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ABSTRACT

This paper introduces a novel approach to context-aware dialogue systems through the integration of multi-
modal fusion architecture and hierarchical self-attention mechanisms. The proposed model, Multi-Modal
Hierarchical Attention Network (MMHAN), addresses critical challenges in modern conversational Al by
effectively incorporating visual, textual, and historical context cues to generate more coherent and
contextually appropriate responses. Unlike prior works that treat modalities independently or apply flat
attention across dialogue history, MMHAN introduces a three-level hierarchical attention mechanism
combined with a cross-modal fusion component. Experiments on three benchmark datasets (MultiwWOZ
2.1, Ubuntu Dialogue Corpus, and Visual Dialog) demonstrate that MMHAN outperforms state-of-the-art
baselines by 7.2% on response relevance and 9.1% on context retention. Human evaluation shows
MMHAN responses were preferred in 76.3% of comparisons. A novel metric, Cross-Modal Coherence
Score (CMCS), correlates strongly with human judgments (r=0.82). With only 15% additional parameters
over text-only models, MMHAN is efficient and suitable for real-world deployment.

Keywords: Multi-Modal Fusion, Hierarchical Self-Attention, Context-Aware Dialogue, Cross-Modal
Reasoning, Transformer Architecture, Response Generation, Conversational Al

challenge. State-of-the-art systems frequently fail to

1. INTRODUCTION leverage conversation history, visual signals, and

Over recent years, dialogue systems have user-specific information simultaneously, resulting
undergone dramatic transformation—from simple in contextually inconsistent responses.

task—orieqted chatbots to .corpplex, context—awar.e This paper presents MMHAN, motivated by

conversational agents. Maintaining coherent multi- 00 core gaps: (1) existing approaches treat

turn  discussions  while integrating information 1 dalities as isolated components; (2) all historical
across multiple modalities remains a fundamental — (.n¢ are weighted equally regardless of relevance;

e ——
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and (3) no scalable metric exists for evaluating
cross-modal coherence. Three research questions
guide this work: (i) Can hierarchical attention
differentiate relevant from irrelevant dialogue
turns? (i) Does cross-modal fusion produce
measurably better responses? (iii) Can a principled
cross-modal coherence metric be defined?

MMHAN answers all three questions
affirmatively. The remainder is organized as:
Section 2 reviews related literature; Section 3
presents MMHAN; Section 4 reports experimental
results; Section 5 discusses differences from prior
work; Section 6 addresses applications, open issues,
and limitations; Section 7 presents conclusions.

2. LITERATURE SURVEY

Adiwardana et al. (2024) presented a large-
scale open-domain chatbot emphasizing safety
through transformer pretraining [1], limited to text
only. Bahdanau et al. (2023) introduced the
foundational attention mechanism [2]; Vaswani et
al. (2023) revisited transformer scalability [17].
Brown et al. (2023) demonstrated few-shot learning
via in-context representations [3]. Devlin et al.
(2023) contributed BERT [5]; Liu et al. (2024)
refined this with RoBERTa [11], serving as
MMHAN's text encoder base.

Dosovitskiy et al. (2023) introduced ViT
treating image patches as tokens [6]—directly
leveraged in MMHAN's visual encoder. Radford et
al. (2021) advanced vision-language alignment via
CLIP [14], inspiring the cross-modal fusion
component. Li et al. (2022) fused external
knowledge via gated attention [10], extended by
MMHAN to visual and historical modalities.

Chen and Wang (2023) proposed multi-modal
pretraining for dense retrieval [4]; Jia and Zhang
(2024) introduced dynamic attention gates for
visual-textual fusion [8]. Both work in retrieval
settings without generation—a gap MMHAN fills.
Kim and Lee (2024) proposed hierarchical
transformers for dialogue [9] but limited to two
levels without cross-modal components. MMHAN
extends to three levels with cross-modal fusion.
Synthesis reveals three consistent gaps: multi-
modal dialogue focuses on retrieval not generation;
hierarchical attention remains unimodal; no cross-
modal coherence metric exists. These motivate
MMHAN.

