OOD-GraphLLM: Graph Large Language Model for
Out-of-Distribution Generalized Drug Synergy Prediction

Xin Wang
Tsinghua University
Beijing, China
xin_wang@tsinghua.edu.cn

Yang Yao
Tsinghua University
Beijing, China
yaoyang21@mails.tsinghua.edu.cn

Abstract

Drug synergy prediction (DSP) aims to identify efficacious drug
combinations under various cellular contexts with different targets.
However, the continual emergence of novel compounds results in
variations in molecular scaffolds and sizes, causing drug synergy
data to exhibit out-of-distribution (0.0.D.) shifts with respect to
topological structure. Existing works rely on in-distribution (LD.)
assumption, failing to handle the O.0.D. shifts. To solve this prob-
lem, we study out-of-distribution generalized drug synergy pre-
diction through a graph large language model for the first time.
Nevertheless, O.0.D. generalized DSP is highly non-trivial, posing
several challenges: i) how to discover structurally relevant and ir-
relevant molecular representations with respect to cell targets; ii)
how to find the optimal graph neural architectures that accurately
calculate molecular representations; and iii) how to jointly lever-
age molecular structural and semantic information in LLMs. To
address these challenges, we propose OOD-GraphLLM, a novel
graphLLM framework which is able to accurately predict drug syn-
ergy under O.0.D. settings via jointly optimizing molecular graph
representation and biomedical semantic language representations
in a unified manner. Concretely, we first propose a target-adaptive
disentangled molecular graph encoding model to distinguish target-
relevant and target-irrelevant molecular representations for both
seen and unseen drugs, then introduce a pairwise attentive graph
architecture search algorithm that dynamically finds the best neural
architectures to calculate molecular representations for different
and new drug pairs, followed by our design of multi-level contextu-
alized cellular feature alignment mechanism to incorporate cell line
context information at both structural and semantic levels. Further-
more, we finetune DrugSyn-LLM, a biomedical LLM, and employ
a retrieval-augmented biomedical instruction tuning strategy to
align molecular topological information and molecular semantic

*Corresponding author. Xin Wang and Wenwu Zhu are affiliated with Department of
Computer Science and Technology, Beijing National Research Center for Information
Science and Technology, Tsinghua University.

990¢9

This work is licensed under a Creative Commons Attribution-NonCommercial-
NoDerivatives 4.0 International License.

KDD °26, Jeju Island, Republic of Korea

© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-2259-2/2026/08

https://doi.org/10.1145/3770855.3818871

Linxin Xiao
Tsinghua University
Beijing, China
xI1x21@mails.tsinghua.edu.cn

Wenwu Zhu*
Tsinghua University
Beijing, China
wwzhu@tsinghua.edu.cn

information with language-based reasoning for O.0.D. generalized
DSP. Extensive experiments under several O.0.D. settings demon-
strate that the proposed OOD-GraphLLM consistently outperforms
state-of-the-art approaches on various DSP tasks. Both the source
code ! and released model ? are publicly available, where users are
allowed to download model resources and interactively use the
system through a web interface.
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1 Introduction

Drug combination therapy [9] has emerged as a promising strategy
for treating complex diseases such as cancer and drug-resistant
infections. Compared to single-drug treatments, effective drug com-
binations can enhance therapeutic efficacy, reduce toxicity, and
mitigate the development of resistance. Therefore, Drug synergy
prediction (DSP) [15, 20, 24, 31] has become a critical and funda-
mental problem in computational drug discovery, aiming to identify
efficacious drug combinations under various cellular contexts with
different cell targets. Recent advances in machine learning, partic-
ularly graph neural networks (GNNs) [22, 32, 37], have substan-
tially improved DSP by conducting representation learning over
the molecular topological structures of drugs to predict drug-drug
synergies. By representing drugs as molecular graphs, existing lit-
erature is able to capture topological structural information that
plays an important role in determining the corresponding molecular
chemical properties.
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However, due to the continuous emergence of novel compounds
in drug discovery, drug synergy data often exhibit out-of-distribution
(0.0.D.) shifts with respect to topological structure at the drug
level, primarily caused by variations in molecular scaffolds and
compound sizes. This out-of-distribution generalized drug synergy
prediction (O.0.D. generalized DSP) problem requires models to
generalize well to new drugs and previously unseen molecular scaf-
folds. Fig. 1 (a) illustrates one example of O.0.D. generalized DSP.
Existing works on DSP heavily rely on the in-distribution (LD.)
assumption, where the drug structures tend to remain the same for
training and testing data, failing to handle the O.0.D. shifts.

In this paper, we study out-of-distribution generalized drug
synergy prediction by resorting to a graph large language model
(shown in Fig. 1 (c)), to the best of our knowledge, for the first time.
Nevertheless, O.0.D. generalized DSP is highly non-trivial, with
several key challenges. For drugs with O.0.D. topological structures,

(1) it is challenging to obtain structurally relevant and irrelevant
molecular representations with respect to cell targets;

(2) it is challenging to find the optimal graph neural architecture
that can calculate accurate molecular representations;

(3) it is challenging to jointly leverage structural and semantic
information from molecules within LLMs.

To address these challenges, we propose OOD-GraphLLM, a
novel graphLLM framework capable of accurately predicting drug
synergy under O.0.D. setting via joint optimization of molecular
graph representation and biomedical semantic language represen-
tations in a unified manner. Given new drugs, the proposed OOD-
GraphLLM treats cell lines as contexts, obtains the best graph neu-
ral network (GNN) architecture for calculating the new molecular
graph representations, aligns these representations with both topo-
logical and semantic cellular features, tokenizes all the features as
input to a biomedically finetuned LLM for O.0.D. generalized DSP,
and optimizes the whole procedure within one single framework.

In concrete, we first propose a target-adaptive disentangled
molecular graph encoding model that learns target-relevant
and target-irrelevant molecular representations, conditioning the
target-relevant representations on various cell targets with disen-
tanglement constraint to preserve target-aware information for
new molecular structures. Building upon the target-adaptive disen-
tangled molecular graph representations, we introduce a pairwise
attentive graph architecture search algorithm that dynamically
finds the optimal graph neural architectures for new drug pairs,
allowing for accurate molecular representation learning under dis-
tribution shifts. We then design a multi-level contextualized
cellular feature alignment mechanism to incorporate cell line
information into molecular graph representations as contexts at
both the structural and semantic levels. Last but not least, we fine-
tune DrugSyn-LLM, a biomedical LLM, with retrieval-augmented
biomedical instruction tuning strategy, aligning molecular
topological and semantic information with language-based reason-
ing to accomplish O.0.D. generalized DSP. We conduct extensive
experiments to demonstrate the superiority of OOD-GraphLLM
over state-of-the-art baselines under various O.0.D. settings. The
contributions of this paper are summarized as follows:

e We are the first to study the problem of out-of-distribution
generalized drug synergy prediction (O.0.D. generalized DSP)
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by resorting to graph large language models, to the best of our
knowledge.

e We propose OOD-GraphLLM, a novel graphLLM framework
for accurate O.0.D. generalized DSP, which jointly optimizes
our proposed four components, i.e., (1) target-adaptive disen-
tangled molecular graph encoding, (2) pairwise attentive graph
architecture search, (3) multi-level contextualized cellular fea-
ture alignment and (4) finetuned biomedical LLM DrugSyn-LLM
with retrieval-augmented instruction tuning, within a unified
framework.

e We conduct extensive experiments under multiple O.0.D. evalu-
ation settings to demonstrate that the proposed OOD-GraphLLM
is able to consistently outperform state-of-the-art baselines,
highlighting its superior generalization ability and prediction
accuracy under molecular topological distribution shifts.

