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Abstract

Predicting drug—target affinity (DTA) is central to
drug discovery, yet most deep learning models rely
on a single static protein structure, neglecting the
conformational heterogeneity that underlies many
binding mechanisms. We propose MultiGeo, a
DTA prediction framework that explicitly leverages
multiple protein conformations rather than a single
snapshot. For each target, MultiGeo starts from an
ensemble of structure predictions and uses confi-
dence scores to adaptively select a small set of high-
quality, diverse conformers. A hierarchical struc-
tural encoder then extracts multi-scale geometric
features from these conformers, which are aggre-
gated by a GRU to obtain an ensemble-level repre-
sentation. To avoid indiscriminately mixing noisy
or redundant views, we introduce a disagreement-
aware gating mechanism that adaptively fuses this
ensemble representation with the dominant struc-
ture only when the additional conformers provide
complementary information. Finally, ligand—target
interactions are modeled via a block-wise cross-
attention module that captures multi-perspective
dependencies between ligand and protein features.
Extensive experiments on multiple DTA bench-
marks demonstrate that MultiGeo consistently out-
performs state-of-the-art baselines, showing that
explicitly encoding conformational diversity yields
more accurate and robust affinity prediction.

1 Introduction

Drug-Target Affinity (DTA) prediction, quantifying the bind-
ing strength between a ligand and a protein, represents a cen-
tral and persistent challenge in early-stage drug discovery
[Vefghi et al., 2025]. While modern high-throughput screen-
ing (HTS) technologies [Shaik and Balya, 2025] offer high
fidelity, their immense financial and temporal burdens render
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Figure 1: Comparison of protein graph representation frameworks.
(a) The traditional approach utilizing a single static input. (b) Our
MultiGeo framework incorporating an Adaptive Conformer Selec-
tion strategy for ensemble representation.

the exhaustive exploration of vast chemical libraries imprac-
tical. To mitigate these experimental costs, accurate compu-
tational prediction has become indispensable for accelerating
virtual screening [Ashburn and Thor, 2004]. Consequently,
data-driven deep learning models have emerged as a power-
ful alternative.

Early sequence-based models, such as DeepDTA [Oztiirk
et al., 2018] and WideDTA [Oztiirk ef al., 20191, utilized
CNN s to process SMILES and amino acid sequences. To bet-
ter capture long-range dependencies within these sequences,
subsequent models integrated RNNs [Karimi e al., 2019]
and LSTM [Zheng er al., 2020] networks. However, these
sequence-centric models were inherently limited in their ca-
pacity to model the true structural environment and spatial
organization that govern molecular recognition and binding.
This limitation prompted a shift toward graph-based repre-
sentations, which excel at modeling topological structure. Pi-
oneering works like GraphDTA [Nguyen er al., 2021] intro-
duced graph neural networks (GNNs) to encode the atomic
graph of drug molecules. This paradigm was later extended
to proteins, with models such as DGraphDTA [Jiang erf al.,
2020] and WGNN-DTA [Jiang er al., 2022] constructing
residue-level interaction graphs from predicted contact maps,
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thereby incorporating a coarse form of structural informa-
tion. Furthermore, the integration of Graph Transformers, as
seen in AttentionMGT-DTA [Wu et al., 2024], has refined
this approach by capturing intricate non-local dependencies,
particularly within key regions like binding pockets. More re-
cently, advances in structural biology, especially AlphaFold2
[Jumper et al., 2021], have accelerated structure-aware DTA
modeling. Some approaches like CASTER-DTA [Kumar et
al., 2025] directly leverage equivariant graph neural networks
to capture 3D spatial arrangements.

Despite these significant advancements, a critical limita-
tion remains: most models rely on static protein structures,
ignoring the conformational flexibility required for binding
[Vefghi et al., 2025]. As illustrated in Figure 1(a), whether re-
lying on 1D sequences, advanced Graph Transformers, or 3D
complexes, current models almost universally treat proteins
as rigid, static entities, dependent on a single crystal struc-
ture or a single computational prediction. This simplification
starkly contrasts with biological reality, where proteins ex-
ist as dynamic conformational ensembles [Henzler-Wildman
and Kern, 2007]. By neglecting the intrinsic structural plas-
ticity and conformational heterogeneity [Kannan and Na-
ganathan, 2025], these single-snapshot models often fail to
capture the full spectrum of interaction possibilities, limiting
their generalization to novel targets.

