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Abstract

With the rapid advancement of deep learning, drug target in-
teraction (DTI) prediction has seen substantial performance
enhancements. However, existing methodologies face a crit-
ical, yet unaddressed challenge, i.e., the Modality Reliabil-
ity Gap. Such a gap arises from the unpredictable variance
in the informativeness and reliability of 1D sequence versus
3D structural data across different drug-target pairs, critically
limiting model robustness and domain generalization capa-
bilities. To overcome it, we introduce DrugCMF, a novel
Drug-Target interaction prediction method via Confidence-
aware Multimodal Fusion framework designed specifically
to bridge the Modality Reliability Gap. Specifically, the
DrugCMF employs a four-stage approach: (1) it extracts rich
features by utilizing four pre-trained models to obtain token-
level embeddings from both 1D sequences and 3D structures.
(2) it preserves modality informativeness by independently
learning interaction patterns within each modality through
a Token-level Interaction module. (3) it explicitly quanti-
fies the reliability gap by employing a novel confidence es-
timation mechanism to dynamically learn weights for each
modality. (4) it bridges the gap by using these confidence
scores to guide a learnable cross-modal fusion module, adap-
tively fusing information from the most trustworthy source.
By methodically addressing the Modality Reliability Gap,
DrugCMF significantly outperforms SOTA methods.

Code — https://github.com/deku-0621/DrugCMF

Introduction

Drug-Target Interaction (DTI) prediction is crucial in com-
putational drug discovery (Zheng et al. 2020), as it identi-
fies potential binding relationships between small molecules
and protein targets. With the advent of deep learning
techniques, numerous deep learning-based methods have
emerged (Chen et al. 2020; Lu et al. 2022), enabling efficient
DTI prediction and facilitating large-scale drug screening in
a relatively short time. To better capture the intricacies of
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molecular binding patterns, researchers are increasingly us-
ing multimodal representations that combine 1D sequences
and 3D structures (Luo et al. 2024; Lee et al. 2024).
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Figure 1: An example of the Modality Reliability Gap. (Top)
AlphaFold2 predictions can be uncertain for some protein
structures. (Bottom) Pharmacological activity varies among
conformational isomers, which cannot be accurately repre-
sented by sequences information.

However, we identify a more fundamental challenge that
current methods fail to resolve, which we term the Modality
Reliability Gap. This gap arises from unpredictable, sample-
specific discrepancies in the informativeness and reliability
between 1D and 3D modalities. For example, as shown in
Figure 1 (Bottom), different conformations of a drug molec-
ular generated via RDKit (Landrum 2013) may lead to en-
tirely distinct binding modes and biological activities, while
sequence information fails to accurately capture such dif-
ferences. Furthermore, as depicted in Figure 1 (Top), pro-
tein structures predicted by AlphaFold2 (Jumper et al. 2021)
from protein sequences still possess uncertainties in atomic
accuracy and local details, consequently impacting the pre-
cision of protein binding pockets. Thus, this unpredictable
gap necessitates that the model dynamically estimates which
modality should be trusted more for each specific drug-
target pair.



Existing approaches struggle to address this challenge.
Single modality models (Chen et al. 2020; Nguyen et al.
2021; Gao et al. 2023) attempt to avoid the modality gap
by relying solely on one type of information. This inevitably
leads to incomplete representations. Although recent multi-
modal approaches (Luo et al. 2024; Lee et al. 2024) have
emerged, they typically adopt static or naive fusion strate-
gies that fail to adapt to the modality reliability gap. These
methods fail to balance inter-modal conflicts or effectively
exploit valuable information, which restricts their general-
ization ability for novel drugs and targets.

To tackle this challenge, we propose DrugCMF,
a confidence-aware multimodal fusion framework for
drug—target interaction prediction, which consists of four
key components: (i) We leverage four state-of-the-art pre-
trained models (Ross et al. 2022; Su et al. 2023; Zhou
et al. 2023; Heinzinger et al. 2024) to comprehensively en-
code both one-dimensional sequence and three-dimensional
structure information of drugs and proteins. (ii) A token-
level bidirectional cross-attention mechanism is introduced
to capture fine-grained binding interactions between drugs
and targets. (iii) A modality confidence estimation module
dynamically assesses the informativeness of each modal-
ity across diverse drug-target pairs, enabling dynamic fu-
sion of reliable modalities while mitigating the impact of
noisy ones. (iv) Finally, a learnable-query cross-modal fu-
sion module is designed to extract complementary informa-
tion across modalities, achieving more effective and robust
multimodal integration.