In-Distribution (1.D.) Out-Of-Distribution (0.0.D.)

TCS 401 Fingolimod Colchicine Mitomycin C
(a) 0.0.D. . )
generalized e - TOPOk.)glcal AT Rl
< » *y \
DSP @, Shift 3
0=C1C=CC(=0)C2=  O=clcccc2c(c1)CCC
problem clec2e(s1)CNCC cleccecl CICCICINGSONZL  elececcta

Training on Existing Drugs Prediction for New Drugs
Ring Count, Bertz Complexity Index 1

==

Knowledge Retrieval

0 =y ) Ll

| zzzezd 4
Contextualized (]

Embedding

Adaptive Neural Architecture
* *

X

Fixed Neural Architecture

Handcrafted Features

e [= ==
Target-Adaptive Disentangled Features

Cell = New Cell  m, [Targ New
Line Drugs Line = 2 ] Drugs
(b) Current methods v.s (c) OOD-GraphLLM

Figure 1: Comparisons between current methods (b) and OOD-
GraphLLM (c) under O.0.D. generalized DSP (a) settings.

2 Related Works

Drug Synergy Prediction (DSP). Deep learning-based models
have been widely adopted for drug synergy prediction due to
their ability to model complex drug—drug and drug-cell interac-
tions. Early methods, such as DeepSynergy [31], MatchMaker [20],
and TreeCombo [15], mainly used molecular descriptors and cell-
line gene expression profiles with deep neural networks or gradi-
ent boosting models. With the development of graph neural net-
works (GNNs), methods such as DeepDDS [37], DDoS [32], and
GAECDS [22] represented drugs as molecular graphs to capture
atom-level structural information. Meanwhile, DFFNDDS [41] ex-
ploited pretrained language models such as BERT [4] to extract
semantic representations from SMILES strings, while DTSyn [11]
and AttenSyn [38] further introduced attention-based Transformer
architectures for drug—drug and drug-cell interaction modeling.
More recently, BAITSAO [29] has explored large language models
as predictors for drug synergy tasks. Despite these advances, most
existing methods are developed under the in-distribution assump-
tion and are rarely designed for O.0.D. generalization, leaving the
integration of GNNs and LLMs for distribution-shift-aware drug
synergy prediction underexplored.
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Graph Large Language Models (GraphLLMs). Graph large lan-
guage models (GraphLLMs) extend the reasoning and generation
abilities of LLMs to graph-structured data, enabling tasks such
as graph understanding and question answering [12, 17, 39]. Ex-
isting studies mainly follow two directions. Prompt-based meth-
ods, such as InstructGLM [43] and NLGraph [36], translate graph
structures into textual prompts that can be interpreted by LLMs.
Representation-alignment methods, such as GraphGPT [34] and
GraphLLM [2], encode graphs with GNNs and feed the result-
ing graph tokens into language models. Further works, including
GLEM [45] and PATTON [18], explore iterative co-training and
alignment between GNNs and LLMs to improve representation
learning. Motivated by the graph structure of molecules and the
semantic information in SMILES, recent studies such as MolTC [7]
and DyNAS-DDI [40] have applied GraphLLM-style architectures
to drug-related tasks. However, existing GraphLLM frameworks are
mostly designed for constrained prediction or reasoning scenarios,
and have not fully addressed complex drug synergy prediction set-
tings that require modeling higher-order drug-drug-cell context
and O.0.D. shifts.

3 O0OD-GraphLLM

In this section, we describe the proposed OOD-GraphLLMin detail.
Sec 3.1 formally formulates the drug synergy prediction problem
and defines the learning objectives. Sec 3.2 and Sec 3.3 present
the target-adaptive disentangled molecular graph encoding model
and the pairwise attentive graph architecture search algorithm,
respectively. Sec 3.4 describes the multi-level contextualized cel-
lular feature alignment mechanism, and finally, Sec 3.5 details the
design of finetuning DrugSyn-LLM with the retrieval-augmented
biomedical instruction tuning strategy and outlines the overall
multi-stage training procedure. Fig. 2 shows the overall framework
of OOD-GraphLLM.

3.1 Problem Formulation

Drug synergy prediction (DSP) aims to characterize the com-
bined effect of multiple drugs under a specific cell line context. Take
the most common setting, i.e., DSP for two drugs, as an example,
we formally define DSP as follows. Let D = {d},ds, . ..,d,} denote
the universe of drug molecules and let C = {cy, ¢z, ..., cm} denote
the set of cell lines representing distinct biological environments.
Each data instance is characterized by a triplet (d;, dj, cx), where
di,dj € D are two drugs administered in combination and ¢ € C
specifies the cellular condition. The learning objective is to infer a
predictive function f as follows:

£+ (drdycr) = (Y. si5). (1)
where yl’Fj € Y denotes a discrete interaction label, and sfj eR
represents a continuous synergy score quantifying the strength of
the combinatorial effect.

Out-of-distribution generalized drug synergy prediction
(0.0.D. generalized DSP) studies generalization beyond observed
drug distributions. Specifically, the drug space D is partitioned into
an in-distribution subset Dip, and an out-of-distribution subset
Do.op., according to criteria such as molecular scaffolds and sizes
etc. These subsets satisfy Dyp NDoop. = 0 and Dip UDoop. = D.

Under this protocol, the training set solely consists of drugs
drawn from Dip, while validation and test sets include drug pairs
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where at least one drug belongs to Do op..

Dhirain = {(di,dj, cx) | di,d; € Dip, cx € C},
Dyalid U Drest = {(di,dj, ck) | di € Doop. Vdj € Doop.,ck € C}.
(2)

3.2 Target-Adaptive Disentangled Molecular
Graph Encoding

To capture both intrinsic molecular topological structures and
target-dependent characteristics, we propose the target-adaptive
disentangled molecular graph encoding model. We first learn target-
relevant and target-irrelevant molecular representations through
disentangled molecular graph encoding, then condition the target-
relevant representations on various cell targets through cross-attention
with associated target proteins by target-adaptive representation
learning. To further encourage target-adaptive disentanglement,
we explicitly impose a decorrelation constraint on the conditioned
target-relevant representations so that they can well preserve dif-
ferent target-specific information.