To bridge this gap, we introduce MultiGeo, a novel frame-
work designed to shift the paradigm from single-snapshot
modeling to multi-geometry aggregation (as shown in Fig-
ure 1b). Instead of relying on a single structure, our model
leverages an energy-ranked ensemble of conformers pre-
dicted by AlphaFold2 to explicitly encode structural plasticity
[Kalakoti and Wallner, 2025]. By strictly distinguishing be-
tween informative structural variance and random prediction
noise, MultiGeo transforms raw conformational diversity into
robust predictive signals.

Specific contributions of this work are as follows:

* We propose MultiGeo, an end-to-end framework that in-
tegrates an adaptive conformer selection strategy. This
approach utilizes confidence scores to filter the Al-
phaFold2 ensemble.

¢ QOur framework uniquely integrates a Hierarchical Struc-
tural Encoder with a disagreement-aware gating mecha-
nism, enabling the adaptive fusion of ensemble plasticity
with the dominant structural representation.

» Extensive experiments on two DTA datasets demon-
strate the viability, effectiveness, and superiority of our
MultiGeo.

2 Materials and methods

2.1 Geometric Graph Representation

Drug Graph Representation

As shown in Figure 2(a), to effectively capture the chemi-
cal topology and physicochemical properties of ligands, each
drug molecule is represented as a molecular graph G4 =
(V4, Eq). Given a drug SMILES string, we utilize the built-
in algorithm of RDKit to generate the conformer of the
molecule. The set of nodes V; corresponds to the heavy

atoms, while the set of edges F; comprises covalent chemical
bonds. Each node v € Vj is associated with a compact feature
vector x,, € R™®. The node features encompass a selected set
of atomic attributes, including atomic symbol, degree, total
number of hydrogens, implicit valence, and aromaticity. Sim-
ilarly, edges are initialized with feature vectors x, € R'" en-
coding bond type, conjugation status, ring membership, and
stereochemistry. This topological graph structure allows the
model to learn from the chemical connectivity of the ligand.

Protein Graph Representation

Regarding the target protein, Figure 2(a) depicts the genera-
tion of a raw ensemble consisting of K4 predicted struc-
tures via ColabFold (AlphaFold2). Unlike previous meth-
ods that construct graphs solely based on Euclidean distances
from a single snapshot, we propose a confidence-aware graph
construction strategy utilizing the outputs from the protein
language model. Each protein conformer is modeled as a ge-
ometric graph G, = (V},, E};), where nodes represent amino
acid residues centered at C, coordinates. The edges are con-
structed based on the Predicted Aligned Error (PAE) matrix.
An edge is established between residue ¢ and j if the expected
error in their relative position is below a strict threshold (e.g.,
8.0A). This topological structure filters out unreliable con-
tacts, ensuring that the graph edges represent high-confidence
physical interactions.

2.2 MultiGeo Model Architecture

Adaptive Conformer Selection Strategy

To filter prediction noise, we apply an Adaptive Conformer
Selection step shown in Figure 2(a), which utilizes the
pLDDT (predicted Local Distance Difference Test) score as
the metric for structural reliability. Instead of a fixed hard
threshold, we employ an adaptive filtering strategy based on
the statistical distribution of the entire dataset. First, we com-
pute the global standard deviation (o g;opq1) of pPLDDT scores
across all conformers in the training set. For a specific target

protein ¢ with a maximum confidence score 57(,2“; (typically
from the Rank 1 structure), we define a dynamic acceptance
threshold 7(*):

7 =80 X Ggopal (1)

where )\ is a hyperparameter controlling the tolerance (e.g.,
A = 1.0). We construct the final ensemble G, by retain-
ing only those conformers whose mean pLDDT scores ex-
ceed 78, resulting in a refined set of K¢ selected conformers
(where 1 < Ky < Kiotqr). This strategy ensures that the
model includes alternative conformers only when their struc-
tural plausibility is statistically comparable to the dominant
state, thereby effectively filtering out low-quality predictions
while preserving valid conformational diversity.