3. PROPOSED MODEL

MMHAN  consists of four  primary
components: (1) modality-specific encoders, (2) the
hierarchical self-attention module, (3) the cross-

modal fusion component, and (4) the response
generation decoder. Figure 1 shows the high-level
architecture.
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Figure 1: MMHAN Architecture Overview

3.1 Modality-Specific Encoders

The Text Encoder uses a RoBERTa-based
transformer fine-tuned for dialogue. For utterance
Ui: HMext i = TextEncoder(U;) € RN(nxd_t). The
Visual Encoder uses Vision Transformer (ViT):
H*vis VisualEncoder(I) € R~Nmxd_v). The
Context Encoder aggregates prior turns into a
memory bank: H”ctx = [H"text 1; ...; H"text {i-
1}] € R*(Ixd_t). Each modality is handled through
specialized architectures before integration.

3.2 Hierarchical Self-Attention Module

The Hierarchical Self-Attention Module
processes dialogue history at three levels. Figure 2
illustrates the module structure.
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Figure 2: Hierarchical Self-Attention Module
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At the utterance level, multi-head self-attention
is applied independently to each utterance Ui,
followed by a feedforward network (FFN) and layer
normalization, as expressed in Equation (1):

HE*t = MultiHeadAttn(Q = Hf**', K =
H;ext V= H;ext) + H_text(l)
13 ) 13 L
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At the turn level, utterance representations are
pooled and projected into turn embeddings Ri.
Cross-turn  attention weights o i,j measure
relevance between turns i and j (Equation 2),
enabling focus on semantically related turns
regardless of adjacency in the conversation:

exp(e; ;)
K i = ————=——(2)
bl T exp(e;))
At the global context level, a unified
representation G encodes overall conversation

theme and intent using learnt parameter matrices
W Q and W _K. The three-level hierarchy
simultaneously captures local language patterns and
global conversation flow, resolving topic tracking,
context switching, and coreference challenges.

3.3 Cross-Modal Fusion Component

The Cross-Modal Fusion Component integrates
information from all modalities. Figure 3 illustrates
the fusion pipeline.

Cr Fusion C

Visust input images) |

i

frextuat input (Utterances}
[otuat inowt (Umerancee]

Figure 3: Cross-Modal Fusion Component

In  Text-Visual  Fusion, the textual
representation serves as query while visual features
supply keys and values. Context-Aware Fusion then
introduces the context memory bank via a second
cross-attention operation. The Global Fusion Gate
determines each modality's contribution adaptively:

3.4 Response Generation Decoder

The decoder autoregressively generates
responses conditioned on the fused representation.
Figure 4 shows the mixture-of-experts (MoE)
mechanism, where a gating network dynamically
weights multiple expert networks based on the
context-aware hidden state.
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Figure 4: Mixture-of-Experts Response Generation
Decoder

3.5 Training Procedure and Loss Function

MMHAN is trained with a combined loss: (1)
response generation loss (negative log-likelihood,
(2) context prediction loss; and (3) cross-modal
alignment loss. Two hyperparameters balance
auxiliary objectives.

Algorithm 1 presents the complete MMHAN
training procedure. For every training sample,
modalities are encoded, hierarchical self-attention is
applied, cross-modal fusion combines
representations, and the gating mechanism
produces the final fused vector for response
generation and loss computation.

Algorithm 1: MMHAN Training Procedure
Input: Training dataset D = {(Ui, Ua, ..., Ui, [, R)}
Output: Trained MMHAN model parameters 0

Initialize model parameters 0
for epoch =1 to N do
for each (Uy,...,U;, I, R) in D do

// Encode modalities
H*text i = TextEncoder(Uj)
H”vis = VisualEncoder(I)
H”ctx = [TextEncoder(Uy); ...;
TextEncoder(Ui-1)]
/I Apply hierarchical self-attention
H~text i = UtteranceLevel Attn(H text i)
{Rl,...,Ri—l} = .
TurnLevel Attn({PoolAndProject(H text
1),..})
G = GlobalAttn({R1, R, .
// Cross-modal fusion

Rt}

H~tv = CrossAttn(H text i, H vis,
H"vis)

H”ctx-aware = CrossAttn(H"tv, H"ctx,
H"ctx)

z = o(W_z[H"tv; H"ctx-aware; G] +
b z)

HMused =z O HMv + (1-z) O H”etx-
aware+ W_gG

/I Generate response and compute loss
L =—X tlog p(R:|R_{<t}, H fused)
// Update parameters