Disentangled Molecular Graph Encoding. Each drug molecule
d is represented as a molecular graph G4 = (Vy, &4) where V;
and &y denote the node set and edge set respectively. For each
node v € Vy, we extract a set of node-level representations from
M heterogeneous GNNs, and aggregate them into a graph-level
vector:

76, :cbpool( D ‘I’(GNNI(U),...,GNNM(U))), 3)
veVy

where ¥(-) denotes a feature fusion operator over multiple GNN

views, and @001 (+) represents the pooling function. The resulting
embedding zg, € RP captures structural and chemical charac-
teristics of the molecular graph. To separate intrinsic molecular
characteristics from target-dependent characteristics, we introduce
a disentanglement head that decomposes zg, into target-irrelevant
representations and target-relevant representations:

irr

zy =Winzg,, zrdEI =Wrezg,, (4)

where zg‘ € RPir captures intrinsic properties of the molecular
graph that are independent of specific target protein instantiations,
while szl € RPre carries the target-relevant information, with
Digy + Drel = D.

Target-Adaptive Representation Learning. Target proteins play a
critical role in drug synergy prediction, as they mediate the molec-
ular mechanisms through which drugs exert their effects. To incor-

porate target-specific biological context, we further condition zifl

on drug-associated targets. Let {t(F) }Ik; denote the embeddings

of the K corresponding targets related to drug d, obtained from a
pretrained protein encoder ESM-2 [27]. We apply a cross-attention
mechanism between szl and {t*) }le to produce target-adaptive
representations:

ifik) = CrossAttn(Ziiel, t<k)) , k=1... K. ®)

The final molecular representations are formed by concatenat-
ing the target-irrelevant representations with all target-adaptive
representations,

i - ~(K
ea =1z 1 1250 ©
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Figure 2: The overall framework of OOD-GraphLLM . OOD-GraphLLM is able to conduct accurate O.0.D. generalized DSP by
integrating cellular contextualized molecular graph representation learning and LLMs together through four jointly optimized
components, i.e., (1) Target-Adaptive Disentangled Molecular Graph Encoding; (2) Pairwise Attentive Graph Architecture
Search; (3) Multi-Level Contextualized Cellular Feature Alignment; and (4) Finetuned DrugSyn-LLM with Retrieval-Augmented

Biomedical Instruction Tuning.

To further encourage disentanglement across different target con-
ditioned representations, we impose a decorrelation constraint di-
rectly on the set of target-adaptive representations. Specifically, for
K target-adaptive representations {i;k) }le, we explicitly penalize
statistical dependencies between every pair of these representa-
tions. For (k, k") with k # k', we first normalize the representations
within a mini-batch and compute their cross-correlation matrix:

1 AT
I ,:7~<k>(~<k>) ) 7
ki = o 2|2 ™
where Dy denotes the dimensionality of each target-adaptive rep-
resentation. The decorrelation loss is then defined as the average

squared Frobenius norm of the cross-correlation matrices over all
pairs:

1
Liecorr = m k;/ ||Ck:k,||i‘ . (8)

By minimizing Lgecorr, the model is encouraged to learn represen-
tations that encode distinct aspects of target-relevant drug informa-
tion, thereby reducing redundancy in representation spaces. This
design enforces functional disentanglement across target-irrelevant
and target-relevant representations under different cell target con-
texts, and plays a critical role in improving generalization under
drug-level O.0.D. settings.

3.3 Pairwise Attentive Graph Architecture
Search

Given new pairs of drugs, we propose the pairwise attentive graph
architecture search algorithm to discover the optimal GNN archi-
tectures for calculating drug molecular graph representations ac-
curately. There are three core parts for completing this task: i)
molecular pairwise attention that injects bidirectional drug pair
context into molecular graph representations, ii) latent operator
space parameterization that projects candidate message-passing
operators into a continuous and differentiable latent space, and
iii) adaptive routing for architecture search that dynamically selects
and assembles the most appropriate operators based on molecular
graph representations in the projected latent space.

Molecular Pairwise Attention. Let eq, and e4, denote molecular
graph representations of the two drugs (i.e., d; and d;) obtained in
Sec 3.2. To incorporate the influence of one molecule on the other,
we introduce a bidirectional drug pair context injection module
based on multi-head attention. Specifically, the representation of
drug d; is expressed as follows:

hg, = eq, + FEN (A, (Q.K, V), ©)
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where the query is constructed by Q = Woey,, while the key-
value pairs are derived from d; as K, V = Wi yeg,. An analogous
operation is applied symmetrically to obtain hg,.

Building upon the target-adaptive disentangled molecular graph
representations from Sec 3.2, this attention mechanism allows the
pairwise attentive representations to encode pharmacophoric sig-
nals that are critical for extrapolating to drug combinations under
distribution shifts.

Latent Operator Space Parameterization. To support pairwise at-
tentive architectural customization while preserving differentiable
trainability, we introduce a latent parameterization of candidate
message-passing operators. At each GNN layer /, we maintain a
collection of aggregation primitives O = {opil), op;l), R op,(,? }
where each primitive encodes a distinct strategy for information

propagation in molecular graph. We project them into a shared la-
O]
1
able vector ofl) € R%». The resulting set &) = {oil), .. .,05,11)}
defines a continuous operator space that enables smooth interpola-
tion between aggregation patterns.

To ensure that different operators remain functionally distin-
guishable within this latent space, we explicitly discourage exces-
sive similarity among their representations. Specifically, we intro-
duce a layerwise separation constraint that penalizes high cosine
similarity between distinct operator descriptors:

tent operator space by associating each operator op,;’ with a learn-

) 0 \?
1 0; %j

_ n, 1
m(m=1) &\ oI, 10} Il,

I
Lig = (10)
This regularization term softly enforces angular separation among
operator representations, preventing the latent operator space from
collapsing into a low-rank configuration. The overall L.} is ob-

tained by averaging .Es(él), across all layers.

Adaptive Routing for Architecture Search. Given the drug rep-
resentation hy, we modulate the contribution of each candidate

operator at layer I through an adaptive routing mechanism. The
O]

routing weight assigned to operator op;”’ is computed as follows:

exp ((ha.of"))
7 exp ((hay o))

where (-, -) denotes the dot-product similarity. These routing weights
can be used to select the best operators for assembling the optimal
graph neural architecture. As such, molecular graph representa-
tions of the corresponding drugs can be computed through the
optimal graph neural network as follows:

alb =

(11)

m
xgﬂ) = Z agl) opf.l) (x(dl>) , x‘(io) = Zy, (12)
i=1
where x{(jlﬂ) denotes the computed molecule representation at layer
1. This algorithm allows operator parameters and routing weights
to be jointly optimized during finetuning, effectively inducing pair-
aware computational graphs.