Ensemble Landscape Feature Extraction

Upon determining the set of K valid conformers via the
adaptive selection strategy, we construct an ordered feature
sequence by extracting high-level representations from the
shared Hierarchical Structural Encoder. Specifically, let S0
denote the sequence of graph-level representations extracted
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Figure 2: Overview of the MultiGeo framework. The architecture consists of four key modules: (a) Ensemble Landscape Feature Extrac-
tion uses a GRU to capture structural plasticity. (b) Static Geometric Feature Extraction derives a robust static reference via cross-attention
pooling. (c) Cross-Modal Interaction Feature Extraction captures ligand-target dependencies through block-wise cross-attention. (d) In-
tegrative Affinity Prediction adaptively fuses these features using a Disagreement-Aware Gate Control mechanism to predict the final

binding affinity.

from the final block L for each selected conformer (sorted by
confidence):
Sprot = H(l)

prot’

H®

proty *

H(KS)} )

) ~Eprot

where Hz()l:")ot € R represents the geometric embedding of
the k-th conformer (for kK = 1,..., K). This sequence cap-
tures the variation of structural features from the most proba-
ble state (Rank 1) to alternative meta-stable states.

To synthesize these distinct snapshots into a holistic repre-
sentation, we employ a Unidirectional Gated Recurrent Unit
(GRU) to sequentially process the conformer features and

learn the latent dependencies between different energy states:

hj, = GRU (H,ﬁ’;’)ot, hk,l) 3)

The final hidden state h_, obtained after processing the en-
tire sequence, serves as the compact representation of the en-
semble.

We define the raw plasticity context, denoted as hy,qsticity.
by projecting this final accumulated state:

hplasticity = LayerNOl”m (Wensth + bens) (4)

This vector hyqs¢icity €ncapsulates the inherent latent poten-
tial for deformation of the target protein, providing the nec-
essary input for the subsequent gating mechanism.

Static Geometric Feature Extraction

To extract robust static representations for both the ligand
and the target, we design a unified Hierarchical Structural
Encoder composed of L stacked blocks. This encoder is
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shared across the drug graph G4 and each of the selected
protein conformer graphs {G,(}), cey GZ(DK")}. Within each
structural block, feature extraction commences with a Trans-
former Convolution layer to dynamically aggregate neighbor
information. For a node 7 at layer [, the updated feature vector
h/ is computed as:

h; =Wpo (hgl 1)—|— Z Q;j (thgl 1)+WEeij)> 5
JEN(4)
where e;; denotes edge features (specifically integrated for
the ligand to capture chemical bond attributes, while set to
zero for the protein), and «;; is the attention coefficient.
This is followed by an Intra-Graph Attention layer to capture
long-range dependencies. Crucially, each block concludes
with a Self-Attention Graph Pooling (SAGPooling) operation
to achieve hierarchical abstraction. A learnable importance
score s; is computed to adaptively weight nodes based on
their structural significance:

s; = o(wl, - GCN(h})), H® = Readout(h’ ®s) (6)

While this process directly yields the hierarchical block fea-

bl k . . . .
Fures H,;, for th(? hganq, the protein requires synthesiz-
ing K5 conformers into a single stable reference. Therefore,
we aggregate the protein outputs at each block level using
a Cross-Attention Pooling mechanism. To prioritize high-
quality structures, we incorporate the pLDDT score as an ex-
plicit bias. The attention score s,(cl) for conformer k at block [
is computed as:

l ! gk
S]((;) = Wgool ta‘nh(wl)H;T)ot,k) +7- SI()L)DDT @

where S’SZ)D pr Tepresents the normalized and centered con-
fidence score, serving as a quality bias, and y is a pre-defined
weighting factor controlling its influence. Based on the nor-
malized weights oz,(cl)
the weighted sum:

from a softmax function, we compute

prot

K
1 UwlUIS AL (R ®
k=1

The output from the final block L, denoted as Hﬁmt, serves
as the static dominant representation, acting as the consensus

baseline for prediction.

Cross-Modal Interaction Feature Extraction
To rigorously evaluate the compatibility between the ligand
and the target, we implement a deep interaction mechanism
based on Block-Wise Cross-Attention. Unlike conventional
methods that rely on the late fusion of global embeddings,
this approach enables the ligand and target to interact at mul-
tiple structural resolutions, ranging from local atomic envi-
ronments to global domain-level motifs.

