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ABSTRACT

Deep learning models have shown themselves as a powerful solution for molecular
property prediction, yet they are underutilized in real-world applications. These
models, while powerful, lack chemical interpretability to link predicted proper-
ties to molecular motifs that govern them. Therefore, we introduce Chemically
Informed Language Transformer (CILT) that utilizes hundreds of programmati-
cally derived molecular motifs as a weak supervision prior. CILT leverages these
motifs together with property descriptions to generate a chemically interpretable
embedding space that clusters with respect to chemical motifs. This unified de-
sign enables CILT to quickly adapt to new motifs, properties, and perform clas-
sification, regression, and conditional generation. CILT showcases competitive
performance while increasing the interpretability and requiring a 2-3 orders of
magnitude fewer molecules.

1 INTRODUCTION

Chemists have long understood molecular behaviour through explicit linking of structural motifs
— functional groups and molecular substructures — with observable properties. Machine learning
models learn these relationships through data, often obscuring the underlying chemical relationships.
The trade-off between the interpretability of hand-crafted features and the flexibility of machine
learning remains unresolved.

Chemists represent these hand-crafted features as molecular fingerprints — vectors encoding the
presence or count of functional groups, aromatic rings, and polar surface area. When crafted cor-
rectly, these fingerprints achieve high interpretability, sample efficiency, and outperform deep learn-
ing models (Praski et al., 2025} Boldini et al., 2024} [Dekker et al.| 2023)). However, they are static;
domain scientists maintain dozens of specialized fingerprints, each optimized for a specific property,
making them inflexible and slow to adapt to new tasks. By design, they impose a hard inductive bias
on the model and limit expressivity.

Deep learning methods learn molecular representations with little to no inductive bias, offering a
layer of flexibility, unatainable to fingerprints. However, this comes at a cost of interpretability,
making it hard to link underlying molecular motifs to predicted properties. This limits the applica-
bility of deep learning models in real-world applications, where understanding the reasoning behind
the prediction is as crucial as the prediction itself (Jiménez-Luna et al., 2020).

Here, we tackle this interpretability-flexibility trade-off by introducing a task-conditioned, motif-
based, pre-training, creating an adaptive and interpretable molecular representation model. Our
Chemically Informed Language Transformer (CILT) is pre-trained in a weakly supervised fashion
on 300+ chemical motifs, programmatically derived from chemically important substructures and
functional groups. These motifs are combined with natural text descriptors, enabling CILT to derive
task-dependent embeddings. Furthermore, this design enables CILT to generate new molecules,
predict properties, and adapt to any number of classification and regression tasks without changing
the model’s architecture or vocabulary, creating a unified, interpretable model for chemistry.

We demonstrate these capabilities through direct comparison with baseline models showcasing the
interpretability with clear functional group clusters for CILTs embeddings and attention routes to
relevant atoms. Zero-shot inference on novel tasks reaches 68% accuracy, and performance on
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standard benchmarks remains competitive, demonstrating that interpretability and task-adaptivity
do not sacri ce prediction quality.

Our main contributions are:

1. Weakly supervised ask-adaptive pre-training framework: We introduce a weak super-
vision approach on chemically important motifs paired with an open source library, Chem-
Caption, for molecular featurization.

2. Chemical interpretability: Functional group clustering, feature attribution, and task-
conditioned attention routing demonstrate that learned representations align with chemical
concepts and can be visualized to understand model reasoning per task.

3. Semantic task reasoning capabilities: Zero-shot inference (up to 68% on novel tasks)
through interpretable task embeddings—capabilities categorically unavailable to task-
agnostic pre-trained models that require ne-tuning on each new task.

4. Data ef cient competitive performance: CILT outperforms other task-agnostic models
on the MoleculeNet benchmark across multiple versions of the model, showing that struc-
tured weak supervision substitutes for scale without sacri cing prediction quality.

Figure 1: Overview gure of different approaches. Our CILT model can utilize the advantages of
both deep learning and classical ngerprinting approaches.