By conditioning operator routing on pairwise attentive molecular
graph representations, this adaptive mechanism prevents the model
from over-specializing to spurious correlations observed in the
training distribution. As a result, the learned representations x4,

KDD ’26, August 09-13, 2026, Jeju Island, Republic of Korea

and x4, capture not only intrinsic molecular structures, but also
pair-aware structural adaptations that are capable of generalization
to 0.0.D. settings for new drugs.

3.4 Multi-Level Contextualized Cellular Feature
Alignment

Drug synergy is inherently cell line dependent, as cellular envi-
ronments determine drug sensitivity, pathway activation, and syn-
ergistic effect. To explicitly incorporate cellular context into drug
representations and LLM finetuning, we introduce the multi-level
contextualized cellular feature alignment mechanism. At the struc-
tural level, molecular graph representations are augmented with cell
line information in the form of context feature concatenation. At
the semantic level, cellular textual descriptions and gene expression
profiles are utilized to align with the LLM input space.

Structural Level Feature Alignment. We utilize cell line gene ex-
pression profiles to capture context-dependent atomic interactions
when learning molecular graph representation. Given a cell line
¢, let x, € RP< denote its gene expression feature vector, which is
transformed into context representations e, via a projection func-
tion: e, = ¢etx(Xc). For drug d characterized via a molecular graph
Ga = (V4,Ey), each atom in drug d can be described by node
v € Vy, which is associated with an initial atomic feature vector z,.
We augment the molecular graph representation by concatenating
the context representations with atomic feature vectors as follows:

Yo e V. (13)

Zy = [z |l ec],

This results in a contextualized molecular graph g;e”, in which
the atom (i.e., node) representations contain the cellular contexts.
Such structural level contextualization allows downstream graph
encoders to take the influence of cell specific biological contexts
into consideration.

Semantic Level Feature Alignment. In addition to structural level
concatenation, we further align cellular information at the semantic
level by projecting cell line descriptions into the input space of the
LLM. Specifically, given textual descriptions of cell line ¢ together
with its gene expression vector x., we employ a tokenizer and a
BERT-based projector [23] to obtain a set of cell specific tokens and
representations:

T, = Tokenizer(c), Ec = Pproj, (Xc)s (14)

where T, denotes the discrete cell tokens and E,. represents con-
tinuous cell representations aligned with the input space of the
LLM.

By jointly leveraging structural and semantic level represen-
tation contextualization, we are able to align cellular contexts to
molecular graphs and language models simultaneously, which is a
critical support for O.0.D. generalized DSP for new drugs.

3.5 DrugSyn-LLM with Retrieval-Augmented
Biomedical Instruction Tuning

We finetune DrugSyn-LLM, our biomedical LLM, with the pro-
posed Retrieval-Augmented Biomedical Instruction Tuning strategy
to inject various domain knowledge into LLM while enabling task-
specific reasoning. Given an input prompt %, the tokenized textual
descriptions of the cell line T, its projected representations E., the
tokenized SMILES sequences of two drugs Tsmies, and Tsmgs,,
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DrugSyn-LLM aims to produce an appropriate response R with
accurate prediction.

To bridge molecular graph representations and natural language
reasoning, the drug representations x4, and x4, obtained in Sec
3.4 are first projected into the language-aligned space via ¢poj,,
which adopts the same BERT-based architecture as ¢y, but is
parameterized independently, yielding Eq; = ¢proj, (X4,) and Eg, =
Pproj, (Xa,)- The overall training procedure consists of two stages:
biomedical instruction tuning and task-specific training.

Stage I: Biomedical Instruction Tuning. In the instruction tun-
ing stage, we aim to ground the LLM with biomedical knowledge
relevant to drug and cell contexts. For each training instance, we
first retrieve domain-specific biomedical knowledge from curated
databases. The retrieved information is organized into a structured
biomedical description and utilized by the target response R. The
instruction prompt Pi,s; is then deliberately designed to query, ex-
plain, or summarize such biomedical evidence, guiding the language
model to generate expert level domain knowledge.

During instruction tuning, the large language model is optimized
to reproduce the retrieved biomedical descriptions conditioned
on the corresponding prompts. Formally, the training objective
maximizes the likelihood of generating the target response R in the
autoregressive token space as follows:

Linst = —1og p(R | Pinse, Te, TsmiLes;» TsMILES, ) » (15)

which encourages the model to internalize pharmacological and
biological priors through retrieval-augmented supervision.

Stage II: Task-Specific Training. In the second stage, we adapt the
instruction-tuned DrugSyn-LLM to the DSP task. The prompt P4k
is instantiated with task-oriented instructions, while the expected
response R corresponds to the predicted category and its associated
synergy score. In addition to textual inputs, the projected repre-
sentations E., E4,, and Eg4, are injected into the LLM as auxiliary
continuous representations. The task training objective is defined
in the generative output space of the language model. Specifically,
the model is optimized to maximize the likelihood of producing a
structured task response R = {Rjabel, Rscore }» Which encodes both
the synergy type and the corresponding synergy score as follows:

Liask = —10g p(R | Prask Te, Tsmiees, » TsmiLes,s Ec, Eqy Eay) . (16)

Putting All Together. The overall training objective combines the
generative task loss with representation and architecture regular-
ization terms as follows:

L =6 Linst + (1= 3) Liask + & Laecorr + ﬁ Lsep) (17)

where § is a stage indicator that activates the instruction-tuning
objective, i.e., § = 1 during biomedical instruction tuning and § = 0
during task-specific training.

4 Experiment

We conduct extensive experiments under two O.0.D. settings for
both synergy classification and score regression to evaluate the ef-
fectiveness of our proposed OOD-GraphLLM model. Comparisons
against a wide range of baselines demonstrate that our method con-
sistently achieves superior performance under distribution shifts.
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Table 1: 0.0.D. Dataset Splitting Statistics based on Scaffold
and Size. Ogcafrord and Ggize denote the splitting thresholds used
to partition the dataset into in-distribution (Dyp.) and out-
of-distribution (Do o.p.) subsets.

Scaffold-based Splitting
Dataset ‘ Oscaffold (mol)  Dip.  Doop. Dirain - Dvatid  Dhrest

Bliss 13 1364 424 84766 20391 20391
Hsa 13 912 243 72830 17864 17865
Loewe 9 1775 272 109676 27070 27070
Zip 13 1320 413 59513 14767 14767

Size-based Splitting

Dataset ‘ Osize (Da) Dip. Do.op. Dhrain Dvalid Drest
Bliss 305 1305 480 83318 21115 21115
Hsa 305 878 277 71964 18302 18302
Loewe 260 1753 294 112276 25770 25770
Zip 300 1295 438 60330 14358 14359

Chemical Space Vi (t-SNE) — Bliss Dataset

%, g ¥ s o

- i bRt
Size Split Random Split
ization (t-SNE)— Loewe Dataset

Scaffold Split Size Split

@ Train Set

Random Split

@ Test Set

Figure 3: Chemical space visualization.