Let H%2°* denote the output of the Hierarchical Structural

drug
Encoder for the drug, and let H;:::ff ¢ denote the Fused Hi-

erarchical Block Features for the protein derived in Section
3.2.2:
H/wit € REX4 ©9)

block Lxd
H € R™"Y, Drot

drug

where L is the number of structural blocks and d is the hidden
dimension.

To model the mutual influence between the molecules, we
first compute Bidirectional Block Attention. The drug fea-
tures query the protein features to form a drug-centric con-
text, while the protein features symmetrically query the drug

features. We project HY%% and HJ"*** into queries (Q),
keys (K), and values (V). The drug-to-protein context Cq4_,,

and protein-to-drug context C,,_, 4 are computed as:

QdKT
Cip = softmax < \/gp Vv,

KT
C,—q = softmax (Q]\Dfdd) Vy4

To aggregate these multi-scale” interactions into unified
vector representations, we apply mean pooling across the
block dimension L, augmented with residual connections to
the original features:

€q = Mean(Cq,p, + Hljllﬁf;“)

fused (l 1)
prot )

(10)

Cp = Mean(C,q + H

Integrative Affinity Prediction

This final stage integrates the extracted feature streams to pre-
dict the binding affinity. First, building upon the global drug
and protein contexts (C4 and c,) derived in the previous sec-
tion, we move beyond simple feature concatenation to rigor-
ously evaluate compatibility. We employ a multi-perspective
interaction fusion strategy. Inspired by heuristic matching
methods in natural language inference, this operation explic-
itly decomposes the interaction into distinct views, utilizing
the element-wise product to capture similarity and the abso-
lute difference to measure discrepancy:

hinieract = quse[éd§ Cp; €4 © Cp; |éd - ép” +bfuse (12)

where © represents the element-wise Hadamard product, | - |
denotes absolute difference, and [; -] denotes concatenation.
h;pteract serves as the robust Cross-Modal Interaction Rep-
resentation.

Simultaneously, to adaptively modulate the contribution
of structural plasticity, we process the raw plasticity context
hyasticity (from Module a) using a disagreement-aware gat-
ing mechanism. Let HZ, , (from Module b) be the static ref-
erence of the dominant state. The gating signal g is computed
based on the heuristic comparison between the dynamic con-
text and the static reference:

6= hplasticity - ngot (13)
g=0 (Wgate [hplasticity ; Hﬁrot ; 67 |6H) (14)

This mechanism allows the model to emphasize the ensemble
landscape features only when the conformational landscape
provides significant complementary information to the static
structure. The gated ensemble feature is formally defined as:

Hze)?gfmble = ﬁ g O] hplasticity (15)

where (3 is a learnable scaling factor initialized to 0.
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Dataset Metric

Graph(GAT) Graph(GIN) WGNN(GAT) WGNN(GCN) G-K Bert DeepDTA DeepDTAGen GTOmega MultiGeo

MSE (1) 0.591 0.614 0.639 0.751 0.547  0.507 0.662 0.479 0.454
pAvis RMSE() 0769 0.783 0.799 0.867 0740  0.712 0.814 0.692 0.674
PCC(1) 0314 0.220 0.220 0.285 0332 0337 0.194 0.424 0.449
rZ, (1) 0.094 0.040 0.042 0.066 0.098  0.103 0.032 0.154 0.171
MSE (}) 0.522 0.418 0.460 0.498 0.405 0.494 0.431 0.384 0.365
Kipa RMSE() 0722 0.647 0.678 0.705 0636 0.703 0.656 0.619 0.604
PCC (1) 0.522 0.666 0.611 0.565 0.666 0577 0.646 0.686 0.690
r2 (1) 0.268 0.405 0.339 0.296 0408  0.294 0.370 0418 0.460

The best score is in bold, the second best is underlined.

Table 1: Performance comparison on Davis and KIBA datasets (Cold-Drug setting).

Dataset Metric

Graph(GAT) Graph(GIN) WGNN(GAT) WGNN(GCN) G-K Bert DeepDTA DeepDTAGen GTOmega MultiGeo

MSE (}) 0.568 0.557 0.572 0.601 0554 0571 0.662 0.556 0.455
pavis RMSE() 0753 0.746 0.756 0.775 0744 0756 0.814 0.746 0.674
PCC (1) 0314 0.451 0.404 0.377 0457  0.083 0.194 0.454 0.593
2, (1) 0.094 0.186 0.162 0.136 0.191  0.006 0.032 0.189 0.311
MSE (1) 0.574 0.507 0.446 0.448 0488  0.444 0.500 0417 0.389
Kiga RMSE() 0757 0.712 0.667 0.669 0.698  0.667 0.707 0.645 0.624
PCC () 0.432 0.526 0.611 0.607 0.551 0.628 0.534 0.648 0.677
2, M 0.180 0.176 0.343 0.339 0397 0387 0.284 0.397 0.404

The best score is in bold, the second best is underlined.

