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ABSTRACT

Drug discovery is a lengthy and costly process, with virtual screening serving as a
critical computational step to identify promising drug candidates from vast com-
pound libraries. While contrastive learning has emerged as a powerful paradigm
for protein-ligand virtual screening by aligning molecular and protein pocket em-
beddings, existing methods directly align entire representations without distin-
guishing binding-relevant from binding-irrelevant features. This can lead to spu-
rious correlations that limit generalization to novel drug targets. In this work, we
propose a plug-in causal concept extraction module that decomposes entangled
representations into disentangled atomic concepts using cross-attention and em-
ploys learnable sparse masking to identify causally relevant binding features. Ex-
periments show that across both scratch and pretrained settings, our causal align-
ment consistently improves early enrichment (BEDROC and EF@ 1%), with the
largest gains observed on the more realistic LIT-PCBA benchmark, indicating bet-
ter prioritization of true binders despite marginal changes in overall AUC.

1 INTRODUCTION

Modern drug discovery faces a fundamental challenge: identifying promising drug candidates from
libraries containing millions of compounds (Berdigaliyev & Aljofan, [2020). An overview of the
drug discovery pipeline is given in Appendix [Al Virtual screening addresses this bottleneck by com-
putationally predicting protein-ligand binding affinity, enabling researchers to prioritize compounds
for expensive experimental validation (Jia et al.| [2026). Recent advances in deep learning, partic-
ularly contrastive learning methods, have achieved remarkable success in this domain by learning
joint representations of molecules and protein binding pockets (Gao et al., [2023; [Shen et al.| 2023}
Zhang et al.||2023};|Cao et al.,[2024; |[Feng et al.,[2025; Han et al.l 2025} [Wang et al.| [2026).

Despite their success, existing contrastive learning methods for virtual screening face a fundamental
challenge: they directly align entire molecular and pocket representations without distinguishing
between binding-relevant and binding-irrelevant features. While protein-ligand binding involves
complex conformational adaptation (induced fit), certain structural features remain invariant deter-
minants of binding affinity (Koshland Jr, 1958 [Wermuth| [2006). See Appendix for more discus-
sions on biological foundation. Existing methods fail to explicitly identify these invariant features,
instead learning entangled representations that may capture spurious correlations (Gao et al.| 2023;
Wang et al., 2026). For instance, the model might learn to associate molecular weight or general
hydrophobicity patterns with pocket size, even when these correlations reflect dataset biases rather
than true binding mechanisms. Such spurious correlations limit generalization to novel drug targets.

Related Work. Virtual screening methods span classical docking approaches like Glide (Friesner
et al., 2004), AutoDock Vina (Trott & Olson, 2010), and Surflex (Spitzer & Jain, |2012), machine
learning scoring functions such as Gnina (McNutt et al.;|2021)), RTMScore (Shen et al.|[2022), Gen-
Score (Shen et al., 2023)), EquiScore (Cao et al.| 2024)), PIGNet (Moon et al., 2022), and PLANET
(Zhang et al.,2023), as well as drug-target affinity (DTA) prediction methods like DeepDTA (Oztiirk
et al.l2018)) and GraphDTA (Nguyen et al.,[2021). Recent contrastive learning approaches, includ-
ing DrugCLIP (Gao et al., |2023), DrugHash (Han et al.| 2025), LigUnity (Feng et al.l [2025), and
HypSeek (Wang et al., [2026), have achieved state-of-the-art results by learning joint protein-ligand
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Figure 1: Overview of CAUSALBIND. Both branches use shared Concept Extractor and Pooler to
obtain representations z,, and z,. The molecule branch will apply SparseMask: z,, = o(M)Z,,
where M € R%*d is a learnable mask matrix and o(-) = tanh(-) + 1 maps values to [0,2]. The
model is trained with contrastive loss on the binding score and L; sparsity loss on the mask.

representations, often leveraging pretrained molecular encoders such as Uni-Mol (Zhou et al., 2023)
that capture rich 3D structural information. Structure-based methods like TANKBind (Lu et al.,
2022) and BigBind (Brocidiacono et al.l 2023) directly predict binding poses. However, none of
these methods explicitly address spurious correlations in representation learning. Our work draws
from causal representation learning (Scholkopf et al.l[2021;|Daunhawer et al.| |2023}; Xie et al., 2025
Sun et al., 2025b), which showed that sparse multimodal connections enable component-wise con-
cept identification. A comprehensive review of related work is provided in Appendix|C] Due to space
constraints, theoretical analysis including identifiability conditions and proofs are in Appendix