2 BACKGROUND

Group Contribution Methods are a family of techniques for estimating molecular properties based

on their substructural composition (Joback & Reid, 1987; Fredenslund et al., 1975). Molecules are
decomposed into prede ned structural groups, where each group has assigned empirically derived
parameters that represent their contribution. These contributions are then combined, while account-
ing for the correction terms for group interactions, to form a property prediction. Chemists apply
this method to this day to quickly and at scale estimate properties for mixture thermodynamics
(Fredenslund et al., 1975), property estimation (Lydersen, 1955), drug discovery (Andrews et al.,
1984), to name a few. Besides predictive power, thanks to hand-tuned features, predictions made
with group-contribution approaches are very interpretable.

Molecular Fingerprints describe a molecule as a vector encoding the presence or count of prede-
ned structural features. These ngerprints can then be used for fast similarity comparisons, form-
ing the basis for structure-to-property predictive modeling. Machine learning models often offer
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negligible gains compared to ngerprints while lacking interpretability and introducing additional
computational overhead (Praski et al., 2025; Boldini et al., 2024).

3 RELATED WORK

Molecular Representation Learning Molecular property prediction has been addressed through
diverse representation learning approaches. Sequence-based methods treat molecules as sequences,
typically using the SMILES notation (Weininger, 1988) or other line representations such as SELF-

IES (Krenn et al., 2022; 2020). Early work applied recurrent neural networks to SMILES (Segler

et al., 2018; Mayr et al., 2018; Goh et al., 2017), while more recent approaches use transformer
architectures with masked language modeling objectives (Ahmad et al., 2022; Chithrananda et al.,
2020; Ross et al., 2022; Fabian et al., 2020; Honda et al., 2019; Irwin et al., 2022; Born & Man-

ica, 2023). ChemBERTa (Chithrananda et al., 2020) adapts RoBERTa to molecular data, while
MolFormer (Ross et al., 2022) scales to more than a billion molecules using linear attention mecha-
nisms.

Graph-based Approaches One can represent molecules as molecular graphs with atoms as nodes
and bonds as edges. Message-passing neural networks (Gilmer et al., 2017; Scarselli et al., 2008)
form the foundation for many architectures. Self-supervised approaches include contrastive learning
methods like MoICLR (Wang et al., 2022b), GraphCL (You et al., 2020), GraphMAE (Hou et al.,
2022), and GROVER (Rong et al., 2020).

Multi-Task and Auxiliary Supervision Several approaches incorporate additional supervision
signals during pretraining. MoIBERT (Fabian et al., 2020) combines masked language modeling
with auxiliary tasks such as descriptor prediction. ChemBERTa-2 (Ahmad et al., 2022) adds multi-
task regression on physico-chemical properties. MoMu (Su et al., 2022) trains jointly on molecular
graphs and natural language descriptions.

Text-Molecule Joint Modeling Recent works explore the joint modeling of natural language and
molecular representations. MolT5 (Edwards et al., 2022) adapts T5 to perform both molecule-to-
text and text-to-molecule generation tasks. Text2Mol (Edwards et al., 2021) learns cross-modal
embeddings between molecular graphs and textual descriptions. MoleculeSTM (Liu et al., 2022)
and CLAMP (Seidl et al., 2023) use contrastive learning between molecules and text. CLAMP
learns CLIP-style contrastive alignments between molecules and text to improve downstream activ-
ity prediction from natural language assay descriptions. Instruction-following approaches include
Galactica (Taylor et al., 2022), ether0O (Narayanan et al., 2025), and MolecularGPT (Liu et al., 2024).

Task Conditioning and Prompting In scienti c domains, task conditioning appears in protein
modeling (Ferruz et al., 2022; Liu et al., 2023), drug design (Bagal et al., 2021; Born & Manica,
2023) and optimization (Wu et al., 2024). However, most molecular models use xed task identi ers
or classi cation heads rather than natural language descriptions.

In summary, prior molecular pretraining has been largely optimized for token- or sequence-level
objectives on SMILES, often requiring massive corpora before substructure knowledge emerges.
We instead weakly supervise on chemistry via task-conditioned targets, derived via inexpensive
calculations described in natural language, and we couple this with a dual-masking objective that
ties text semantics to molecular structure. Empirically, this yields competitive accuracy with far
fewer pretraining molecules, strong few-shot transfer and high interpretability; theoretically, task-
similarity and motif-sparsity analyses explain when and why these gains appear.