4.1 Settings

Dataset. We derive all drug combination data from DrugComb [46],
which contains totally 1,432,351 unique <drug, drug, cell line>
triplets. Each triplet is annotated with synergy measurements under
four scoring schemes, namely Loewe, Bliss, HSA, and ZIP. Detailed
definitions and computation rules for these synergy scores are
provided in Appendix A. Drug-related information and features
is primarily obtained from DrugBank [19], while gene expression
profiles of cell lines are collected from the CancerRx-Gene [42]
database. We first filter the samples following the recommendation
of the SynergyFinder software [13] documentation, retaining only
drug combinations that exhibit pronounced synergistic or antago-
nistic effects (|score| > 10). Subsequently, the filtered dataset is par-
titioned into Drp and Do op, according to the protocol described
in Sec 3.1, where scaffold refers to the core chemical framework of
a molecule that defines its structural backbone, while size denotes
the molecular weight of the compound. Specifically, domains with
descriptor values exceeding a predefined threshold 6 are assigned
to the training split, while the remaining domains are used for
validation and testing, following common practice [16]. Training,
validation, and test sets are organized with an approximate ratio of
4:1:1. Dtailed statistics are reported in Table 1.
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Table 2: Comparative performance on scaffold-based and size-based O.0.D. DSP classification and regression tasks. The top-
performing method is highlighted in bold. We also report the percentage improvement of these metrics compared to the
second-best performing method. “-” indicates that the corresponding method does not support this task.

Setting Model Bliss

HSA

Loewe ZIP

ACCT AUCT MAE| RMSE| ACCT AUCT MAE| RMSE| ACCT AUCT MAE| RMSE | ACCT AUCT MAE | RMSE |

Scaffold-Based O.0.D. Drug Synergy Prediction Tasks

DeepSynergy 64.53 72,14 24.83 3405 72.88 75.62 14.19 1861 93.01 8228 1331 1773 67.16 75.61 17.73  22.32
DFFNDDS 55.98 47.75 - - 66.04 49.58 - - 80.74  53.59 - - 49.91 48.17 - -
TranSynergy 5495 61.21 26.69 3441 7679 7314 1451 1874 9293 77.66  12.62 1751 57.46 65.16 17.42  21.17
DNN- MatchMaker 59.80 62.92 2556 3429 77.97 7371 1428 1852 93.11 7855 1235 1733 5749 67.35 17.07  20.71
TreeCombo 61.80 68.70 28.08 43.62 7235 7632 1570 1951 93.05 80.14 1452 2290 65.65 7523 16.24  19.93
Based pfarSy 58.51 61.32 27.17 36.07 74.67 7318 1542 1939 9292 7722 1236 17.71 5519 66.21 17.35  20.89
DTSyn 56.89  59.79 - - 74.42  69.49 - - 63.08  77.67 - - 62.03  69.22 - -
SynergyX - - 27.76  35.28 - - 1558  19.34 - - 13.82  19.60 - - 1751  21.16
DeepDDS 62.10  66.82 - - 68.70  73.95 - - 91.18  74.30 - - 66.61 74.21 - -
DDoS 63.71  70.26 - - 71.16  73.03 - - 91.53  76.38 - - 68.97 76.27 - -
GNN- GAECDS 61.54 61.82 - - 71.23 7256 - - 91.93  78.94 - - 65.96  71.90 - -
Based JointSyn 59.07 62.86 2656  34.41 77.26 69.62 14.73 1899 9281 7356 1259 18.01 6236 71.09 16.16  20.33
MFSynDCP 65.01  70.60 - - 67.31 73.42 - - 7521 70.93 - - 68.83  76.07 - -
AttenSyn 55.91  58.51 - - 76.62  70.90 - - 92.76  72.73 - - 58.00 61.15 - -
LLm- CancerGPT 71.74 81.17 2174 3263 77.65 80.66 13.74 18.72 89.52 85.64 1349 1930 76.08 7811 1421  19.29
Based BAITSAO 68.29 7518 2477 3328 7513 79.85 1507 1888 91.61 80.42  14.01 19.18 68.03 76.21 15.02  19.00
OOD-GraphLLM 77.27 8531 20.63 29.24 80.98 8348 1174 16.91 9355 86.19 10.09 1580 76.98 85.84 11.56 17.17
%7 +7.71% +5.10% -5.11% -10.39% +3.86% +3.50% -14.56% -8.69% +0.54% +0.64% -25.20% -12.27% +1.18% +9.90% -18.65% -9.63%
Size-Based 0.0.D. Drug Synergy Prediction Tasks
DeepSynergy 68.31 78.05 27.46 3586 7585 7595 1474 1857 91.31 78.07 1299 17.67 73.34 83.12 17.04  24.07
DFFNDDS 54.51  50.95 - - 68.40 50.78 - - 87.46  57.84 - - 51.32  50.67 - -
TranSynergy 59.31 6245 26.66 3582 7648 77.46 1453 1843 92.86 7696 1219 17.03 61.65 65.17 17.92  22.39
DNN- MatchMaker 58.18 62.66 2687 3558 7576 71.80 1439 1921 9272 7654 1213  17.06 63.98 69.97 1730  22.02
TreeCombo 62.54 67.87 2774 39.09 69.38 73.39 1583  19.97 92.60 7835 1358 19.43 68.22 76.03 16.22  20.53
Based pfarSy 56.73 59.26 27.97 36.85 7411 7035 1491 1953 9286 77.82 12.13 17.33 5398 6849 18.10 22.21
DTSyn 54.76  57.33 - - 73.01  68.03 - - 92.46  77.66 - - 64.28  69.40 - -
SynergyX - - 26.95  35.98 - - 14.69  19.50 - - 12.48  18.08 - - 1835  22.56
DeepDDS 65.69 71.29 - - 71.92  77.07 - - 87.98  79.25 - - 68.06  74.09 - -
DDoS 66.90  73.37 - - 72.00  75.37 - - 90.48  72.49 - - 69.06  74.09 - -
GNN- GAECDS 58.54 62.28 - - 71.65 70.23 - - 90.48  79.09 - - 60.87  72.00 - -
Based JointSyn 59.12 6240 26.60 3445 76.08 66.98 1527 1978 9270 79.61 1223 17.74 63.03 70.14 16.62  21.35
MFSynDCP 65.28  69.85 - - 65.99  70.61 - - 77.10  71.35 - - 65.94 71.89 - -
AttenSyn 53.86  56.38 - - 72.47  67.60 - - 92.76  78.71 - - 61.93  65.36 - -
LLM- CancerGPT 71.92 80.30 2397 3539 77.75 7814 14.00 19.10 93.17 8523  11.66 17.47 73.99 81.75 14.07  21.65
Based BAITSAO 69.38  76.91 2436 33.13 7659 79.63 14.96 18.79 92.65 80.67  12.65 17.57 69.39 7640 1593  21.19
OOD-GraphLLM 77.66 85.79 20.85 30.05 79.97 83.00 10.95 16.30 96.17 96.80 10.42 16.00 76.56 85.25 12.66 19.72
%7 +7.98% +6.84% -13.02% -9.30% +2.86% +4.23% -21.79% -11.56% +3.22% +13.58% -10.63% -6.21% +3.47% +2.56% -10.02% -3.95%