In this paper, we propose CAUSALBIND, a plug-in causal concept extraction module that can be inte-
grated into existing contrastive learning frameworks for virtual screening in drug discovery. Our con-
tributions are threefold: (1) we identify the problem of spurious correlations in contrastive learning-
based virtual screening and propose to address it through causal concept extraction, grounded in
identifiability theory from causal representation learning; (2) we design a plug-in module consisting
of a ConceptExtractor (Perceiver-style architecture) and a SparseMask (learnable sparse transforma-
tion) that can be seamlessly integrated into existing models (Figure[T); (3) we validate our approach
on two complementary settings demonstrating consistent improvements on drug discovery tasks.

2 BACKGROUND

2.1 CONTRASTIVE LEARNING FOR VIRTUAL SCREENING

Existing contrastive learning methods for virtual screening (Gao et al.,|2023; Han et al., [2025; Feng
et al.l 2025; Wang et al., [2026) follow a common framework. Given a dataset of protein-ligand
binding pairs {(m;, p;)}¥;, where m; denotes a molecule and p; denotes a protein pocket, the goal
is to learn encoders that map molecules and pockets into a shared embedding space where binding

pairs are close and non-binding pairs are far apart, enabling efficient similarity-based screening.

Specifically, let f,, : M — R? and f, : P — R? denote the molecule and pocket encoders,
respectively. The standard approach optimizes an InfoNCE-style contrastive loss:

exp(sii/T) 1o exp(sii/T)

Lecontrast = — lo s
e 2( ® %, exp(si/7) gzjexp@ﬁm)

(1)

where s;; = f,(mi) " f,(p;) is the similarity score between molecule i and pocket j, and T is a tem-
perature parameter. While this framework has achieved impressive results on standard benchmarks,
it directly aligns the representations without distinguishing binding-relevant from binding-irrelevant
features, potentially learning spurious correlations that limit generalization to novel targets.
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2.2 PROBLEM: IDENTIFYING INVARIANT BINDING DETERMINANTS

Biological Context. Protein-ligand binding is governed by the induced fit mechanism
(Koshland Jr [1958), where both protein pockets and ligands undergo conformational changes dur-
ing binding. Despite this flexibility, certain structural motifs (pharmacophores), such as hydrogen
bond donors/acceptors and hydrophobic groups, consistently determine binding across diverse con-
formational states (Wermuth, |20006). Please refer to Appendix [B|for more detailed discussions.

The Challenge of Spurious Correlations. Molecular and pocket representations contain a mix-
ture of invariant binding determinants (analogous to pharmacophoric features) and spurious correla-
tions that arise from dataset biases (Chen et al., |2019; |Graber et al., [2025). When contrastive learn-
ing directly aligns entire representations, it may exploit spurious correlations (e.g., large molecules
bind to large pockets) rather than learning the structural features that causally drive binding. Such
correlations fail to generalize to novel protein families, limiting the model’s utility in real world.

3 METHODOLOGY

3.1 CAUSAL CONCEPT EXTRACTION MODULE

Notation. Let h,,,h, € R? denote encoder outputs for molecule and pocket. The ConceptEx-
tractor produces concept matrices CM7 CP ¢ RExde containing K atomic concepts cm, cp € R,
Finally, z,,,z, € R% are pooled representations (mean over concepts). Inspired by recent advances
in causal representation learning (Xie et al.| 2025} |Sun et al.| 2025b), we propose to decompose
entangled representations into disentangled atomic concepts and learn sparse connections between
them. Our plug-in module consists of two key components: ConceptExtractor and SparseMask.

Causal Structure: Binding as a Collider Variable. Unlike vision-language models where text
concepts generate visual features (e.g., ConceptAligner (Xie et al., 2025) uses ¢ — cimaee),
protein-ligand binding involves symmetric complementary matching: neither molecule nor pocket
“generates” the other. Instead, binding happens only when a specific pair of molecular and pocket
concepts jointly activate the binding mechanism. We model this as a V-structure:

m — ¢l — Bij + c), < D, (2)

where molecule m and pocket p induce atomic concepts c’, and c{,, respectively. The binding in-
dicator B;; acts as a collider variable that is activated only by specific pairs of molecular concept

¢ and pocket concept cg). This structure reflects biological reality: a hydrogen bond donor in the
molecule must match with an acceptor in the pocket to enable binding. Spurious concept pairs are
explicitly blocked (B;; = 0), while causally relevant pairs activate binding (B;; = 1), as illus-
trated in Figure[2] The identifiability theory from Xie et al|(2025) remains apphcable by varying
molecules (varying C*), we can identify pocket concepts C!” component-wise.