Table 2: Performance comparison on Davis and KIBA datasets (Cold-Target setting).

Finally, we construct the comprehensive feature vector by
concatenating the static drug representation, the gated ensem-
ble feature, and the interaction feature:

hfinal = [hgrug; H;;Lgfmble; hinteract} (16)

This vector is then passed through an MLP regressor to yield
the predicted binding affinity ¢:

g = MLPpred(hfinal) (17)

To train the MultiGeo framework end-to-end, we utilize the
Mean Squared Error (MSE) as the loss function:

LY
L= N;(yi —§:)? (18)

This strategy ensures that the final prediction is informed
by local geometry, deep cross-modal dependencies, and the
global conformational plasticity of the target.

3 Experiments and Results

3.1 Experimental Setup

Dataset. We evaluated our MultiGeo model on two bench-
mark datasets: Davis [Davis et al., 2011] and KIBA [Tang
et al., 2014]. Binding affinity values are typically expressed
by dissociation constants (K 4), inhibition constants (X;), or
half maximal inhibitory concentrations (/C5g). For the Davis
dataset, affinities are K4 values, converted to the logarith-
mic scale as pKy = — log,,(K4/10°), ranging from 5.0 to

10.8. The KIBA dataset uses a unified scoring system based
on Ky, K;, and ICyg, with values mainly between 10.0 and
17.2. Duplicate samples were removed to ensure data quality.

To rigorously assess generalizability, we employed three
challenging splitting settings, consistent with the Therapeu-
tics Data Commons benchmarks:

e Drug Cold-start: Test set drugs are unseen during train-
ing, while targets are shared. This evaluates the model’s
ability to extrapolate to novel compounds.

 Target Cold-start: Test set targets are new, but drugs are
seen during training. This assesses generalization to un-
known proteins.

* Drug-Target Cold-start: Both drugs and targets in the
test set are entirely novel. This represents the most chal-
lenging and realistic scenario for DTA prediction.

To ensure comprehensive comparability with existing lit-
erature, we additionally conducted standard 5-fold cross-
validation experiments. Detailed results and implementation
codes are available at https://github.com/refasdas434-tech/
MultiGeo.

Evaluation Metrics. To quantitatively evaluate the predic-
tive performance, we employed four standard metrics: Mean
Squared Error (MSE), Root Mean Square Error (RMSE),
Pearson Correlation Coefficient (PCC), and the squared cor-
relation coefficient with zero intercept (r2,). For MSE and
RMSE, lower values indicate superior performance, whereas
for PCC and r2,, higher values imply better predictive accu-

racy.
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Dataset Metric

Graph(GAT) Graph(GIN) WGNN(GAT) WGNN(GCN) G-K Bert DeepDTA DeepDTAGen GTOmega MultiGeo

MSE () 0.825 0.531 0.874 0.663 0.548 0.553 0.632 0.522 0.494
DAVIS RMSE () 0.908 0.729 0.935 0.815 0.740 0.743 0.795 0.722 0.703
PCC (1) 0.076 0.030 0.026 0.070 0.028 0.104 0.075 0.160 0.266
2 M 0.004 0.001 0.003 0.004 0.001 0.010 0.006 0.025 0.069
MSE (}) 0.724 0.753 0.662 0.701 0.678 0.657 0.653 0.601 0.596
KIBA RMSE (}) 0.851 0.868 0.813 0.837 0.824 0.811 0.808 0.775 0.772
PCC (1) 0.379 0.342 0.383 0.343 0.338 0.410 0.372 0.460 0.472
r2, (D) 0.129 0.109 0.136 0.108 0.112 0.151 0.136 0.199 0.208
The best score is in bold, the second best is underlined.
Table 3: Performance comparison on Davis and KIBA datasets (Cold-Drug-Target setting).
Davis Cold-Drug Parameter Analysis
GNN Layers Analysis Learning Rate Analysis A Analysis
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08 4 Layers=1 08 7 LR=le-5| 0.8 =03
0.556 Layers=2 LR=le-4 0.527 =10
Layers=3 LR=5e-4 &N =15
061 Y s Layers=4 06 7 ooy e LR=le-3| 0670, o L =20
2 2 3
2 04 4 2 04 9 g 0.4+ 0.299
e 0275 o1 > 0.259 T 0.171
02 4 0.070 02 4 W60 0.2 4 0.081
0.0 ] 0.0 3 0.0 3
MSE Pearson L MSE Pearson L MSE Pearson r