4 CHEMICALLY INFORMED TASK CONDITIONING

4,1 PROBLEM SETUP

We pre-train a single 150M-parameter transformer on hundreds of molecular motifs expressed as
natural language descriptors. Each task t has a programmatic supervision fupdtian extracts
chemical properties from molecules: substructure indicators (“contains halogen group”), counts
(“number of aromatic rings”), or simple properties (“molecular mass”).
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We unify the tasks and molecules by encoding them into text and jointly passing them throughout
our network in the following form

i SEPL 3 [SEPT %

task description value tokens SMILES

This format enables conditional training, the model learns to predict masked SMILES tokens given
properties and masked property values given SMILES, enabling a seamless switch between property
prediction and generation as well as addition of new tasks.

4.2 TRAINING OBJECTIVE

We train with two alternating masked language modeling objectives. The SMILES objective (Equa-
tion (1)) teaches the model to generate molecules conditioned on task descriptions and target prop-
erty values: " #

X
Lsmites() = E txm logp (Xi j Xni;Yt: ) 1)
i2M 4

The property value objective (Equation (2)) teaches property prediction conditioned on molecular
structure and task description:

3
X

Lvae( ) = E txm , 4 logp (yj X d;)® 2
2™

This bidirectional training creates a uni ed architecture for conditional generation, regression, and
classi cation driven entirely by natural language prompts.

4.3 THEORETICAL FOUNDATIONS

We provide theoretical justi cation for two key claims: why semantic similarity between task de-
scriptions should predict transfer performance, and motif pretraining tasks should improve sample
ef ciency.

4.3.1 TASK SIMILARITY CONTROLS TRANSFER

We rst formalize the intuition that semantically similar task descriptions should enable better zero-
shot transfer. We de ne this semantic similarity as the cosine similarity between task description
embeddings: s(d;% = he(d); e(d9i.

Theorem 1 (Task-Semantic Adaptation Bound). Under standard Lipschitz and bounded loss as-
sumptions, the domain error R on a target tasksibounded by:

X X P

Rgo(h) tRg, (h) +L ke(d® e(d t)k+?( {21:r9 3)
le {z }oo 1 {z }  few-shotterm
weighted source risk task geometry term

for any convex combination of source tasksd and constant L > O.

Where R, (h) represents the model's source domain error (on the pre-training tasks) whiléhR
represents model's target domain error (on new tasks). The task embedding is represented as e(d)
and . is chosen via softmax over distance= softmax(ke(d 9 e(d ()k).

Proof. See section section A.1.

The task geometry term shows that transfer performance degrades with the distance between task
embeddings. For unit-norm embeddings, Kg(ce(d )k? = 2(1 cos\(e(d 9;e(d;))), higher
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cosine similarity implies better transfer when the weighted source domain errors are appropriately
regularized. This provides theoretical backing for our empirical observation that zero-shot perfor-
mance correlates with semantic similarity and indicates the number of shots needed to adapt to a
re-phrased or related task (see Section 6.2).

4.3.2 MOTIF PRETRAINING IMPROVES SAMPLE EFFICIENCY

Next, we establish that when molecular properties depend on sparse combinations of motifs (e.g.,
functional groups) weak supervision on chemical motifs dramatically reduces sample complexity.

This is a chemically informed prior based on the realization that chemists have achieved much
success with so-called group contribution methods (Gani, 2008nK et al., 1995; Constantinou

& Gani, 1994; Fredenslund, 2012), where a property is predicted based on a linear or higher-order
combination of group-speci ¢ factors (see Background section).

Suppose the pre-trained representations are motif-aligned, where motifs might correspond to func-
tional group features, and suppose downstream molecular properties depend on sparse combinations
of k p motifs, as suggested by the group contribution method. Under standard sparse regression
assumptions:

Theorem 2 (Motif Sample Complexity). When molecular properties depend on k motifs out of p

total features, explicit motif supervision reduces sample complexity@pr"?) to O(k log p="2)
for achieving prediction error ".