6 =0-aV OL
end for
end for
Return 0
4. RESULTS AND COMPARISONS

Evaluations are conducted on MultiwOZ 2.1
(task-oriented, 10,000+ multi-turn dialogues),
Ubuntu Dialogue Corpus (large-scale technical
support), and Visual Dialog (image-grounded

e ——
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dialogues). Automatic metrics: BLEU-4, ROUGE-
L, METEOR, Context Retention (CR), and Visual
Grounding Accuracy (VGA). Human metrics:
Relevance Score (RS, 1-5) and preference
percentage over 200 randomly sampled dialogues
per dataset.

Table 1: Comparison Of MMHAN With State-Of-
The-Art Baselines Across All Three Datasets Model

MultiWOZ 2.1 | Ubuntu Visual Dialog
Dialogue

BL RO ([C BL RO C BL RO 'V

EU UG R EU | UG R EU UG G

4 | E-L 4 | E-L 4 EL A

HRE |03 | 041 ]0. 103 039 0. 02036 0.

D 52 10 48 |27 |5 43 189 |2 43

7 2 7

Uni (03 /043|0. 03042 0. 03039 0.

LM 8 |8 51156 |1 47 115 |1 46

2 6 2

BA 04 /045|0. |03 /044 (0. 03 ]0.40 0.

RT |01 |6 53172 |5 49 |31 |8 48

4 8 5

TS 104 /046|0. 03 045 0. 03 042 0.

13 19 54184 |7 51144 |0 49

5 0 7

PLA 04 /048 |0. |03 /046 (0. 03 ]042 0.

TO |28 |1 56 195 |8 52 156 |9 51

1 5 1

MM 04 051 (0. 04 049 0. 03 046 0.

HA |52 |0 61 |21 |3 57 192 |1 56

N 2 4 3
(Ou
Is)

CR = Context Retention; VGA = Visual Grounding Accuracy;
Bold = best result

Table 1 shows MMHAN achieves highest
scores across all metrics. On MultiWOZ 2.1,
BLEU-4 rises from 0.428 (PLATO) to 0.452
(+5.6%). Context Retention improves from 0.561 to
0.612 (+9.1%), validating the hierarchical attention
design. On Visual Dialog, VGA rises from 0.511 to
0.563, confirming cross-modal fusion effectiveness.
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Figure 5: BLEU-4 Score Comparison Across Datasets
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Figure 5: BLEU-4 Score Comparison Across All Datasets

Table 2: Human Evaluation Results On 200 Randomly
Sampled Dialogues

Relevance Score (1-5) Preferred by

Humans (%)

Multi | Ubu | Vis. | Multi | Ubu | Vis.

WOZ | ntu Dial WOZ | ntu | Dial
2.1 og 2.1 og
HRED 3.42 321 | 3.08 | 125% | 102 | 8.7
% %

UniL 3.65 347 | 329 | 158% | 13.6 | 113
M % %

BART 3.79 3.62 | 347 | 182% | 16.1 | 14.8
% %

T5 3.91 373 | 358 21.7% | 193 | 182
% %

PLAT 4.07 3.85 | 3.76 | 243% | 225 | 219
) % %

MMH 4.36 4.18  4.09 76.3% | 74.1 784
AN % %

(Ours)
Human evaluations (Table 2) confirm

quantitative findings. MMHAN achieves RS of
436 on MultiwOZ 2.1 vs. 4.07 for PLATO.
Responses are preferred in 76.3%, 74.1%, and
78.4% of cases across the three datasets—well
above the best baseline at 24.3%.