Figure 3: Parameter sensitivity analysis on the Davis dataset under the Cold-Drug setting, including the effects of GNN layers, learning rate,

and the standard deviation factor ().

Baselines. To validate the efficacy of our MultiGeo, we
evaluate it against three state-of-the-art sequence-based tech-
niques: DeepDTA [Oztiirk et al., 2018], DeepDTAGen
[Shah et al., 2025], and G-K BertDTA [Qiu ez al., 2024]. Ad-
ditionally, we perform experiments with three structure-based
techniques: GraphDTA [Nguyen er al., 2021] (incorporat-
ing GAT_GCN and GIN variants), WGNN-DTA [Jiang et
al., 2022] (incorporating GAT and GCN variants), and DTA-
GTOmega [Quan et al., 2025].

Implementation Details. The proposed MultiGeo is im-
plemented utilizing PyTorch [Paszke et al., 2019] and the
Deep Graph Library (DGL) [Wang, 2019]. All experiments
were executed on a workstation equipped with an NVIDIA
GeForce RTX 4090 GPU to accelerate the training process.

3.2 Comparison with Baselines

Tables 1-3 report the performances of the proposed method
and recent state-of-the-art approaches on the DAVIS and
KIBA datasets under three challenging scenarios. Experi-
mental results demonstrate that the proposed MultiGeo com-
prehensively outperforms other models on the DAVIS dataset
when faced with unseen targets or drugs, which verifies the
effectiveness and generalization of our framework. In three
challenging scenarios, our method achieves PCC gains of

5.9% (Cold-Drug), 30.6% (Cold-Target), and a remarkable
66.2% (Cold-Drug-Target) over the best baseline models.
This signifies that our MultiGeo is capable of capturing sub-
tle yet critical patterns in drug-target interactions, specifically
the structural plasticity that other static models may overlook.
Besides, it can be observed that our MultiGeo also achieves
promising performance on the KIBA dataset. In comparison
with the runner-up GTOmega, MultiGeo consistently main-
tains the lowest MSE across all settings. These observations
further verify the robustness of our model across different
data distributions. Among all baselines, the performance of
structure-based methods (e.g., GTOmega, WGNN-DTA) is
generally better than that of sequence-based methods (e.g.,
DeepDTA, DeepDTAGen). This indicates that simply ex-
tracting representations from target sequences is not sufficient
to capture the inherent properties, and the spatial arrangement
and three-dimensional conformation of proteins play a crucial
role in their affinity to drugs. In comparison, the proposed
method not only leverages high-fidelity geometric graphs but
also exploits the conformational landscape in a hierarchical
manner and adaptively fuses them via a disagreement-aware
gating mechanism for end-to-end learning. This approach al-
lows for a more comprehensive understanding of the drug-
target interaction landscape, leading to improved predictive
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accuracy.

3.3 Ablation study

Effectiveness of designed components. We conduct an ab-
lation analysis by evaluating the following MultiGeo variants:

* w/o AttnFusion: Replaces attention pooling with the
single Rank-1 structure, discarding ensemble diversity.

* w/o DrugRepr: Removes the static drug representation
(hgm ") from the final concatenation.

* w/o GRU: Removes the GRU module, thereby neglect-
ing the structural plasticity context.

* w/o Gating: Removes the gating mechanism, directly
concatenating unfiltered ensemble features with other
representations.

¢ w/o Interaction: Excludes the explicit interaction fea-
tures (W terace) from the final prediction.