ConceptExtractor. We employ a Perceiver-style architecture (Jaegle et al., 2021) to extract
atomic concepts from encoder outputs. Given an encoder output h € R%x (e.g., the CLS token
from a transformer encoder), the ConceptExtractor produces a set of concept representations:

C = ConceptExtractor(h) € RE>de, 3)
where K is the number of concepts and d,. is the concept dimension.

The ConceptExtractor uses learnable concept queries Q € R* ¥4 that attend to the input through
cross-attention layers:

CHD) = O 4 CrossAun(CWY | Proj(h)) + FEN(CW), “4)

where C(©) = Q and Proj(-) projects the encoder output to the concept dimension. The concept
representations are then aggregated via mean pooling:

1 de
d—z C; e R¥. ©)
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SparseMask. To identify binding-relevant concepts, we introduce a learnable sparse mask that
applies a linear transformation to the aggregated concept representation:

z =o0(M)z, (6)

where M € R?*de is a learnable mask matrix applied to the molecule branch. Here o(-) =
tanh(-)+1 is applied element-wise to M, mapping each entry to [0, 2], and o (M )z denotes standard
matrix-vector multiplication. To encourage sparsity, we add an L, regularization term:

ﬁsparse = ||0(M)||1 (7)

3.2 WHY SPARSE MASKING HELPS

The key insight is that sparsity enables identifiability. Standard contrastive learning allows dense
connections where every molecular feature can influence every pocket feature, enabling spurious
correlations (e.g., aligning “large molecules” with “large pockets”). In contrast, L; regularization
forces the model to select only critical connections—for example, connecting “H-bond donors”
specifically to “H-bond acceptors” while suppressing irrelevant links. This sparse structure makes
concepts identifiable: we can determine which molecular features causally determine binding. Re-
cent theory (Xie et al.,2025;|Daunhawer et al.,[2023)) confirms that sparse graphical structures enable
component-wise identifiability of latent concepts. See Theorem [I]in Appendix [D]for more details.

Practical Implementation. As a plug-in module, our method augments any base 1oss Lpase With
sparsity regularization:
L= Ebase + )\sparse||U(M) ||1; (8)

where M is the learnable mask matrix, o(-) = tanh(-) + 1 maps values to [0, 2], and Asparse controls
the sparsity strength. For example, Ly, can be InfoNCE in DrugCLIP (Gao et al.| [2023)), or the
combination of hyperbolic contrastive and cone hierarchy loss in HypSeek (Wang et al., 2026).

4 EXPERIMENTS

Experimental Setup. We evaluate on two complementary benchmarks: DUD-E (Mysinger et al.,
2012) (102 targets, 22,886 actives, 1.3M decoys) and LIT-PCBA (Mayr et al., |2018)) (15 targets
with more challenging, experimentally-derived decoys). DUD-E provides comprehensive coverage
across diverse protein families, while LIT-PCBA offers more realistic evaluation with decoys se-
lected to minimize property-based biases. We report AUC (overall ranking quality), BEDROC with
o = 20 (early enrichment), and EF@1% (enrichment factor at top 1%). For drug discovery, early
enrichment metrics are particularly important since only top-ranked compounds proceed to experi-
mental validation. Implementation details including hyperparameters are provided in Appendix [F]



Published at the GEM workshop, ICLR 2026

Table 1: Results of DrugCLIP trained from scratch. Our module significantly improves all metrics
on both benchmarks, with particularly large gains on the more challenging LIT-PCBA benchmark.

Model DUD-E LIT-PCBA

ode AUC BEDROC EF@1% | AUC BEDROC EF@1%
DrugCLIP (Baseline) 0.496 0.037 1.64 0.504 0.013 0.60
+ CAUSALBIND (Ours) | 0.523 0.049 2.42 0.532 0.035 2.49
A Improvement | +5.4%  +324%  +47.6% | +5.6%  +169% +315%

Table 2: Results of HypSeek with pretrained Uni-Mol encoders. Our causal module provides con-
sistent improvements in early enrichment metrics, with larger gains on the LIT-PCBA benchmark.

