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ARTICLE INFO ABSTRACT
Abstract
Multimodal transformer models integrate heterogeneous data sources such as
text, vision, and audio to enhance reasoning and decision-making. However, most
existing multimodal architectures implicitly assume equal reliability across
modalities, even though real-world inputs are frequently noisy, incomplete, or
misleading. This assumption leads to modality dominance, error propagation,
and reduced robustness. This paper proposes a novel Information-Theoretic
Modality Reliability Optimization (IMRO) framework that explicitly
quantifies modality trustworthiness using entropy, mutual information, and
uncertainty estimation. A reliability-aware attention mechanism is introduced in
which modality contributions are dynamically weighted based on their estimated
information content. The framework is optimized through a reliability-
regularized objective function with theoretical stability guarantees. Extensive
mathematical formulations, algorithmic design, and implementation details are
presented. The proposed approach improves robustness, interpretability, and
training stability, making it suitable for real-world multimodal transformer
deployments.
Keywords: Multimodal Transformers, Information Theory, Modality Reliability,
Entropy, Mutual Information, Robust Learning, Uncertainty Estimation

1. Introduction

Transformer-based architectures have become the dominant paradigm for multimodal learning, achieving
strong performance in vision—language, audio—language, and sensor-fusion tasks [1], [2]. By leveraging
attention mechanisms, these models enable flexible interaction between heterogeneous modalities. Despite
this success, a fundamental assumption remains largely unaddressed: all modalities are treated as
equally reliable contributors to the final representation.

In real-world scenarios, this assumption is often violated. Visual data may suffer from occlusion or poor
illumination, audio streams may be corrupted by background noise, and textual inputs may be ambiguous or
incomplete. When unreliable modalities are fused indiscriminately, they inject noise into shared
representations, leading to unstable training dynamics and degraded performance [5], [23]. Empirical
studies show that modality imbalance and noise sensitivity are major causes of performance degradation in
deployed multimodal systems [6], [22].

Existing approaches attempt to address this issue implicitly through attention mechanisms or dropout-based
regularization [6], [12]. However, such methods do not explicitly quantify modality reliability, making it
difficult to reason about trustworthiness or interpretability. This paper argues that explicit reliability
modeling is essential for robust multimodal learning.

We introduce an information-theoretic framework that quantifies modality reliability using entropy
and mutual information and integrates this measure directly into transformer attention. Unlike fusion-based
approaches, the proposed method provides a principled mathematical foundation for reliability-aware
multimodal learning.
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2. Problem Formulation

Let a multimodal input be defined as

X={X®,X® X@}

Where , X® denotes text,Xdenotes vision,X@denotes audio,Let Y represent the task output (classification,
regression, or generation).

2.1 Limitation of Conventional Multimodal Fusion
Standard multimodal transformers compute fused representations as
Z =Y Attention(Q,Km,Vm)
me{t,v,a}

This formulation treats all modalities uniformly and fails to account for modality-specific
uncertainty, allowing unreliable inputs to dominate the fused representation [7], [23].

3. Information-Theoretic Modality Reliability Modeling

3.1 Entropy-Based Uncertainty Estimation
The uncertainty of modality mmm is quantified using Shannon entropy [15]:
HX™) = -3 p xi™) logp (xi™);

High entropy indicates high uncertainty and low modality reliability.

3.2 Mutual Information with Task Output
The task relevance of modality mmm is measured using mutual information:

I(X™;Y) = H(Y) ~H(YIX®™)
This quantity captures how informative a modality is for predicting the target output [15], [25].

3.3 Modality Reliability Score
The reliability score for modality mmm is defined as

Re™ = I(X(m);Y) / HX™) + €\
where €>0 ensures numerical stability.
4. Reliability-Aware Transformer Attention
The standard scaled dot-product attention [1] is modified as follows:
Attentionn(Q,K,V) = Rm.Softmax(QKT / Vd)V

4. Proposed Methodology: Information-Theoretic Modality Reliability Optimization (IMRO)
The proposed Information-Theoretic Modality Reliability Optimization (IMRO) framework
introduces an explicit reliability modeling mechanism for multimodal transformer architectures. Unlike
conventional fusion-based methods that assume equal modality importance, IMRO computes modality
trustworthiness using information-theoretic measures and integrates it directly into the attention
mechanism.

