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Abstract: Recent advancements in Artificial Intelligence have enabled the development of multimodal systems capable of
reasoning over both visual and textual data. Visual Question Answering (VQA) is a key application in this domain; however,
most existing models operate as black-box systems, lacking transparency and interpretability. Additionally, these systems often
suffer from language bias, leading to unreliable and non-generalizable predictions. To address these limitations, this paper
proposes ECM2RS (Explainable Causal Multi-Modal Reasoning System), a novel framework that integrates multimodal deep
learning with neuro-symbolic reasoning and explainability techniques. The system leverages LLaVA as the core reasoning
engine and incorporates multi-level explanation modules, including visual explanations using gradient-based methods, textual
explanations via attention mechanisms, and knowledge-based reasoning from external datasets. The proposed approach is
evaluated using VQA, CLEVR, and ScienceQA datasets to ensure both real-world applicability and logical reasoning capability.
Experimental results demonstrate that ECM2RS enhances interpretability while reducing black-box behaviour, producing
coherent and explainable reasoning outputs. This work contributes toward building trustworthy and interpretable multimodal Al
systems.

Keywords: Multimodal Al, Visual Question Answering (VQA), Explainable Artificial Intelligence (XAl), Causal Reasoning,
Neuro-Symbolic Learning, Deep Learning.

L. INTRODUCTION

Recent advancements in Artificial Intelligence (Al) have led to the development of multimodal systems capable of processing and
understanding diverse data types such as images and text. Among these, Visual Question Answering (VQA) has emerged as a
significant research area, requiring models to interpret visual content and generate context-aware responses to natural language
queries. The integration of computer vision and natural language processing has enabled these systems to achieve impressive
performance across various applications, including education, healthcare, and assistive technologies.

Despite these advancements, most existing VQA models operate as black-box systems, providing accurate predictions without
offering insights into their reasoning processes. This lack of transparency limits their adoption in critical domains where
interpretability and trust are essential. Furthermore, these models often exhibit language bias, relying on patterns in textual input
rather than genuinely understanding visual content, which leads to unreliable and non-generalizable outputs.

To address these challenges, this paper proposes ECM?2RS (Explainable Causal Multi-Modal Reasoning System), a novel framework
that integrates multimodal deep learning with explainability and causal reasoning principles. The system leverages a vision-language
model for joint reasoning over image and text inputs, while incorporating multiple explanation mechanisms, including visual,
textual, and knowledge-based reasoning. The primary objective of this work is to enhance the interpretability and reliability of
multimodal Al systems by generating transparent, step-by-step explanations alongside predictions. By combining neural networks
with symbolic reasoning and causal inference concepts, the proposed system aims to reduce bias and improve trustworthiness. This
approach contributes toward the development of more interpretable and human-aligned Al systems.

1. RELATED WORK
Recent advancements in multimodal artificial intelligence have led to the development of vision-language models such as LLaVA,
which combine image and text understanding to generate context-aware responses. While these models achieve strong performance,
they often operate as black-box systems without providing interpretable reasoning. To improve transparency, explainable Al
techniques such as Grad-CAM and attention mechanisms have been introduced to highlight important visual regions and textual

features.
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However, these methods typically provide only partial explanations and do not capture complete reasoning. In addition, causal
reasoning approaches have been proposed to reduce language bias in Visual Question Answering systems, improving robustness and
generalization. Neuro-symbolic methods further enhance interpretability by integrating neural networks with structured reasoning.
Despite these efforts, existing approaches lack a unified framework that combines multimodal reasoning, explainability, and causal
inference. The proposed ECMZ2RS system addresses this gap by integrating these components into a single interpretable framework.

ECMZ2RS: EXPLAINABLE CAUSAL MULTI-MODAL REASONING SYSTEM

What is the color of the bed? The color of the bed is purple.

EXPLANATION

o For the question: 'what is the color of the bed?’,

A solution is made up of two or more
o The model focused on important words such as: is bed the what color m substances that are completely mixed.

In a solution, solute particles are mixed
@D !t onalyzed key image reglone into a solvent. The solute cannot...

using Grad-CAM.

CAUSAL ANALYSIS

Original Answer the color of the bed is purple.

After Intervention  the color of the bed is purple.
@ Causal Analysis: The important region did not significantly affect the prediction.
{) Reasoning: Verification reasoning. Causal Effect False

° Final answer predicted as: 'the color of the bed is purple.’
FINAL ANSWER

(Q [ the color of the bed is purple. ]

(. J/

Fig. 1. Overview of VQA Limitations and Motivation for ECM?2RS System

1. METHODOLOGY
A. System Architecture
The proposed ECM?RS (Explainable Causal Multi-Modal Reasoning System) is a multimodal framework designed to perform
reasoning over image and text inputs while generating interpretable outputs. The system follows a structured pipeline consisting of
feature extraction, multimodal fusion, reasoning, and explanation generation. It integrates deep learning models with explainability
and causal reasoning mechanisms to improve transparency and reliability.