Model DUD-E LIT-PCBA
AUC BEDROC EF@1% | AUC BEDROC EF@1%

HypSeek (Baseline) 0.928 0.694 44.10 0.597 0.056 4.97
+ CAUSALBIND (Ours) | 0.924 0.705 45.02 0.617 0.071 5.53

-0.4% +1.6% +2.1% | +3.4% +268% +11.3%

A Improvement

Exp 1: DrugCLIP from Scratch. We select DrugCLIP (Gao et al) [2023) as our base model
since it is an early representative work applying contrastive learning to virtual screening, widely
recognized and recently adopted by a Science study (Jia et all [2026). To isolate our module’s
effect without confounding from pretrained representations, we train DrugCLIP from scratch using
randomly initialized Uni-Mol encoders. This controlled setting reveals how much our causal concept
extraction contributes to representation learning itself. As shown in Table [I] our module provides
substantial gains across all metrics: on DUD-E, AUC improves by +5.4%, BEDROC by +32.4%, and
EF@1% by +47.6%; on the more challenging LIT-PCBA, improvements are even more pronounced
with AUC +5.6%, BEDROC +169%, and notably EF@1% +315%. The larger gains on LIT-PCBA
suggest that our sparse masking mechanism is particularly effective at suppressing property-based
spurious correlations that LIT-PCBA’s more realistic decoys are specifically designed to exploit.

Exp 2: HypSeek with Pretraining. We integrate our module into HypSeek (Wang et al., [2026),
a state-of-the-art method that combines hyperbolic embeddings with pretrained Uni-Mol (molec-
ular) and ESM-2 (protein sequence) encoders, trained via a three-stage pipeline with hyperbolic
contrastive and cone hierarchy losses. Table[2]shows that even on top of this highly optimized base-
line, our module provides consistent improvements: on DUD-E, BEDROC improves by +1.6% and
EF@1% by +2.1% while maintaining competitive AUC; on LIT-PCBA, we observe larger gains
with AUC +3.4%, BEDROC +26.8%, and EF@1% +11.3%. The larger improvements on LIT-
PCBA (which has more realistic decoys) compared to DUD-E suggest our causal concept extraction
helps the model generalize beyond dataset-specific biases. The slight AUC decrease on DUD-E
(—0.4%) accompanied by improved early enrichment indicates that our module trades off ranking
of low-confidence predictions for better identification of high-confidence true binders, a favorable
trade-off for practical drug discovery where only top candidates matter. See Appendix [G|for details.

5 CONCLUSION

We proposed CAUSALBIND, a plug-in causal concept extraction module for protein-ligand virtual
screening that can be seamlessly integrated into existing contrastive learning frameworks. By de-
composing representations into atomic concepts and learning sparse connections, our module helps
identify binding-relevant features while suppressing spurious correlations. Experiments on two com-
plementary settings, DrugCLIP from scratch and HypSeek with pretraining, demonstrate that our
module provides consistent improvements, particularly on early enrichment metrics that are most
relevant for practical drug discovery. Limitations and broader impact are discussed in Appendix
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A DRUG DISCOVERY PIPELINE AND METHOD POSITIONING

Figure [3|illustrates the typical drug discovery pipeline and positions our method within this work-
flow. Virtual screening serves as a critical early-stage filter, reducing compound libraries from 10°—
106 to 102-10® candidates for experimental validation. Our CAUSALBIND module operates at this
stage, improving the quality of contrastive learning-based virtual screening methods.

Stage Descriptions. We provide detailed descriptions of each stage in the drug discovery pipeline:

* Virtual Compound Library (10°-10'°): Large-scale databases of commercially available
or synthetically accessible compounds. Examples include ZINC (purchasable compounds)
and Enamine REAL (make-on-demand via combinatorial chemistry). These libraries rep-
resent the theoretical search space for drug discovery.

* Filtered Library (10°-10%): Compounds passing basic drug-likeness filters such as Lipin-
ski’s Rule of Five (molecular weight <500, logP <5, H-bond donors <5, acceptors <10),
PAINS filters (removing pan-assay interference compounds), and target-specific property
constraints. This is the practical starting point for most virtual screening campaigns.
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Figure 3: Drug discovery pipeline funnel. Each stage progressively filters compounds, with numbers
indicating typical compound counts. Our CAUSALBIND method (green box) operates at the virtual
screening stage, improving the quality of top-ranked candidates before expensive downstream val-
idation. By identifying invariant binding determinants and suppressing spurious correlations, our
method aims to increase the hit rate in subsequent experimental testing.