For clarification, the contributions of our method can be
summarized as follows:

* We have defined and resolved the Modality Reliability
Gap in DTT research, a problem driven by the diverse in-
formational value and trustworthiness of each modality.

Our novel confidence-aware multimodal fusion frame-
work dynamically evaluates and integrates modality in-
formation, bridging the modality gap to achieve superior
prediction performance.

Extensive experiments demonstrate that DrugCMF con-
sistently outperforms SOTA baselines in both in-domain
and out-of-distribution settings.

Related Work
Multimodal Fusion

Multimodal learning has emerged as a powerful paradigm
for integrating complementary information across diverse
data modalities, typically achieving superior performance
compared to unimodal approaches (Guo, Wang, and Wang
2019; Xu, Zhu, and Clifton 2023). The core challenge lies
in effective fusion strategies (Gadzicki, Khamsehashari, and
Zetzsche 2020; Boulahia et al. 2021), which are commonly
categorized into early fusion (Tian et al. 2018; Schlarmann
et al. 2025), intermediate fusion (Fan et al. 2023; Gao et al.
2024), and late (decision) fusion (Wang et al. 2021; Liu et al.
2021). Early fusion integrates raw data through concatena-
tion or addition (Liu et al. 2023; Schlarmann et al. 2025),
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but struggles with heterogeneous modalities and inconsis-
tent feature scales. Intermediate fusion, supported by evi-
dence from neuroscience (Macaluso 2006), enables cross-
modal interaction at the feature level through complex ar-
chitectures (Zhang et al. 2024b), while late fusion remains
widely adopted for its simplicity and interpretability (Liu
et al. 2021; Han et al. 2022a). Recent advances in dynamic
fusion mechanisms, like uncertainty-based weighting (Li
et al. 2022; Han et al. 2022a; Zhang et al. 2023), adaptively
balance modality contributions, and have shown success in
fields such as autonomous driving (Chen et al. 2025) and
medical diagnosis (Lu et al. 2023).

Confidence and Uncertainty Estimation

Recent advances in uncertainty modeling have witnessed
the emergence of various confidence-based approaches (Han
et al. 2022a; Zheng et al. 2023; Zou et al. 2023; Zhang et al.
2023; Gao et al. 2024). Bayesian Neural Networks (BNNs)
(Denker and LeCun 1990; Mackay 1992; Neal 2012) quan-
tify model confidence through parameter distributions, while
their improved variant MC-Dropout (Gal and Ghahramani
2015, 2016) employs stochastic dropout mechanisms for
efficient confidence estimation. Within ensemble learning
frameworks (Lakshminarayanan, Pritzel, and Blundell 2017;
Havasi et al. 2020), predictive disagreement among multi-
ple models serves as a confidence metric. Notably, Eviden-
tial Deep Learning (EDL) (Sensoy, Kaplan, and Kandemir
2018) directly models prediction confidence by construct-
ing evidence space, circumventing complex sampling pro-
cedures. Recent studies have further explored confidence
modeling through Dempster-Shafer theory (DST) (Han et al.
2021, 2022b) and energy scores (Liu et al. 2020), which
employ distinct mathematical frameworks to quantify pre-
diction reliability. Confidence-based methods demonstrate
unique advantages in uncertainty estimation due to their di-
rectness and interpretability (Lu et al. 2024; Hu et al. 2025).