B. Feature Extraction
The system processes visual and textual inputs independently. Visual features are extracted from the input image using a pretrained
convolutional neural network (ResNet50), which captures spatial and semantic information. Textual features are obtained using a
transformer-based model (BERT), which encodes contextual relationships between words in the input question.

V= o)

T = ¥(Q)
where (1) denotes the input image, (Q) denotes the input question, ¢(1) denotes the visual encoding function, and y(Q) denotes the
textual encoding function.

C. Multimodal Fusion
The extracted visual and textual features are combined to form a unified representation for joint reasoning. This fusion enables the
system to capture relationships between visual content and the input query.

F =W,V + W.T
where W, and W, denote learnable weight matrices, and (F) represents the fused multimodal representation. The representation (F) is
then input to a vision-language model (LLaVA), which performs joint reasoning over visual and textual modalities to generate the
final answer.

P(AlLQ) = f(F)

where A is the predicted answer and f represents the reasoning function.
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D. Final Loss Function
The proposed ECM?RS system is optimized using a composite loss function that integrates prediction accuracy, explainability
alignment, and causal reasoning.

Ltotal = Lpred + /IlLattn + /12Lcam + /13Lcausal
where (Lgpreay IS the cross-entropy loss for answer prediction, (Li,.ny) represents the attention-based loss for textual explanation,
(Ltcamy) corresponds to the Grad-CAM loss for visual explanation, and (Lcausaryy €nforces causal consistency to reduce language
bias. The coefficients (\A;,\1;,\13,) control the contribution of each component.
This formulation ensures that the model not only produces accurate predictions but also generates interpretable and causally
consistent explanations.

V. EXPLAINABLE REASONING FRAMEWORK
The ECM?2RS framework incorporates multiple explainability techniques to provide transparent and interpretable predictions.
Instead of generating only answers, the system produces reasoning insights by combining visual, textual, and knowledge-based
explanations.

A. Visual Explanation (Grad-CAM)
Visual explanations are generated using Gradient-weighted Class Activation Mapping (Grad-CAM), which identifies important
regions in the input image that contribute to the model’s prediction. It produces a heatmap highlighting the most relevant areas.

L = ReLU(Z,a,A¥)
Where (A® denotes the feature map of the (k) — th channel, and a represents the corresponding importance weight computed
from the gradients.

B. Attention-Based Explanation
The attention mechanism is used to determine the importance of each word in the input question. It assigns weights to tokens based
on their relevance to the final prediction, enabling the model to focus on key textual information.

ei = f(h)

L _ewle)

‘T 5ew(e)
where h; denotes the hidden representation of the (i)-th token, e; represents the attention score, and o; denotes the normalized
attention weight obtained after softmax normalization. These weights indicate the relative importance of each token in the reasoning
process.

C. Knowledge Integration
To enhance reasoning, the system incorporates external knowledge from datasets such as ScienceQA. This provides structured
explanations that complement visual and textual insights, enabling the system to handle complex queries more effectively.

D. Explanation Fusion
The final explanation is obtained by combining visual, textual, and knowledge-based components. This fusion results in a
comprehensive and human-understandable reasoning process, improving transparency and trust in the system.

V. CAUSAL REASONING MODULE
A. Problem of Language Bias
Traditional Visual Question Answering (VQA) systems often rely on statistical correlations between the question and the answer,
leading to language bias. This causes the model to generate predictions based on textual patterns rather than true visual
understanding.

B. Causal Formulation
To address this issue, the proposed system distinguishes between observational and interventional learning:
P(Y|X) #= P(Y|do(X))
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where (P(Y|X)) denotes the observational probability and (P(Y|do(X)) denotes the interventional probability under intervention.
This formulation enables the model to capture causal relationships instead of spurious correlations.

C. Bias Mitigation Strategy

The system reduces language bias by encouraging the model to rely more on visual features during prediction. This improves the
robustness and generalization capability of the model across different inputs.

D. Impact on Model Performance

By integrating causal reasoning with explainability techniques, the system produces more reliable and interpretable outputs. The
model generates predictions that are grounded in visual evidence and supported by meaningful reasoning.

VI. EXPERIMENTAL RESULTS
A. Experimental Setup

The proposed ECM?2RS system is evaluated on multiple datasets, including VQA, CLEVR, and ScienceQA, to assess its
performance on visual understanding and reasoning tasks. The system integrates ResNet50 for image feature extraction, BERT for
text encoding, and LLaVA for multimodal reasoning.

