under the current model state [8]. These
approaches do not specify the ordering or distribu-
tion of intermediate training subsets, even though
learning order can influence deep models and the
training trajectory shapes representation learning
and calibration [9,10]. As a result, acquisition scores
can be biased by trajectory-induced artifacts, leading
to redundant queries and limited coverage of chemi-
cal space.
We address this gap with DALB (Distribution-

Aware Learning Bridge), a data-centric active learning
framework that controls the training trajectory at the
distribution level before applying standard model-
centric acquisition. DALB constructs a distribution-
aware curriculum by selecting trajectories that tra-
verse diverse latent-space modes. Importantly, DALB
is acquisition-agnostic and can be paired with a wide
range of acquisition strategies, enabling improved
predictive performance by selecting the best suited
strategy.

2. Method
2.1 Molecular representation and prediction model
We consider a SMILES-based molecular dataset

[14] where each molecule is associated with target
properties (𝑥𝑇𝐵S1 and 𝑥𝑇𝐵T1). Each SMILES string is

parsed into a molecular graph with atom and bond
features. We use a message passing neural network
(MPNN) [11] to perform atom-level message updates
followed by mean pooling to obtain a graph-level em-
bedding. In parallel, a pretrained variational autoen-
coder (VAE) [12] encoder produces a compact latent
descriptor for each molecule. We concatenate the
MPNN graph embedding with the VAE latent descrip-
tor and feed the combined representation into a re-
gression feed-forward network for feature prediction.

2.2 Data-level active learning: distribution-aware path
filtering

2.2.1 Paths as training curricula
We view the training process as following a cur-

riculum (path) that determines the order in which
samples are presented to the model. At training step
𝑡 , the model observes either: (i) a cumulative prefix
subset 𝑆𝜋𝑡 that contains all samples seen up to step 𝑡 ;
or (ii) the current mini-batch 𝐵𝜋

𝑡 . Our goal is to distin-
guish paths that remain overly similar to the global
distribution throughout training (Aligned) frompaths
that introduce controlled distributional variation (Ex-
ploratory).

2.2.2 Molecule-specific distribution difference calcula-
tion

To quantify distribution differences between a
training subset and the global set, Optimal Transport
(OT) [13] is a natural choice since it compares dis-
tributions via global geometry, but repeated OT on
high-dimensionalmolecular representations is costly.
We therefore project molecules into a compact latent
space using a pretrained VAE encoder, which reduces
dimensionality and stabilizes OT/Sinkhorn compu-
tations, enabling efficient subset-vs-global deviation
evaluation. More generally, this framework is not
limited to VAEs. Any pretrained encoder providing a
consistent latent space can be utilized.
We embed each sample into the latent space to

obtain latent vectors {𝑧𝑖 }𝑁𝑖=1. We denote the empirical
distribution of any subset (prefix or batch) as 𝜇𝑆 and
that of the full training set as 𝜇𝐺 .

2.2.3 Distributional deviation via debiased Sinkhorn dis-
tance

To measure howmuch a subset distribution devi-
ates from the global distribution, we use the debiased
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Fig. 1: overall pipeline for DALB framework

Sinkhorn divergence [15,16]:

𝑊debiased (𝜇𝑆 , 𝜇𝐺 ) = 2𝑊𝜀 (𝜇𝑆 , 𝜇𝐺 ) −𝑊𝜀 (𝜇𝑆 , 𝜇𝑆 )
−𝑊𝜀 (𝜇𝐺 , 𝜇𝐺 ).

(1)

We define single-step deviation in cumulative or
batchwise mode:
Cumulative mode:

𝐷𝜋
𝑡 =𝑊debiased (𝜇𝑆𝜋𝑡 , 𝜇𝐺 ). (2)

Batchwise mode:
𝐷𝜋
𝑡 =𝑊debiased (𝜇𝐵𝜋

𝑡
, 𝜇𝐺 ). (3)

2.2.4 Path deviation score and binary classification
We randomly sample a set of candidate paths and

compute 𝐷𝜋
𝑡 for each step 𝑡 . Across sampled paths,

we estimate the mean and standard deviation of devi-
ation at each step:

𝜇𝐷,𝑡 = E𝜋 [𝐷𝜋
𝑡 ], 𝜎𝐷,𝑡 = Std𝜋 [𝐷𝜋

𝑡 ] . (4)

We score each path by 𝑂𝜋 and label Exploratory if
𝑂𝜋 > 𝜏, otherwise Aligned:

𝑂𝜋 =

𝑇∑︁
𝑡=1

1
{
𝐷𝜋
𝑡 ∉ [𝜇𝐷,𝑡 − 2𝜎𝐷,𝑡 , 𝜇𝐷,𝑡 + 2𝜎𝐷,𝑡 ]

}
. (5)

Aligned paths:
𝑂𝜋 ≤ 𝜏 . (6)

Exploratory paths:
𝑂𝜋 > 𝜏 . (7)

Exploratory paths are prioritized for curricula.

2.3 Model-level active learning: strategy-agnostic acqui-
sition
Given an unlabeled pool, DALB queries samples

using aplug-in acquisition strategy selected frommul-
tiple options. In each round, we train the predictor on
the labeled set with exploratory curricula prioritized
by the data-level module, then score all unlabeled
candidates with the chosen strategy and label the top-
𝑘.
DALB can pair the strategy that best matches the

dataset characteristics and target task, improving
sample efficiency and boosting predictive perfor-
mance under a fixed labeling budget.

3. Motivation and Rationale for DALB
Most AL algorithms are greedy, optimizing a one-

step objective under the current model state [17]. Be-
cause these scores approximate local, immediate
gain, they can become overly sensitive to where the
model has recently trained. Early selection errors
can be self-reinforcing, producing cold-start behav-
ior where the learner remains stuck in an unrepre-
sentative region [18].
DALB addresses this failure mode by control-

ling the data exposure trajectory during training.
Aligned paths are typically optimization-stable but
exploration-poor: themodel repeatedly observes sub-
sets that track the global average, limiting exposure to
rare clusters, boundary regions, and long-tail modes.
In contrast, Exploratory paths inject controlled dis-
tributional variation—either at the batch level or at
the path level. This increases the diversity of latent
modes encountered during optimization, yielding
representations that are less tied to the in-distribution
“average case.” As a result, subsequent acquisition
decisions become less trajectory-biased and more re-
flective of global information, improving robustness
and OOD generalization under shift.

4. Expected Outcomes
We expect DALB to improve sample efficiency and

robustness under distribution shift. Concretely, (i)
our results already show that trajectory control alone
outperforms random ordering, confirming the ben-
efit of distribution-aware curricula: models trained
with exploratory paths achieve 10.7% and 26.8% lower
MAE under the batchwise and cumulative modes, re-
spectively. (ii) We expect that, when paired with com-
mon acquisition functions, DALB will yield lower er-
ror at the same labeling budget and stronger OOD
generalization than greedy baselines. (iii) We further
anticipate that DALB will alleviate common limita-
tions of standard active learning, including cold-start
behavior and reduced generalization under distribu-
tion shift. We will benchmark DALB across multiple
datasets to verify the stability of these gains.
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