Drug-Target Interaction

With the advancement of deep learning techniques (Le-
Cun, Bengio, and Hinton 2015), researchers have developed
various innovative methods. Early representative works,
such as DeepDTA (@Ztl'irk, Ozgiir, and Ozkirimli 2018),
employed CNNs to process SMILES strings (Weininger,
Weininger, and Weininger 1989) and protein sequences,
while DeepConv-DTI (Lee, Keum, and Nam 2019) com-
bined molecular fingerprints with CNNs for prediction. Sub-
sequent studies like GraphDTA (Nguyen et al. 2021) and
MGraphDTA (Yang et al. 2022) introduced GNNs to model
molecular graph structures, significantly improving feature
extraction capabilities. In recent years, attention-based mod-
els such as TransformerCPI (Chen et al. 2020) and MolTrans
(Huang et al. 2021) have further enhanced prediction accu-
racy by capturing long-range dependencies. Recent trends
(Luo et al. 2024; Lee et al. 2024) indicate a growing use
of multimodal information in DTI, but challenges persist in
cross-modal interaction modeling, particularly concerning
the integration of spatial conformations of drug-target com-
plexes. These gaps highlight the need for reliability-aware
models that our work directly addresses.
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Figure 2: Our DrugCMF comprises four main stages: (i) A multimodal feature encoder utilizes four pre-trained models for fine-
grained feature extraction from drug-target pairs. (ii) An intra-modal token-level bidirectional cross-attention module learns
interaction patterns within each modality. (iii) A confidence regression network, fconf, €stimates the predictive probability

TC P of a modality-specific classifier f for the true label, quantifying modality informativeness. (iv) A learnable cross-modal
fusion mechanism effectively integrates information richness across diverse modalities.

Method

As shown in Figure 2, we detail the architecture of
DrugCMF, our proposed framework designed specifically
to address the Modality Reliability Gap introduced above.
The framework operates in a sophisticated, multi-stage pro-
cess: (1) extracting modality-specific representations, (2)
capturing intra-modal interaction patterns, (3) quantifying
the reliability of each modality for the given sample, and
(4) adaptively fusing information guided by the learned reli-
ability scores.

Formally, given a drug molecule represented by its 1D
SMILES sequence Dip = (dy,ds,...,dy,) (d; denotes
chemical symbols) and 3D molecular conformation D;p
together with a target protein represented by its 1D amino
acid sequence T1p (a1,az,...,apr,) (@; € Ay, Ay
denotes the set of 23 amino acids) and 3D protein struc-
ture 73p, DrugCMF learns a parameterized mapping func-
tion: fy : (Dip, Dsp) x (Tip, Tsp) — [0, 1] that yields the
binding probability P(y = 1 | D1p, Dsp, T1ip, T3p), where
y € {0,1}.

Multimodal Feature Encoder

To build a foundation for assessing modality reliability, we
first need to extract comprehensive and high-quality features
from both 1D and 3D data. Relying on a single modality, as
in prior works (Xie, Tu, and Xu 2024; Bai et al. 2023), inher-
ently limits the model’s perspective. We employ four SOTA

27531

Pre-trained Language Models (PLMs): MolFormer (Ross
et al. 2022) and ProtT5 (Heinzinger et al. 2024) encode
the 1D sequences, while UniMol (Zhou et al. 2023) and
SaProt (Su et al. 2023) embed their 3D counterparts. This
strategy yields rich, token-level embeddings for each modal-

1ty:

EiD,. = MolFormer encoder(D;p) € RY X dinonin
E/1, = ProtT5 encoder(7ip) € RV X proe1d .
Ef’i?ug = UniMol encoder(Dsp) € RMa*dmoizn | M
EZD . = SaProt encoder(T3p) € RMr*ororsn

Token-level Interaction

Before assessing the reliability of each modality, it is cru-
cial to allow each to form its own “view” of the drug-target
interaction independently. A premature fusion would risk in-
troducing noise from one modality to another. Therefore, we
introduce a Token-level Interaction (TLI) module, shown in
Figure 3, to model fine-grained binding patterns within each
modality.

Modality-alignment Projection. Direct concatenation or
early fusion of the representations risks information loss and
bias amplification (Xie, Tu, and Xu 2024). Therefore, we
linearly project all token embeddings into a shared dy,oder-
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Figure 3: Token-level Interaction details.

dimensional space:
M"* = E},,, Wi, P* = W/ k€ {1D,3D}. (2)

where W¥ € Rmork Xdmodel and Wllf € R%rosk Xdmodel gre
learnable projections.

prot

Bidirectional Cross-Attention with Residuals. Unidi-
rectional attention (e.g., protein-to-drug only) often ampli-
fies the influence of dominant modalities, while suppressing
complementary signals from less prominent modalities. This
bias leads to incomplete or skewed interaction modeling. To
address this, we adopt a bidirectional cross-attention (BiCA)
mechanism inspired by BiXT (Hiller, Ehinger, and Drum-
mond 2024), which enables mutual updates across modali-
ties by enforcing symmetric interaction.