* Virtual Screening (102-10%): Our method operates here. Computational methods rank
compounds by predicted binding affinity. This includes ligand-based methods (similarity
search, pharmacophore matching), structure-based methods (docking), and learning-based
methods (contrastive learning, as in DrugCLIP and HypSeek). The goal is to identify a
manageable set of candidates for experimental testing.

* Docking / Rescoring (102-10%): Detailed binding pose prediction and affinity estimation
using physics-based (Glide, AutoDock Vina) or ML-based (Gnina, RTMScore) scoring
functions. This step provides atomic-level binding hypotheses and further filters candi-
dates.

 Experimental Validation (10'-102): Biochemical assays (e.g., fluorescence polarization,
surface plasmon resonance) and cell-based assays measure actual binding activity. This is
the first “wet lab” validation, typically costing $100-$1000 per compound.

* Hit-to-Lead (10°-10'): Medicinal chemistry optimization of confirmed hits. Chemists
modify molecular scaffolds to improve potency, selectivity, and drug-like properties (AD-
MET: absorption, distribution, metabolism, excretion, toxicity).

* Clinical Trials (<10): Regulatory-approved testing in humans, progressing through Phase
I (safety), Phase II (efficacy), and Phase III (large-scale efficacy). Each phase has high
attrition rates.

* Approval (~1): Regulatory approval (FDA, EMA) for market release. The entire pipeline
typically spans 10~15 years and costs $1-2 billion per approved drug.
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Why Virtual Screening Matters. The virtual screening stage is critical because it represents the
largest reduction in compound count (from 105-10° to 102-10%) before expensive experimental
validation. The quality of this filtering directly impacts the success rate of downstream stages: a
10% improvement in early enrichment (e.g., BEDROC) can translate to significant cost savings by
reducing the number of false positives sent to biochemical assays. Our method’s focus on identifying
causal binding determinants is particularly valuable at this stage, as it helps ensure that top-ranked
compounds are selected based on true binding mechanisms rather than spurious correlations.

Complementary to Docking. Our contrastive learning approach is complementary to, not a re-
placement for, molecular docking. While docking methods like Glide and AutoDock Vina provide
detailed binding pose predictions, they are computationally expensive (~seconds per compound).
Contrastive learning methods can rapidly score millions of compounds (~milliseconds each), serv-
ing as an efficient pre-filter before docking. The improved representations learned by CAUSALBIND
can enhance this pre-filtering, ensuring that compounds advanced to docking are more likely to be
true binders.

B BIOLOGICAL FOUNDATION: INDUCED FIT AND INVARIANT FEATURES

The Induced Fit Theory. The induced fit mechanism, first proposed by Koshland in 1958
(Koshland Jr, [1958)), revolutionized our understanding of protein-ligand binding. Unlike the ear-
lier lock-and-key” model which assumed rigid complementarity, induced fit recognizes that both
the protein binding pocket and the ligand undergo conformational changes upon binding. This dy-
namic adaptation allows proteins to optimize interactions with ligands through mutual structural ad-
justment, enhancing binding affinity and specificity. Induced fit is now recognized as a fundamental
principle governing molecular recognition in biological systems, from enzyme-substrate interactions
to drug-target binding.

Pharmacophore: Invariant Structural Features. Despite the conformational flexibility inherent
in induced fit, medicinal chemistry has established that certain structural features—termed pharma-
cophores—remain essential determinants of binding (Wermuth, [2006). A pharmacophore is defined
as the ensemble of steric and electronic features necessary for optimal molecular interactions with a
specific biological target. These include hydrogen bond donors and acceptors, hydrophobic centers,
aromatic rings, and charged groups. Crucially, pharmacophoric features represent invariant prop-
erties that determine binding across conformational states: while the exact geometry may adjust
through induced fit, the presence and spatial arrangement of these features remain causally relevant.