Distribution Analysis. Based on a set of generic chemical space
descriptors, we visualize the molecular distributions of the Bliss
and Loewe datasets under different splitting strategies using t-SNE.
As illustrated in Fig. 3, the proposed O.0.D. split yields a clear
separation between the train set (Dyp ) and the test set (Do op.)
across multiple chemical dimensions. This separation substantially
increases the difficulty of model generalization, as test compounds
reside in chemically distinct regions from those observed during
training. In contrast, conventional random splitting, although in-
troducing unseen drugs in the test set, leads to strong overlap and
coupling between seen and unseen compounds in chemical space,
thereby failing to provide a reliable assessment of a model’s gener-
alization capability.

Baselines. We perform extensive benchmarking against three
categories of baseline methods: (i) Conventional DNN-based mod-
els: DeepSynergy [31], DFFNDDS [41], TranSynergy [28], Match-
Maker [20], TreeCombo [15], MarSY [6], DTSyn [11], and Syn-
ergyX [8]; (ii) GNN-based methods: DeepDDS [37], DDoS [32],
GAECDS [22], JointSyn [26], MESynDCP [5], and AttenSyn [38];
(iii) State-of-the-art LLM-based approaches: CancerGPT [25] and

BAITSAO [29]. The comparisons across multiple paradigms en-
sure rigorous evaluations under diverse architectural and learning
settings.

Drug Descriptors. We retrieve drug-related information from the
DrugBank [19] database, including SMILES sequence and basic
physicochemical properties for each drug. These drug descriptors
are aligned with the downstream drug—drug-cell line triplets using
drug names as a common identifier. The SMILES sequences are
further processed using the RDKit [21] toolkit to construct graph-
structured molecular representations, where atoms and bonds are
modeled as nodes and edges. In addition to molecular structures,
other retrieved drug attributes are incorporated through carefully
designed prompts and corresponding target outputs, which are
used during the instruction tuning stage in Sec 3.5 to enhance the
model’s ability to leverage heterogeneous drug knowledge.

Cell Line Representations. We obtain cell line features from the
CancerRx-Gene [42] resource, which provides Robust Multi-array
Average (RMA)-normalized [14] basal gene expression profiles for
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approximately 1000 human cancer cell lines. Each cell line is origi-
nally characterized by genome-wide transcriptional measurements
covering 17,737 genes. In this study, we focus on a subset of 908
landmark genes curated by the L1000 project [33].

Protein Representations. We obtain the amino acid sequences
of target proteins from UniProt [3] and encode them using ESM-
2 [27]. ESM-2 is a large-scale protein language model pre-trained
on millions of protein sequences, which captures rich evolutionary
and structural information through self-supervised learning.

Implementation Details. For classification settings, we evaluate
model performance using Accuracy and Area Under the Receiver
Operating Characteristic Curve (AUC-ROC). For regression tasks,
we adopt Mean Absolute Error (MAE) and Root Mean Squared Error
(RMSE) as evaluation metrics. We employ galactica [35] pre-trained
on large-scale scientific corpora as the backbone LLM architecture.
In addition, the cross-modal projection layers are initialized with
representations derived from SciBERT [1], providing a semantically
informed starting point for multimodal alignment. Most experi-
ments are conducted on NVIDIA A100-SXM4 GPUs with 40 GB
memory.

4.2 Results

As shown in Table 2, OOD-GraphLLM consistently outperforms all
other baselines across all metrics, datasets, and settings. This demon-
strates the superior performance of OOD-GraphLLM in addressing
0.0.D. generalized DSP. We have the following key observations:

Classification Results. i) The classification metrics on Loewe are
consistently higher than those on others. This phenomenon can
be attributed to the severe class imbalance in Loewe, under which
conditions AUC provides a more reliable measure of discriminative
performance. Notably, our method achieves a clear advantage on
this metric, highlighting its superior classification capability despite
the biased label distribution. ii) LLM-based methods demonstrate
superior advantages, suggesting that large language models can
leverage semantic information to generalize to O.0.D. drug pairs. By
explicitly retrieving and injecting domain-specific medical knowl-
edge, our method achieves a clear performance margin over generic
LLM-based approaches. iii) DNN-based and GNN-based methods
exhibit no substantial difference in overall performance. Notably,
some even underperform DeepSynergy [31], which relies on drug
fingerprints, in O.0.D. settings. This suggests that incorporating ex-
cessive or highly complex features may introduce significant noise
and redundancy, leading models to capture spurious correlations
that fail to generalize beyond the training distributions.

Regression Results. i) Regression constitutes a more challenging
task, as it requires accurate modeling of fine-grained numerical
outcomes rather than coarse decision boundaries. Compared with
corresponding baselines, our method exhibits a markedly larger
performance margin, providing stronger evidence of its effective-
ness and accuracy. ii) Several methods are not inherently designed
to handle both tasks in a unified manner or are limited to a single
prediction paradigm, while others derive classification outcomes
indirectly from regression value ranges, which may introduce eval-
uation bias and compromise result fidelity. Our method is capable
of simultaneously generating both outputs in a chain-of-thought
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manner, enabling coherent reasoning across tasks, which endows
OOD-GraphLLM with greater flexibility and scalability.
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Figure 4: Ablation studies of OOD-GraphLLM.

4.3 Ablation Study

To assess the impact of individual components within our OOD-
GraphLLM, we perform an ablation study on HSA score dataset un-
der both splits. Model performance is evaluated using accuracy for
classification and RMSE for regression. We design multiple model
variants, where each variant excludes a particular component:

e w/0 R-IT: We remove the retrieval-augmented biomedical in-
struction tuning and directly perform task-specific training
without external knowledge retrieval.

e w/o Decor: We discard the decorrelation constraint Lgecorrs
thus removing the enforcement of disentanglement among
target-conditioned drug representations.

o w/0 NAS: We disable the neural architecture search process and

instead adopt a handcrafted graph neural network to represent

molecular structures.

w/o Attn: We eliminate the pairwise attention mechanism and

guide the architecture search using independent drug represen-

tations solely.

w/o Sep: We remove the separation constraint L, which

enforces the dispersion of operation representations.

w/o Ctx: We exclude structural level cell line features as the

contexts and only utilize raw molecular graph topological fea-

tures.