Take 1D as an example. As shown in Figure 3, given
Rdrug> Vdrug € RNdde()del and Rpr0t7 Vprot S RNP deOdels
BiCA first computes a shared, symmetric affinity matrix to
measure pairwise similarities between drug and protein rep-
resentations:

}%drug]%T

prot

T
——— Aprot,drug = Adrug,prot7 (3)
Viinodel

Row-wise and column-wise softmax operations are then ap-
plied to generate bidirectional attention maps, allowing both
drug and protein features to attend to each other simultane-
ously. This symmetric design facilitates flexible and recip-
rocal information exchange:

attn
Afrug = softmax (Adrug,prot) Vprot

Adrug,prot =

attn (4)

AL or = softmax (Aprot drug) Vrug,

Finally, to retain the original modality-specific representa-

tions while integrating informative cross-modal signals, we
apply residual connections:

M =M+ AgnS, P

— Pk _,'_Aattnk. (5)

prot
And the updated drug and protein features are concatenated
as

hib — [MlD; 151D] h3P — [MJD P3D] ©6)

Modality Confidence Estimation

This section introduces the central component of our frame-
work: a mechanism to explicitly quantify the Modality Reli-
ability Gap for each drug-target pair. As argued in the in-
troduction, simply fusing h'® and h3P is suboptimal, as
one might be highly informative while the other is noisy or
ambiguous. A robust model must dynamically assess which
modality to trust more.

We propose that a modality’s reliability is directly pro-
portional to its ability to predict the correct outcome, which
is fundamental for addressing the Modality Reliability Gap.
As we will demonstrate quantitatively in our experiments
section, this gap is significant and impacts model perfor-
mance (see Figure 5). Based on this principle, we use the
True Class Probability (TCP) (Corbiere et al. 2019) as the
core measure of modality confidence. TCP directly quan-
tifies the probability that a modality-specific classifier as-
signs to the ground-truth label. A high TCP value indicates
that the modality has captured predictive informativeness
aligned with the ground-truth, thus serving as a reliable mea-
sure of its confidence.

TCP Classifier. For modality k, let p*(y | h*) € [0,1]¢
be the softmax-predicted class probabilities. Given the one-
hot label y, TCP* can be computed as

TCP* =yp*(y | h*) = Zycpc (7)

Accurate TCP computation fundamentally depends on
well-calibrated class probability estimations. We implement
this through modality-specific classifiers C’“ls :h* -y
that transform feature representations into class predictions.
These independent classifiers undergo joint optimization
during training to minimize the divergence between pre-
dicted and ground-truth distributions:

cIer — Z

ke{1D,3D}

y log p*. (8)

TCP Confidence Approximation. Since TCP computa-
tion requires inaccessible ground truth during mference we
design specialized confidence prediction networks fX . :
h* — T'CP* that operate solely on modality features. Dur-
ing training, these predictors minimize the mean squared er-
ror (MSE) between estimated and actual TCP values:

k

T‘/ap = conf(hk) (9)
2
——k
Lish = (TC’P —TCP’“) . (10)

ke{1D,3D}

— k
The output, TC'P , is our learned, sample-specific confi-
dence score that quantifies the reliability of modality k.

Cross-modal Fusion

Using the dynamic confidence scores T/C\Pk from the pre-
vious step, we can now perform an adaptive fusion to bridge
the Modality Reliability Gap. Instead of a static or naive
combination, our fusion is explicitly guided by the learned
reliability of each modality.
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Figure 4: The in-domain performance comparison on Human dataset with random pair and cold pair split. The metrics shown
in the figure represent the average values obtained from five experiments conducted with different random seeds.