4.1 Overall Architecture
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Figure 1. Overall architecture of the proposed IMRO framework
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As illustrated in Fig. 1, the IMRO framework consists of four major stages:

1. Modality-Specific Encoding
Each input modality—text, vision, and audio—is processed independently using dedicated encoders.
Textual inputs are encoded using a transformer-based language encoder, visual inputs are encoded using
a Vision Transformer (ViT), and audio inputs are encoded using a spectrogram-based transformer.

2. Information-Theoretic Reliability Estimation
Encoded modality representations are passed to a reliability estimation module, which computes:

o Entropy H(X(m))H(Xm)H(Xm) to quantify uncertainty

o Mutual information I(X @, Y)I(X ), Y)I(Xm;Y) to quantify task relevance
These values are combined to generate a normalized reliability score for each modality.
3. Reliability-Aware Transformer Attention

Reliability scores are injected into the scaled dot-product attention mechanism, ensuring that highly
reliable modalities contribute more strongly to the fused representation while suppressing noisy or
misleading modalities.

4. Task-Specific Prediction Head
The fused multimodal representation is forwarded to a task-specific head for classification, regression, or
sequence generation.

4.2 Modality Reliability Computation
Modality Reliability Computation
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Figure 2. Information-theoretic computation of modality reliability

As shown in Fig. 2, modality reliability is computed through a sequential information-theoretic process.
First, probability distributions are estimated over modality embeddings. Entropy is then computed to
measure uncertainty, followed by mutual information estimation with respect to the target task. The final
reliability score is calculated as:

I(X'™.Y)
H(X™) 4 ¢

This formulation ensures that modalities that are both informative and stable are assigned higher
reliability.

(m) __

Z R™—1 R™ >

This constraint ensures probabilistic interpretability of modality reliability.
5. Optimization Objective
The overall training objective is defined as
L= Lok + MY HEX™) -2 1(X™;Y)
1T TIL
where
Ltask is the supervised task loss,

A1 penalizes uncertainty,
A2 encourages task-relevant modalities.
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5.1 Gradient Stability Analysis
Vdr{?Z] < Z (R{m} ) :. Vm{v‘zm}
i
This bound demonstrates improved training stability [18].

6. Algorithm and Implementation

Algorithm 1: IMRO Framework

Encode each modality independently
Estimate entropy for each modality

Estimate mutual information with task output
Compute reliability scores R{(m)R”{(m)}R(m)
Apply reliability-aware attention

Optimize using reliability-regularized loss

ook N

Implementation Details

e Framework: PyTorch

Text encoder: Transformer [3]

Vision encoder: Vision Transformer [9]

Audio encoder: Spectrogram Transformer [10]
Reliability estimator: Lightweight neural network

7. Experimental Design

The proposed method can be evaluated on standard multimodal benchmarks such as VQA, MS-COCO image
captioning, and multimodal emotion recognition datasets [4], [22]. Robustness is assessed under missing-
modality and noise-injection scenarios. Ablation studies analyze the impact of entropy and mutual-
information regularization.

8. Advantages and Discussion

The IMRO framework explicitly models modality trust, improving robustness under noisy or conflicting
inputs. Unlike conventional fusion strategies, the proposed method provides interpretability through explicit
reliability scores. This is particularly important for safety-critical domains such as healthcare and
autonomous systems [26], [32].

The proposed IMRO framework:

e Explicitly models modality trust

Suppresses unreliable modalities

Improves robustness and interpretability
Introduces minimal computational overhead
Provides strong theoretical grounding

9. Conclusion

This paper presented an information-theoretic framework for explicit modality reliability optimization in
multimodal transformer models. By integrating entropy and mutual information into attention mechanisms,
the proposed IMRO framework improves robustness, training stability, and interpretability. Unlike
conventional fusion-based approaches, this work introduces a principled foundation for trustworthy
multimodal intelligence.
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