The ablation results are summarized in Fig. 4. Removing any
single component consistently leads to noticeable performance
degradation across different metrics, indicating that each compo-
nent contributes meaningfully to our OOD-GraphLLM. Among all
variants, w/o Ctx and w/o NAS incur the most pronounced per-
formance drops, particularly on the more challenging regression
task. This observation highlights the importance of explicitly mod-
eling cell line contextual information, as well as tailoring neural
architectures based on target-adaptive molecular encodings.

4.4 Hyperparameter Analysis

To investigate the sensitivity of our framework to key hyperparame-
ters, we analyze the impact of varying & and f8 in Eq. 17 on both clas-
sification and regression performance in the size-based splitted zip
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dataset. Specifically, we consider a, f € {0.0, 1e—3, 5e—3, 1e—2, le—1},
and report the results in Fig. 5.
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Figure 5: Hyperparameter sensitivity analysis for «, f, differ-
ent prompts and prototypes per layer.

As shown in the figure, the model achieves the best overall
performance when a = 5e—3, while increasing or decreasing o leads
to noticeable performance degradation across different tasks. In
contrast, increasing f beyond this range has a relatively minor effect
on both accuracy and RMSE, whereas reducing f results in a more
pronounced decline. Consistent with the ablation study, removing
either loss term corresponding to « or f§ causes a significant drop
in performance, highlighting the necessity of both components in
our objective.

We further evaluate the robustness of our framework to different
prompt formulations. We consider three prompts under the same
experimental setting on the Bliss dataset: P1: “Do the two drugs
exhibit synergy effects? What is their [score] synergy score?”; P2:
“Classify the synergy effects between the two drugs and report
their [score] synergy score”; and P3: “As a pharmacovigilance
officer, how would you classify and calculate the [score] synergy
score between the two drugs?”. The performance remains stable
across these prompt variants, suggesting that our framework is not
overly sensitive to surface-level prompt wording. This robustness
indicates that the model primarily relies on the learned structural,
contextual, and semantic representations rather than exploiting a
specific prompt template.

Finally, we analyze the effect of the number of prototypes per
layer in the architecture search module. This hyperparameter con-
trols the capacity of the architecture search space by determining
how many prototype operations are maintained at each layer. The
results show that increasing the number of prototypes from 2 to
6 consistently improves both classification and regression perfor-
mance. We use 6 prototypes per layer as the default setting, which
achieves the best overall performance in our experiments.
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Figure 6: A case study on 5-Fluorouracil and Vorinostat.

4.5 Case Study

We further present a case study on 5-Fluorouracil and Vorinostat,
whose molecular scaffolds and sizes both exhibit substantial topo-
logical shifts relative to the training distributions, in the NCI-H226
cell line under Bliss score.

Specifically, as shown in Fig. 6, 5-Fluorouracil and Mitoxantrone
share a target-conditioned clue related to the survival motor neu-
ron (SMN) protein. Although structurally distinct, both contain
polar carbonyl-bearing planar motifs that can support hydrogen-
bond-mediated interactions around SMN-associated protein-RNA
interfaces, suggesting a shared biochemical basis for modulating
SMN complex stability rather than acting through direct enzymatic
inhibition. This shared polar interaction pattern provides a trans-
ferable SMN-related signal for O.0.D. inference. Similarly, Vorino-
stat and Romidepsin converge on histone deacetylase regulation,
particularly HDAC4 and related zinc-dependent HDAC isoforms.
Vorinostat inhibits HDACs through hydroxamate-based Zn** chela-
tion, whereas Romidepsin, after intracellular reduction, exposes a
thiol group that serves an analogous metal-coordinating role. These
shared SMN- and HDAC4-centered clues indicate that our target-
adaptive modeling can align mechanistically related signals across
structurally divergent drugs, thereby supporting generalization
under O.0.D. settings.

5 Conclusion

In this work, we propose OOD-GraphLLM, a novel graph LLM
framework for out-of-distribution (0.0.D.) generalized drug syn-
ergy prediction (DSP) that unifies molecular graph representation
and biomedical semantic language representations through a joint
optimization. Extensive experiments demonstrate that the pro-
posed OOD-GraphLLM consistently outperforms state-of-the-art
approaches on various DSP tasks. To the best of our knowledge,
OOD-GraphLLM is the first attempt to study O.0.D. generalized
DSP by resorting to graph large language models.
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A Experiment Details
A.1 Operations

To enable flexible architecture search over molecular graph en-
coders, we define a candidate operator set O at each layer I. All
operators are implemented as bond-aware message-passing func-
tions, where node features x; and bond features e;; are jointly used
to construct molecular messages.

e GCNmol. A GCN-style operator that combines neighboring
node features with bond features and performs degree-normalized
aggregation.

e GINmol. A GIN-style operator that applies an MLP to the
central node feature and aggregated bond-aware neighbor
messages:

h; = MLP| (1 + €)x; + Z ReLU(x; +¢;j) |. (18)
JEN(i)
e GATmol. An attention-based operator that weights bond-
aware neighbor messages with attention coefficients a;;:

hi = Z aineLU(xj+eij). (19)
JEN(i)

e SAGEmol. A GraphSAGE-style operator that aggregates bond-
aware neighborhood information and fuses it with a trans-
formed root-node representation.

e Graphmol. A GraphConv-style operator that applies separate
transformations to the central node and aggregated neighbor
messages before combining them.

e MLPmol. A graph-agnostic operator that only applies a learn-
able linear transformation to the current node feature, serv-
ing as a skip-like transformation candidate.

All candidate operators share a unified interface. During archi-
tecture search, the model learns a weighted combination over these
operators, allowing each layer to adaptively select suitable message-
passing functions for molecular representation learning.

A.2 Prompt Design

Prompt:
The cell line of this drug pair is [START_CELL]<DESC>[END_CELL]<Cell Embed>
The first drug is [START_SMILES]<SMILES; >[END_SMILES]<Drug Embed;>

The second drug is [START_SMILES]<SMILES,>[END_SMILES]<Drug Embed,>

Instruction Tuning Stage Task Training Stage

Q: What are the descriptions of the two
drugs?

Q: Do the two drugs exhibit synergy
effects? What is their <Score_Name>
score?

A: Yes./No. The absolute value is above
<LB> and below <UB>, thus the accu-
rate value is <Score>.

A: The first drug is <drugnamel> and
has property <property1>. The second
drug is <drug-name2> and has property
<property2>.

Figure 7: Detailed input prompt design for DrugSyn-LLM.