Cross-Modal Fusion Encoder. Each modality feature is

—_— k:

re-scaled by its predicted confidence score TCP , such that
less reliable modalities contribute proportionally less:

hicp =h" @ TCP . (11)
The confidence-weighted representations from both modal-
ities are then concatenated H;, = [hiRp; h32.], and fed
into a multi-layer Transformer Encoder. Each layer consists
of multi-head self-attention and feedforward network, fol-
lowing (Vaswani et al. 2017):

H = TransformerEncoder(H;y,).

12)

Attention Pooler. Rather than using simple averaging or
max-pooling, which may weaken informative but sparse
DTI patterns, we adopt learnable query-based attention
pooling mechanism, a technique that has proven effective in
prominent vision and language models for distilling salient
information from long token sequences (Carion et al. 2020;
Jaegle et al. 2021). The core idea is that these learnable
queries () act as trainable informativeness detectors. During
training, they learn to actively seek out and aggregate the
most task-relevant features from the fused representation H.

Specifically, we initialize a set of N, query vectors with a
standard Gaussian distribution:

1
V 2 X dmodcl ’

o= Ic RNqumodcl,

Q ~ N(0,0%T),
(13)

and aggregate the fused token representations via multi-head
attention:

h = [MHA(Q,H,H)], . € R*%med, (14)
where [-]o, . denotes the first row of the resulting matrix. This
approach allows the model to dynamically focus on and dis-

till critical interaction features for final prediction.

Label Prediction and Unified Optimization. A separate
classifier fiaper : h — y processes the fused representation
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h to predict the DTI label:

15)
(16)

Y = fiabel(h),

LEEY = —ylogy.

The entire framework is optimized end-to-end with a com-
posite loss:

ACTotal = )\clsﬁggp + Aconfﬁg/[csn]g + )\labclﬁg%ad~ (17)

Experiments
Experimental Setup

Datasets. We evaluate our method on three public DTI
datasets: BindingDB (Gilson et al. 2016), BioSNAP (Zitnik,
Sosic, and Leskovec 2018) and Human (Chen et al. 2020).
Following DrugBAN (Bai et al. 2023), we use two differ-
ent splitting strategies for in-domain and cross-domain sce-
narios. For in-domain evaluation, all datasets are split ran-
domly into into 7:1:2 ratios for training, validation, and test
sets. Furthermore, we conduct a cold-pair split experiment
on the smaller Human dataset. For cross-domain evalua-
tion, we adopt a clustering-based pair splitting strategy on
the large-scale BindingDB and BioSNAP datasets. This en-
sured disjoint source and target domain data distributions,
enabling more challenging evaluation. We employ AUROC
and AUPRC as primary evaluation metrics, selecting models
based on optimal validation AUROC.

Compared Methods. To investigate the improvement ef-
fect of our proposed method, we conduct a comprehensive
comparison between DrugCMF and ten baseline methods.
These models include traditional machine learning meth-
ods: SVM (Cortes and Vapnik 1995), RF (Ho 1995); ad-
vanced deep learning methods: DeepConv-DTI (Lee, Keum,
and Nam 2019), GraphDTA (Nguyen et al. 2021), Mol Trans
(Huang et al. 2021), DrugBAN (Bai et al. 2023), and
SiamDTI (Zhang et al. 2024a); and methods integrating
pre-trained large language models: DrugLAMP (Luo et al.
2024), MlanDTI (Xie, Tu, and Xu 2024), and UdanDTI



M BindingDB BioSNAP
ethod References

AUROC1t AUPRCT Accuracy? AUROCt AUPRCT  Accuracy 1
SVM Common 9394.001 .928+.002 .8254+.004 .862+.007 .8644.004 .777+.011
RF Common 942+.011 .921+£.016 .880+.012 .860+.005 .8864.005 .804+.005
DeepConv-DTI  PLoS CB’19  .945+.002 .925+.005 .882+.007 .886+.006 .890+.006 .805+.009
GraphDTA Bioinf.’21 9514.002  .934+.002 .8884+.005 .887+.008 .890+.007 .800+4.007
MolTrans Bioinf.’21 952+.002  .936£.001 .887+.006 .8954.004 .8974.005 .825+£.010
DrugBAN NatMI’23 9604.001  .948+.002 .9044.004 .903+.005 .902+.004 .8344.008
SiamDTI arXiv’24 9614+.002 .9454+.002 .890+.006 .912+.005 .9104+.003 .855+.004
DrugLAMP Bioinf’24 923+.003 .927£.002 .857+.005 .9174.004 .9224.004 .851+£.009
MlanDTI AAAT’24 9194.008 .896+.012 .8284+.006 .903+.001 .908+.002 .8234.003
UdanDTI TCBB’25 965+£.001  .955£.001 911+.004 .9414.003 .9424.004 .876+.006
DrugCMF Ours 968+.007 .960+.009 .915+.004 .948+.004 .950+.003 .884-+.002