B. Qualitative Results

The system generates answers along with multi-level explanations, including visual heatmaps, attention-based textual highlights,
and knowledge-supported reasoning.

ECM2?RS MODEL OUTPUT
al PREDICTED ANSWER

What is the color of the bed?

INPUT

The color of the bed is purple.

EXPLANATION CAUSAL ANALYSIS

E) For the question: “what is the color of the bed?".
& The model focused on important words such as: IS bed the what color Original Answer ::'::::‘:' AL
@ 1t analyzed key image regions using Grad-CAM

Grad-CAM Heatmap

=

the color of the bed
is purple.

Original Image Aftor Intervention

Causal Effect Faise

QO causal The region did not affect the

Q Verification 9

Final answer predicted as: ‘the color of the bed is purple.’
ADDITIONAL CONTEXT FINAL ANSWER

[’j A solution is made up of two or more substances that are completoly mixed. In a solution.

the color of the bed is purple.
solute particles are mixed Into a solvent. The solute canna

Fig. 2. Sample Output of ECM?2RS System

Original Image Grad-CAM Heatmap

s . [ - .
Predicted Answer: The color of the bed is

Low Importance High Importance

purple.

Observation: The Grad-CAM highlights the bed and pillows as the most relevant regions, showing that
the model focuses on the correct visual features to determine the color of the bed.

Fig. 3. Grad-CAM Visualization Highlighting Important Regions
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~——— ATTENTION-BASED TEXT EXPLANATION ——

Question: What is the color of the bed?

Attention Weights

Word What is the

color of the ﬂ ?
attention 0.14 0.18 0.12 0.06 0.10 0.23 0.06
Weight

Attention Intensity
o ) 0

Low High

Interpretation: The model assigns higher attention to the words “is”, “color”, and “bed”,
which are the most relevant for determining the color of the bed.

Fig. 4. Attention-Based Text Explanation

C. Observations

The results demonstrate that the proposed system provides both accurate predictions and meaningful explanations. The integration
of visual, textual, and knowledge-based components enables the model to generate transparent outputs.

The Grad-CAM visualizations confirm that the model relies on relevant image regions, while attention weights highlight important
words influencing the decision. Furthermore, the inclusion of causal reasoning reduces language bias and improves the reliability of
predictions.

Overall, the ECM?RS system successfully combines multimodal reasoning with explainability, producing interpretable and
trustworthy results across different datasets.

VII. DISCUSSION
The proposed ECM?2RS system demonstrates significant improvements in interpretability and reasoning compared to traditional
Visual Question Answering (VQA) models. By integrating multimodal learning with explainability techniques, the system provides
not only accurate predictions but also meaningful insights into the decision-making process.
One of the key strengths of the system is its ability to generate multi-level explanations, including visual, textual, and knowledge-
based reasoning. This improves transparency and makes the model more suitable for real-world applications where understanding
the reasoning process is essential.
However, the system also has certain limitations. The quality of explanations depends on the performance of underlying models
such as Grad-CAM and attention mechanisms. In some complex scenarios, the generated explanations may not fully capture the
reasoning process. Additionally, the integration of multiple components increases computational complexity.
Overall, the combination of explainability and causal reasoning enhances the robustness and reliability of the system, making it a
promising approach for developing trustworthy multimodal Al systems.

VIIl.  CONCLUSION

This paper presented ECM2RS (Explainable Causal Multi-Modal Reasoning System), a novel framework designed to perform
interpretable reasoning over image and text inputs. The system integrates multimodal deep learning with explainability techniques
and causal reasoning to address the limitations of traditional Visual Question Answering (VQA) models.

The proposed approach combines visual feature extraction, textual encoding, and multimodal fusion with advanced explanation
methods such as Grad-CAM and attention mechanisms. In addition, the incorporation of causal reasoning helps reduce language
bias and improves the reliability of predictions.

Experimental results demonstrate that the system can generate accurate answers along with meaningful visual, textual, and
knowledge-based explanations. This enhances transparency and makes the model more suitable for real-world applications. The

proposed system can be extended to real-world applications such as healthcare and education.
6024

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 |



International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue IV Apr 2026- Available at www.ijraset.com

Overall, the ECM2RS framework contributes toward the development of trustworthy and interpretable multimodal Al systems.
Future work may focus on improving explanation quality, optimizing computational efficiency, and extending the system to more
complex reasoning tasks.

Future work can focus on improving the accuracy and robustness of the proposed system by incorporating more advanced
multimodal models and larger datasets. The explainability component can be enhanced through more precise visual and textual
interpretation techniques. Additionally, the causal reasoning module can be extended using more rigorous intervention-based
approaches to further reduce bias. The system can also be applied to real-world domains such as healthcare, education, and
autonomous systems for practical deployment.
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