Connection to Causal Concept Learning. Our causal concept extraction approach is grounded in
this biological insight. We hypothesize that deep learning representations of molecules and pockets
contain both: (1) invariant binding determinants analogous to pharmacophoric features, which
causally determine binding across diverse protein-ligand pairs and conformational states; and (2)
spurious correlations arising from dataset biases (e.g., correlations between molecular weight and
pocket size), which do not reflect true binding mechanisms. By decomposing representations into
atomic concepts and learning sparse connections between modalities, our SparseMask effectively
identifies which features correspond to invariant binding determinants.

Static Structures and Conformational Flexibility. A natural question arises: if binding involves
dynamic conformational changes, how can learning from static structures identify invariant fea-
tures? The key insight is that pharmacophoric features—the targets of our causal concept extrac-
tion—are themselves conformationally robust. While induced fit involves adjustments in bond
angles and side-chain rotations, the fundamental chemical properties that enable binding (e.g., a
hydroxyl group’s ability to donate hydrogen bonds, a hydrophobic patch’s interaction with nonpo-
lar residues) remain invariant. Virtual screening benchmarks like DUD-E and LIT-PCBA use static
crystal or docked structures, yet successful methods implicitly learn features that generalize across
conformational variability. Our approach makes this implicit learning explicit through causal disen-
tanglement.

Relevance to Drug Discovery. This biological grounding strengthens the practical relevance of
our method. In drug discovery, identifying pharmacophoric features guides lead optimization:

10



Published at the GEM workshop, ICLR 2026

medicinal chemists modify scaffolds while preserving key binding determinants. Our causal con-
cepts, learned through sparse masking, offer a data-driven approach to discovering these determi-
nants automatically. Moreover, by suppressing spurious correlations, our method should generalize
better to novel targets—a critical requirement when screening compounds against previously unex-
plored proteins, where dataset biases from training data may not hold.

C EXTENDED RELATED WORK

Molecular Docking. Classical docking methods estimate binding affinity through physics-based
scoring functions. Glide (Friesner et al.l 2004) uses hierarchical filtering with optimized scoring,
AutoDock Vina (Trott & Olson, 2010) employs empirical free energy scoring with fast search al-
gorithms, and Surflex (Spitzer & Jainl |2012) combines molecular similarity with docking. These
methods remain widely used but are computationally expensive and have limited accuracy for flexi-
ble binding sites.

ML-based Scoring Functions. Machine learning scoring functions have emerged as powerful al-
ternatives to physics-based approaches. Gnina (McNutt et al., | 2021) pioneered CNN-based scoring
for docking, RTMScore (Shen et al., 2022)) uses equivariant transformers for pose scoring, Gen-
Score (Shen et al, 2023)) leverages graph neural networks with molecular fingerprints, EquiScore
(Cao et al., [2024)) incorporates SE(3)-equivariant message passing, PIGNet (Moon et al., 2022) in-
tegrates physics-informed constraints, and PLANET (Zhang et al.| 2023)) uses multi-objective opti-
mization. BigBind (Brocidiacono et al.||2023) extends these approaches to learn from nonstructural
data. These methods typically require known binding poses and focus on rescoring rather than
virtual screening.

Drug-Target Affinity Prediction. DTA methods predict binding affinity from sequence and struc-
ture information. DeepDTA (Oxztiirk et al.,[2018)) pioneered deep learning for DTA using CNNs on
SMILES and protein sequences. GraphDTA (Nguyen et al.l [2021) improved upon this with graph
neural networks for molecular representation. These methods typically do not produce ranked com-
pound libraries suitable for high-throughput screening.

Contrastive Learning for Virtual Screening. Recent work has applied contrastive learning to
learn joint protein-ligand representations. DrugCLIP (Gao et al., 2023) adapts CLIP-style train-
ing with Uni-Mol encoders, DrugHash (Han et al.| 2025)) introduces efficient molecular hashing
for large-scale screening, LigUnity (Feng et al., [2025) improves pocket representation with multi-
scale features, and HypSeek (Wang et al.| 2026) combines hyperbolic geometry with multi-modal
encoders including ESM-2 for protein sequences. Our work complements these approaches by pro-
viding a plug-in module that addresses spurious correlations in the learned representations.

Causal Representation Learning. Recent theoretical advances (Scholkopf et al.| [2021; |[Hyvari-
nen et al., [2019) have established conditions under which latent causal variables can be identified
from observational data (L1 et al., [2024ajb). Multimodal settings provide additional identifiability
guarantees (Daunhawer et al., |2023}; Sun et al., 2025a; |Li et al.| [2025)), and sparse graphical struc-
tures enable component-wise identification (Kivva et al., [2021). The ConceptAligner framework
(Xie et al., |2025) operationalized these insights for vision-language models. We adapt this frame-
work to the protein-ligand domain.