Table 1: In-domain performance comparison of our model and baslines on BindingDB and BioSNAP (5 random runs). Best

results are indicated by bold; second-best are underlined.

Method References DA Used BindingDB BioSNAP
AUROC 1 AUPRCt AUROC?T AUPRC 1T
SVM Common X 490+.015 .460+£.001 .602+.005 .528+.005
RF Common X 493+.021  .468+.023 .590+.015 .568+.018
DeepConv-DTI  PLoS CB’19 X 527+.038  .499+.035 .6454+.022 .642+.032
GraphDTA Bioinf.’21 X 536+.015 .496+.029 .618+.005 .618+.008
MolTrans Bioinf’21 X 5544.024 511£.025 .621£.015 .608+.022
SiamDTI arXiv’24 X .627+.027  571£.024 .7184+.055 .725+.054
DrugLAMP Bioinf’24 X .650+.012 .588+.010 .739+.021 .768+.019
DrugBAN NatMI’23 v .604+.027 .570+£.047 .685+.044 .713+£.041
MlanDTI AAAT24 v .666+.021 .596+.033 .722+.016 .751+.013
UdanDTI TCBB’25 Ve J7134+.017  .671+.019 .8054+.011 .8254.008
DrugCMF Ours X 702+.011  .636+.013 .822+.013 .830+.024

Table 2: Cross-domain performance of our model and baselines on BindingDB and BioSNAP (5 random runs). Best results are
indicated by bold; second-best are underlined. “DA Used” indicates whether domain adaptation was employed.

(Zhang, Ma, and Chen 2025). To respect the original au-
thors, we directly adopt the reported metrics for baseline
methods, except for MlanDTI (all datasets) and DrugLAMP
(BindingDB dataset), which required re-evaluation due to
differences in dataset partitioning and experiment setting.
Our method is implemented in PyTorch using the AdamW
optimizer with the learning rate of 0.0001.

Performance Evaluation

In-domain Performance. The performance of DrugCMF
under random split settings is shown in Table 1 (comparative
results on BindingDB and BioSNAP datasets), DrugCMF
significantly outperform all baseline models across all met-
rics on both datasets. Notably, other PLM-based methods
(DrugLAMP and MlanDTI) demonstrated particularly poor
performance on these datasets, especially on BindingDB.
We hypothesize that this may stem from their failure to ef-
fectively learn drug-target interaction patterns, further high-
lighting the superiority of our approach. Figure 4 (left) dis-
plays the in-domain evaluation results in the Human dataset.
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In random splits, our model achieved optimal AUROC and
AUPRC scores. However, as pointed out in ref (Chen et al.
2020), this dataset carries potential ligand bias that may
compromise real-world reliability. Therefore, we implement
a cold-pair split strategy to mitigate the dependence of the
model on known molecule features. The results in Figure
4 (right) show that while all models experienced signif-
icant performance degradation, DrugCMF maintained the
best performance in all metrics.

Cross-domain Performance. In-domain classification
with random splits fail to accurately reflect real-world ap-
plication scenarios. Thus, we further evaluate performance
on the more challenging cross-domain DTI prediction.
Table 2 presents the performance evaluation under the
cross-domain setting, showing a significant decline in
performance across all models compared to the in-domain
scenario. Nevertheless, the DrugCMF model demonstrates
exceptional cross-domain prediction capabilities, outper-
forming the majority of SOTA models overall, particularly



without employing domain adaptation methods. On the
BioSNAP dataset, it achieves the best metrics, with AUROC
and AUPRC surpassing UdanDTI by 1.7% and 0.5%,
respectively, highlighting its robustness in predicting novel
drug-target interactions. While suboptimal on BindingDB
dataset, DrugCMF still surpasses DrugBAN (with adversar-
ial domain training) and MlanDTI (using semi-supervised
pseudo-labeling). Specifically, DrugCMF’s AUROC is 9.8%
and 3.6% higher than DrugBAN and MlanDTI, respectively,
validating its unique advantages in cross-domain prediction.