Methods Davis KIBA
MSE| PCCt 72, MSE|{ PCCt 72,

MultiGeo 0454 0449 0.171 0365 0.690 0.460
w/o AttnFusion 0.561 0.196 0.036 0419 0.634 0.345
w/o DrugRepr 0.503 0356 0.112 0417 0.669 0.376
w/o GRU 0.552 0.178 0.031 0.406 0.673 0.403
w/o Gating 0.718 0.250 0.043 0.418 0.661 0.381
w/o Interaction  0.549  0.216 0.046 0.501 0.550 0.298

Table 4: Ablation study on Davis and KIBA dataset under the Cold-
Drug setting

Table 4 reports the performance of MultiGeo and its five
variants on the Davis and KIBA datasets. It can be observed
that all variants produce decreased performances compared to
the full model, verifying that each designed component con-
tributes positively to the final prediction. Specifically: (1)
The variant w/o Gating exhibits the most severe performance
degradation on Davis (MSE rises to 0.718). This demon-
strates that indiscriminately concatenating ensemble features
introduces substantial noise, thereby validating the necessity
of our disagreement-aware gating mechanism to filter redun-
dancy and retain only complementary signals. (2) The supe-
riority of MultiGeo over w/o GRU and w/o AttnFusion con-
firms that hierarchically, integrating the structural plasticity
context with a robust static consensus provides a more precise
description of the protein than single-snapshot approaches.
(3) The notable decline in w/o Interaction highlights the ef-
fectiveness of the multi-perspective fusion strategy in captur-
ing ligand-target compatibility. (4) The reduced performance
of w/o DrugRepr indicates that preserving the fundamental
static representation remains essential. Collectively, these re-
sults confirm that MultiGeo effectively creates a synergy be-
tween static geometry and conformational plasticity.

3.4 Hyper-parameter Sensitivity Analysis

Effect of GNN layers and learning rate. We first evaluate
the impact of network depth and learning rate (LR). As shown
in Figure 3 (Left), the model achieves optimal performance
with 2 GNN layers. Increasing the depth beyond this leads

to performance degradation, likely due to the over-smoothing
phenomenon where node features become indistinguishable.
Regarding the learning rate (Figure 3 Middle), the best result
is observed at le-4. A larger LR (1le-3) causes severe insta-
bility and poor convergence (MSE surges to 0.6691), while a
smaller LR (1e-5) fails to escape local minima efficiently.

Effect of the standard deviation factor \. Crucially, we
investigate the coefficient A in the adaptive conformer selec-
tion strategy to evaluate the trade-off between ensemble di-
versity and structural quality. As depicted in Figure 3 (Right),
the model peaks when A = 1.0. The results indicate that
a higher A (e.g., 2.0) introduces excessive noise from low-
quality conformers, hindering effective learning. Conversely,
alower A (e.g., 0.5) overly restricts the ensemble, filtering out
valuable conformational variations and reducing the model to
a near-static representation. Thus, A’ = 1.0 strikes the optimal
balance for capturing valid structural variations.

(a)Tar‘get:NEKG (ib)TﬂgeE:AAM
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Figure 4: Visualization of protein-ligand interactions. (a) The
binding poses of NEK6 with Sunitinib (top) and Sorafenib (bot-
tom). (b) The binding poses of AAK1 with Tozasertib (top) and
Danusertib (bottom). Key residues forming interactions are high-
lighted.

3.5 Case Study

To assess whether MultiGeo captures meaningful geomet-
ric interactions, we visually analyzed top-ranked unobserved
drug—target pairs from the Davis dataset. As shown in Fig-
ure 4, the predicted complexes of NEK6 and AAKI1 place lig-
ands in plausible binding pockets and highlight interactions
with key residues. These observations support the reliability
of the predicted affinities.

4 Conclusion

In this work, we propose MultiGeo, a novel framework that
shifts the paradigm of DTA prediction from single-snapshot
modeling to conformational landscape aggregation. Address-
ing the limitations of rigid representations, MultiGeo explic-
itly encodes the intrinsic structural plasticity essential for
complex binding mechanisms. By integrating the adaptive
conformer selection strategy with the disagreement-aware
gating mechanism, our framework rigorously filters predic-
tion noise while intelligently fusing complementary plastic-
ity features. Comprehensive experiments demonstrate that
MultiGeo not only establishes a new state-of-the-art across
challenging cold-start scenarios but also validates the crit-
ical importance of integrating multi-conformational ensem-
bles to overcome the inherent rigidity prevalent in traditional
approaches.
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