Proof. See section section A.2.

5 METHODS

5.1 DATASET CONSTRUCTION

We construct our pretraining dataset by programmatically generating chemical task-property pairs
from half a million diverse molecules from ChemPile-MLift (Mirza et al., 2025) using the Chem-
Caption package, which interfaces with RDKit (Landrum, 2006). Our property set spans atom and
bond counts, manually curated functional group indicators, ring system features, molecular descrip-
tors, hydrogen bonding patterns, and substructure motifs. This yields over 300 distinct chemical
properties per molecule.

Task descriptions are generated using templated natural language patterns. Task descriptions use
templates like “does the molecule contain <PROPERTY _NAME>" or “what is the
<PROPERTNWAME> ", or “number of <PROPERTYAME>". Property values are serialized

as text tokens: binary values as “1"/*0”, integers directly, and continuous values are rst normalized
and then quantized to four decimal places. This process generates approximately 150 million task-
molecule pairs.

5.2 MODEL ARCHITECTURE AND TRAINING

We employ a 150M-parameter ModernBERT architecture (Warner et al., 2025) with a shared vo-
cabulary combining SMILES tokens derived using a regular expression-based tokenizer (Schwaller
et al., 2018), as well as natural language tokens, and numerical value tokens derived from the
ModernBERT tokenizer. Input sequences follow the format [task description] [SEP]

[property value] [SEP] [SMILES] with a maximum sequence length of 1024. Through-

out all of the experiments no sequence has exceeded this limit.

Training alternates between the SMILES objective (Equation (1)) and the property prediction objec-
tive (Equation (2)) every 20 batch steps. The property prediction objective masks the entire property
value and predicts it conditioned on the task description and SMILES sequence. The SMILES com-
pletion objective randomly masks 25% of the SMILES tokens and predicts them conditioned on the
description of the task and the value of the property. Both objectives use cross-entropy loss with uni-
form task sampling across our property collection. We train the model for 3 epochs, for parameter
breakdown see Section A.5.
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5.3 BASELINES

For comparison, we consider the following leading large chemical pretrained models: Mol-
CLR (Wang et al., 2022a), ChemBERTa (Chithrananda et al., 2020), MolFormer (Ross et al.,
2022), MolBert (Fabian et al., 2020), Grover (Rong et al., 2020), MolT5 (Edwards et al., 2022)
and MoleculeSTM (Liu et al., 2022). We test all models on the MoleculeNet benchmark (Wu et al.,
2018) and photoswitch dataset (Grifths et al., 2022) (detailed description can be found in Sec-
tion A.3.1 and Section A.3.2, respectively).

In the linear probe experiments, we train linear regression models for the regression tasks and lo-
gistic regression models for the classi cation tasks. For both, we utilizedgularization (with
optimal parameters see section A.2), additionally, for the logistic regression we employ the liblinear
solver and balanced class weights. For all experiments, we use 4-fold cross-validation with scaffold
splitting.

6 EXPERIMENTS AND RESULTS

To demonstrate the effectiveness of our method, we evaluate CILT on multiple standard benchmarks
in multiple systematic experiments: a) embedding alignment assessing the alignment of embed-
dings with chemically relevant features; b) zero-/few-shot transfer evaluating the performance of
CILT on unseen tasks and the amount of data needed for adaptation to these tasks; c) linear probes
comparing embeddings across different models to evaluate innate learned molecular representations;
d) ablations for targeted assessment of our training methodology.

Figure 2: Visualization of learned embeddings represented via t-SNE. Representations are ex-
tracted from the hold-out test set (scaffold-split) used for the pre-training of CILT. The models used
for comparisons are MolFormer (Ross et al., 2022), MolT5 (Edwards et al., 2022) and a SMILES-
only pre-trained version of CILT.

6.1 REPRESENTATIONS ALIGNMENT WITH FUNCTIONAL GROUPS

Experiment To show the bene t of pre-training with molecular ngerprints as a weak prior we
compare the embeddings across CILT, SMILES only trained version of CILT, MolFormer (Ross
et al., 2022) and MolT5 (Edwards et al., 2022) Figure 2.
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