Method Parameters | FLOPs |

DrugLAMP 14.03M 11.26G
MlanDTI 2.87TM 1.46G
UdanDTI 2.51M 1.59G
DrugBAN 1.07M 1.00G

DrugCMF 3.20M 0.86G

Table 3: Comparison of parameters and FLOPs.

Computational Efficiency

To validate practicality, we analyzed DrugCMF’s compu-
tational cost in Table3. With 3.20M parameters and 0.86G
FLOPs, DrugCMF reduces FLOPs by 14% versus the opti-
mal baseline (DrugBAN, 1.00G FLOPs). This demonstrates
that its performance stems from sophisticated fusion mech-
anisms rather than sheer scale, making it ideal for resource-
sensitive large-scale drug screening.

Ablation Studies

We conduct cross-domain ablation studies on the Bind-
ingDB and BioSNAP datasets to analyze the effectiveness
of each module, with detailed results in Table 4.

Ablati BindingDB BioSNAP
ation
AUROC 1 AUPRC 1 AUROC 1+ AUPRC 1
DrugCMF  0.702 0.636 0.822 0.830
1D Only 0.662 0.599 0.784 0.796
3D Only 0.687 0.611 0.793 0.814
w/o TLI 0.685 0.618 0.805 0.819
w/o MCE 0.682 0.613 0.809 0.811
w/o CMF 0.690 0.622 0.813 0.822

Table 4: Ablation study on BindingDB and BioSNAP
datasets under cross-domain scenario.

Effectiveness of Multimodal Information. Experiments
using only 1D or 3D data show a significant performance
drop compared to DrugCMEF. This confirms that both modal-
ities contain complementary information and emphasizes
the importance of a fusion framework capable of bridging
the gap between them, rather than relying on one alone.

27535

=1 1D DTI Pairs
3D DTI Pairs

Density

0.825 0.850 0.875 0.900 0.925 0.950 0.975 1.000
Modality Informativeness

Figure 5: Density of Modality Confidence Distribution

Effectiveness of Token-level Interaction. Removing the
Token-level Interaction (TLI) forces the model to fuse coarse
feature representations. The result performance drop vali-
dates our claim that preserving modality-specific informa-
tion through dedicated intra-modal interaction is a critical
necessity for effective fusion.

Effectiveness of Modality Confidence Estimation. Re-
moving the Modality Confidence Estimation (MCE) de-
prives the framework of an explicit reliability information,
causing the model to return to naive fusion. This results in
a significant performance decline, directly confirming that
quantifying the reliability gap is essential for robustness.

Effectiveness of Cross-modal Fusion. Removing the
Cross-modal Fusion (CMF) also degrades performance.
This shows that even with a reliability score, a sophisticated,
attention-based mechanism is needed to effectively use that
score to dynamically bridge the gap and integrate features.

Visualization of the Modality Confidence

To empirically demonstrate the Modality Reliability Gap,
we visualized predicted modality confidence distributions
on Human test set. Using Kernel Density Estimation, Figure
5 plots the confidence distributions for the modalities. Re-
sults are clear: neither modality is universally reliable. While
the 3D modality exhibits strong discriminative characteris-
tics for most samples, some samples show a relatively low
informational contribution from this modality. This visual-
ization quantitatively validates our core hypothesis: a robust
multi-modal DTI model should dynamically assess modality
reliability on a per-sample basis to bridge this gap.

Conclusion

In this work, we tackle a key challenge in multimodal
DTI prediction: Modality Reliability Gap. Our solution,
DrugCMF, learns per-modality interaction features, esti-
mates confidence scores for each, and then intelligently
guides the fusion process. Experiments confirm that di-
rectly leveraging modality reliability yields significant per-
formance gains over SOTA methods in both in-domain and
cross-domain scenarios. We believe that DrugCMF repre-
sents a practical and important step for more reliable com-
putational drug discovery.
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