D IDENTIFIABILITY THEORY: FORMAL STATEMENT

This appendix provides the formal identifiability theorem referenced in Section 3.1. The theorem es-
tablishes conditions under which molecular and pocket concepts can be recovered from observations
under our V-structure (collider) model.

D.1 DATA-GENERATING PROCESS

We formalize the assumed data-generating process based on the V-structure described in Section

3.1. Let ™ = [e}, ... c}] denote the latent molecular concepts and ¢ = [cf’, ..., cF] denote
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the latent pocket concepts. The observed molecule m and pocket p are generated through invertible
functions:
m=g" (™), p=g"(c"). ©)

Crucially, c™ and c” are marginally independent—neither generates the other. Instead, they
jointly determine the binding indicator B through a sparse interaction structure:

B~p(Blc",cF), where B=1|> M- f(cM,cf)>7]. (10)
0.
Here M;; € {0, 1} is a sparse mask indicating whether concept pair (i, j) contributes to binding,
and f(-,-) measures compatibility. This corresponds to the V-structure: ¢ — B «+ cF.

Selection effect (Collider Bias): While ¢ and c” are marginally independent, they become con-
ditionally dependent given the binding indicator B. This is the classic “explaining away” effect in
causal inference: knowing that binding occurred (B = 1) and observing one set of concepts provides
information about the other. In our training, we only observe positive binding pairs (B = 1), so this
conditional dependence is what the model learns to capture. The sparse structure of M determines
which concept pairs become correlated under this selection.

D.2 IDENTIFIABILITY THEOREM

Theorem 1 (Concept Identifiability under Selection). Assume the following conditions hold:

(i) Invertibility: The generating functions g™ and g* are invertible and smooth.

(ii) Marginal Independence: The molecular and pocket concepts are marginally indepen-

dent: p(c™,c?) = p(c™)p(cP).

(iii) Sufficient Variability: The training data contains diverse molecule-pocket pairs such
that different concept dimensions are activated across samples.

(iv) Sparse Interaction: The binding mask M is sparse, with each molecular concept ¢M
interacting with a distinct (non-subset) set of pocket concepts.

Then the molecular and pocket concepts ¢™ and c* are component-wise identifiable up to
permutation and invertible element-wise transformations.

D.3 DISCUSSION OF CONDITIONS

Condition (i) - Invertibility. This requires that concepts uniquely determine observations. Neural
encoders with sufficient capacity can approximate invertible mappings, satisfying this condition by
design.

Condition (ii) - Marginal Independence. Unlike ConceptAligner (Xie et al., [2025) where text
causally generates image features our V—structure assumes molecular and pocket concepts are
marginally independent: p(c™, c?) = p§3 . However, given the binding indicator, they
become conditionally dependent p |B) ;é p(c M|B) (cP|B). This conditional dependence
arises from the collider structure and is exactly what enables learning: by observing which molecule-
pocket pairs bind, the model discovers the sparse interaction patterns encoded in M. Biologically,
this reflects that molecules and pockets exist independently, but their compatibility for binding cre-
ates structured correlations in the observed data.

Condition (iii) - Sufficient Variability. Training on diverse molecule-pocket pairs from datasets
like DUD-E and LIT-PCBA (spanning different protein families and chemical scaffolds) ensures
that different concept dimensions are activated across samples, satisfying this condition.

Condition (iv) - Sparse Interaction. This is the key condition we explicitly enforce through L
regularization: Agparse [|0(M)][1. The sparse mask M ensures that each molecular concept interacts
with only a subset of pocket concepts, and these subsets are distinguishable across different molec-
ular concepts. This sparsity is essential for identifiability: it allows us to disentangle which concept
pairs are causally relevant for binding versus spuriously correlated due to dataset biases.

12
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E PROOF OF THEOREM

We provide a proof sketch adapted from the framework in|Xie et al.| (2025) and |[Kivva et al.[(2021)),
modified for our V-structure (collider) setting.