As illustrated in Fig. 7, we carefully design the prompts used
to fine-tune DrugSyn-LLM. Specifically, cell line information and
drug smiles are incorporated as the backbone prompt to provide

sufficient biological and chemical context. During the instruction
tuning stage, the question-answer format is centered on describing
and reasoning about intrinsic drug properties. In the subsequent
task-specific training stage, we adopt a Chain-of-Thought (CoT)
prompting strategy. The model is first guided to predict the categor-
ical synergy outcome, after which it is prompted to infer a bounded
interval by specifying the lower and upper bounds of the synergy
score. Finally, the model is instructed to output an exact numerical
value within this range.

A.3 Instruction Tuning Stategy

To inject reliable biomedical knowledge into the instruction tun-
ing process, we design the retrieval procedure as a curated and
deterministic grounding mechanism, which aims to ensure that
the language model receives high-quality and consistent textual
knowledge during training.

Specifically, we construct a local drug-description database from
DrugBank [19]. For each drug, we collect its metadata from the
IDENTIFICATION section, where the Summary field is used as the
primary textual description. For a small number of drugs with
missing or incomplete structured entries in DrugBank, we manually
verify and supplement their descriptions using trusted biomedical
sources such as ChEMBL [44].

During instruction tuning, retrieval is performed by exact match-
ing with DrugBank identifiers. Given a drug in a training instance,
its DrugBank ID is used to deterministically map the drug to its
corresponding description in the local database. This description
is directly formatted into the target instruction text as structured
biomedical knowledge.

A.4 Implementation Details

We train the model using the AdamW [30] optimizer with a numeri-
cal stability constant of € = 1e—8 and apply weight decay (1 = 0.05)
as a regularization mechanism. The learning rate is governed by
a two-stage schedule, where it is first gradually increased from
le—6 to le—4 during the warm-up phase, and subsequently reduced
following a cosine decay strategy until 1e—5. Although different
parameter groups are assigned distinct base learning rates, they all
share the same global scheduling policy. To enable efficient fine-
tuning of the LLM, we adopt Low-Rank Adaptation (LoRA) [10]
with rank r = 16, while keeping approximately 99.8% of the original
model parameters frozen.

B More Analyses
B.1 Message Passing

To further understand how information propagates during archi-
tecture search, we analyze the operation weights and relate them
to molecular structural properties. For each molecule occurrence,
we extract the learned operation weights and compute their associ-
ations with multiple structural properties.

For the correlation between operation weights and structural
metrics, we noticed that the operation weights are not uniformly
distributed across molecular structures. In particular, GATmol shows
a positive Spearman correlation with heavy atom count (p = 0.4701).
Similarly, GRAPHmol is positively correlated with aromatic ring
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count (p = 0.4495), suggesting that graph-level aggregation be-
comes more important for ring-rich molecular structures.

We visualize operation preferences across molecular structural
groups in Fig. 8. The visualization reveals clear structural special-
ization. Small and hetero-atom-rich molecules show stronger pref-
erence for GINmol. In contrast, GINmol is suppressed in ring-rich
molecules. Ring-rich molecules instead show increased preference
for MLPmol, suggesting that the model relies more on feature trans-
formation and less on GINmol-style local expressive aggregation
for ring-rich structures.

Representative molecule-level examples further support this
trend. A small hetero-atom-rich molecule, CN1C(=0)N2C=NC(=C2N
=N1)C(=0)N, assigns high weight to GINmoL, indicating that expres-
sive local aggregation is useful for compact structures with dense
hetero-atom patterns. By contrast, a larger aromatic multi-ring
molecule, CS(=0) (=0)C1=CC(=C(C=C1)C(=0)NC2=CC(=C(C=C2)C1)C3=
€C=CC=N3)Cl, shows increased weights for GATmoL and GRAPH-
MoOL, consistent with the need for attention-based and graph-level
propagation over larger aromatic systems.

large
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aromatic_rich

= -

Preference

ring_rich

Structural group

few_rings

moderate

3
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> > ™
o o o0
o o o

Operation

Figure 8: Structural-group preferences of diverse message-
passing operations. Colors indicate relative within-group
operation preference after subtracting the mean operation
weight of each structural group. Positive values indicate op-
erations emphasized within a group, while negative values
indicate relatively suppressed operations.

B.2 Interpretability

We further examine whether the internal representations of our
framework provide biologically and chemically meaningful sig-
nals. We conduct interpretability analyses at two levels: target-level
attention and substructure-level SMILES attention.

Target-level interpretability. We first inspect the cross-attention
scores between drug representations and protein-target embed-
dings. For each analyzed drug-combination sample, we identify the
target receiving the highest attention weight and compare it with
known pharmacological mechanisms. Representative examples are
summarized in Table 3. The attended targets are consistent with
established biological knowledge in several cases. For example, KU-
55933 attends strongly to ATM, which agrees with its known role as
an ATM inhibitor involved in DNA damage response. Similarly, Im-
iquimod attends to Toll-like receptor 7, consistent with its function
as a TLR7 agonist.

Xin Wang, Linxin Xiao, Yang Yao, and Wenwu Zhu

Table 3: Target-level interpretability examples.

Mechanistic Rele-

Drug Pair
vance

Top Attended Target

Serine-protein kinase ~ATM inhibition / DNA

ATM damage response
Immune activation via

TLR7 signaling
Oxidative stress and

Glutathione reductase  detoxification path-
ways

Perifosine + KU-55933
5-Fluorouracil + Im-
iquimod

Melphalan hydrochlo-
ride + Carmustine

Toll-like receptor 7

Substructure-level interpretability. We further analyze whether
the model focuses on chemically meaningful molecular substruc-
tures. Specifically, we project the final-layer language-model at-
tention scores back to the SMILES characters and identify high-
attention local fragments. Figure 9 visualizes three representative
drugs. Each panel shows the character-level SMILES attention
heatmap, with cyan boxes marking the highest-attention fragment.
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Figure 9: Substructure-level SMILES attention visualization
for Fingolimod, Decitabine, and Nilutamide. Warmer col-
ors indicate higher character-level attention. Highlighted
regions correspond to high-attention local fragments, and
the bar plots report their fractions of total SMILES attention.

The highlighted fragments are chemically interpretable. For Fin-
golimod, the model assigns high attention to the amino-alcohol-
containing region, which is consistent with the polar head-group
characteristics of this molecule. For Decitabine, the attention con-
centrates on an N/O-rich nucleoside-like region, matching its chem-
ically distinctive heteroatom-rich structure. For Nilutamide, the
model emphasizes the fluorinated aromatic-side fragment, includ-
ing the trifluoromethyl-related region, which is relevant to lipophilic-
ity and molecular recognition in medicinal chemistry.

Overall, these results provide supporting evidence that the learned
representations capture signals aligned with known pharmacologi-
cal and medicinal-chemistry knowledge.
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