Step 1: Selection-Induced Dependence. Under our V-structure ¢ — B < c”, conditioning on
binding (B = 1) induces a dependence between molecular and pocket concepts. Let p(c™, c”'|B =
1) denote the distribution of concepts in binding pairs. By Bayes’ rule:

p(cM,cf|B=1) x p(B = 1|cM,cP) - p(c™) - p(ch). (1)

The binding probability p(B = 1|c™,c?’) depends on concept pairs through the sparse mask M,
inducing structured correlations.

Step 2: Identifiability via Sparse Structure. The sparse interaction structure (condition iv) en-
sures that different molecular concepts contribute to binding through distinct patterns of pocket
concept interactions. Formally, if M;. denotes the i-th row of the mask (interactions of ¢}¥), con-
dition (iv) requires M;. M. for i # j. Combined with sufficient variability (condition iii), this
allows us to disentangle concepts through the induced correlation structure (Kivva et al., 2021).

Connection to SparseMask. The L, regularization ||oc(M)]|; directly enforces sparse interac-
tions. By learning which concept pairs contribute to binding score z,, o(M)z,,, the model identifies
causally relevant features. Dimensions with near-zero mask values correspond to spurious correla-
tions that do not contribute to binding.

F IMPLEMENTATION DETAILS

For the ConceptExtractor, we use K = 64 concepts with dimension d. = 256 and 4 Perceiver layers
with 8 attention heads. The sparsity weight Agparse = 0.001. All models are trained for 50 epochs
with Adam optimizer and learning rate 10~%.

For DrugCLIP experiments, we use the same encoder architecture as the original paper but without
pretrained weights. For HypSeek experiments, we use the pretrained Uni-Mol and ESM-2 encoders
and follow the three-stage training pipeline described in the original work.

G EXPERIMENTAL ANALYSIS

Why does causal concept extraction help? We hypothesize that the sparse masking mechanism
helps identify binding-relevant features while suppressing spurious correlations. In the scratch train-
ing setting (Experiment 1), where the model has no prior knowledge, the causal module provides a
strong inductive bias for learning disentangled representations. In the pretrained setting (Experiment
2), the module helps refine already-learned representations by identifying which features are most
relevant for binding prediction.

Early enrichment improvements. Across both experiments, we observe that improvements in
BEDROC and EF@1% are often larger than AUC improvements. This is particularly valuable for
drug discovery, where identifying true actives among the top-ranked compounds is more impor-
tant than overall ranking quality. The sparse masking mechanism appears to especially help with
identifying high-confidence predictions.

Generalization to realistic benchmarks. The larger improvements on LIT-PCBA compared to
DUD-E across both experimental settings suggest that our causal concept extraction is particularly
effective when facing more realistic decoy distributions. LIT-PCBA’s decoys are specifically de-
signed to minimize property-based biases, making it harder for models to exploit spurious correla-
tions. Our module’s consistent gains on this challenging benchmark indicate that the learned sparse
masks successfully filter out non-causal features.

13
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H LIMITATIONS AND BROADER IMPACT

Limitations. Our current evaluation is limited to two benchmark datasets (DUD-E and LIT-
PCBA). The effectiveness of causal concept extraction may vary depending on the specific charac-
teristics of the target proteins and compound libraries. Additional benchmarks such as BindingDB
(Gilson et al.,[2016)) and ChEMBL could provide further validation. Future work should also explore
interpretability of the learned concepts and their correspondence to known binding determinants.

Future Directions. To extend this work for a full conference submission, several directions war-
rant further investigation: (1) Comprehensive benchmarking: Evaluation on additional datasets
such as BindingDB, ChEMBL, and cross-dataset generalization tests to validate robustness across
diverse chemical spaces. (2) Ablation studies: Systematic analysis of the number of concepts K,
sparsity weight Agpare, and the relative contributions of ConceptExtractor vs. SparseMask com-
ponents. (3) Concept interpretability: Visualization and analysis of learned concepts to verify
whether they correspond to known binding determinants such as hydrogen bonding, hydrophobic
interactions, and electrostatic complementarity. (4) Integration with molecular generation: Ex-
ploring how identified causal concepts can guide structure-based drug design and lead optimization.
(5) Computational efficiency: Profiling the overhead introduced by our module and potential opti-
mizations for large-scale industrial screening campaigns.

Broader Impact. Improved virtual screening methods can accelerate drug discovery, potentially
benefiting patients by reducing the time and cost of developing new treatments. However, as with all
computational drug discovery tools, predictions should be validated experimentally before clinical
use.
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