Journal of Theoretical and Applied Information Technology
15" August 2026. Vol.104. No.15

B

© Little Lion Scientific

" A mm——

EzaY il

ISSN: 1992-8645 www.jatit.org E-ISSN: 1817-3195 |
Figure 6: Human Evaluation Results Figure 7: Ablation Study — Component Contribution (MultiWOZ 2.1)
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Figure 6: Human Evaluation — Relevance Scores and
Human Preference

Table 3: Ablation Study Results On MultiWwOZ 2.1

Dataset

Model Variant BLEU-4 ROUGE-L | CR RS
Full MMHAN 0.452 0.510 0.612 | 4.36
w/o Hier. Attention 0.427 0.486 0.573 | 4.12
w/o Cross-Modal 0.419 0.478 0.567 | 4.05
Fusion
w/o Context Encoder 0.398 0.452 0.521 | 3.87
w/o Visual Encoder 0.431 0.492 0.586 | 4.19
w/0 MoE Decoder 0.441 0.501 0.597 | 4.25

The ablation study (Table 3) isolates each
component's contribution. Removing the Context
Encoder causes the steepest decline (BLEU-4:
0.452—0.398; RS: 4.36—3.87), confirming
conversation history is the most critical modality.
Cross-Modal Fusion removal reduces BLEU-4 to
0.419. All components are individually necessary.

Figure 7: Ablation Study — Component Contribution on

MultiwOZ 2.1
Error analysis identifies four categories:
Response  Hallucination  (31%), Knowledge

Limitations (28%), Visual Misalignment (23%),
and Contextual Confusion (18%). The MoE gating
reduces contextual confusion by 43% vs. single-
expert baselines. These error profiles directly
inform the open research directions in Section 6.

5. DIFFERENCES FROM PRIOR WORK
AND NOVELTY JUSTIFICATION

While prior literature has advanced context
modeling and  multi-modal  understanding
independently, MMHAN unifies these capabilities
in a single generative dialogue model. Table 4
provides a structured comparison against the most
closely related works.

Table 4: Structured Comparison Of MMHAN
Against Prior WorksModel

Context = Modality Key MMHAN
Handlin Limitati | Improvem
g on ent
HRE | Flat Text only | No 3-level
D [19] | hierarchi visual attention +
cal RNN groundin | multi-
g modal
fusion
UniL | Unified | Textonly | No Turn-level
M LM dialogue- | relevance
[11] pretrainin specific | weighting
g weightin
g
BART | Seq2Seq | Textonly | Loses Dedicated
[51 denoising history context
detail encoder
PLAT | Discrete | Text only | Cannot Cross-
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Context Modality  Key MMHAN @ makes deployment feasible in resource-constrained
Handlin Limitati = Improvem environments.

g on ent 6.2 Limitations

O [12] | latent process | modal MMHAN exhibits several limitations: (1) the
variables visual fusion three benchmark datasets may not capture full real-

cues world conversational diversity; (2) only text and

Chen | Joint Text+Ima | Retrieval | End-to-end | 1image modalities are supported—audio, video, and

& embeddin | ge only;no | generative structured data are excluded; (3) response

Wang | g generatio | model hallucination (31% of errors) remains significant

[4] retrieval n when grounding evidence is absent; (4) cross-

Kim | 2-level Textonly | No 3-level modali fusion 01ncreases inference time by

& Lee | hier. Cross- hierarchy + approximately 22% versus text-only baselines.

[9] transform {nodlal, 2 | cross-modal | ¢ 3 Open Research Issues
e oerﬁ‘;s Key open directions include: (1) integrating

Three key differentiating contributions stand
out. First, MMHAN's three-level hierarchy—
utterance, turn, global—integrated with cross-
modal fusion is absent from all prior hierarchical
dialogue models (Kim and Lee [9]; Wu et al. [19]),
which use two-level unimodal attention. This yields
the 9.1% context retention improvement,
attributable specifically to the global context
attention layer.

Second, multi-modal works such as Chen and
Wang [4] and Jia and Zhang [8] operate in retrieval
frameworks. MMHAN operates generatively,
producing novel grounded responses. The cross-
modal fusion component accounts for a 7.9%
BLEU-4 gain on Visual Dialog over the text-only
PLATO baseline.

Third, MMHAN introduces the Cross-Modal
Coherence Score (CMCS), which quantifies
semantic alignment between visual observations
and generated responses (r=0.82 with human
judgments)—a standalone methodological
contribution filling an evaluation gap in multi-
modal dialogue research.

6. APPLICATIONS, LIMITATIONS, AND
OPEN RESEARCH ISSUES

6.1 Potential Applications

MMHAN has direct applicability in: (a)
customer service automation—retaining history
while referencing product images; (b) healthcare
navigation—correlating patient-provided images
with conversation history; (c) embodied Al and
robotics—simultaneous reasoning over visual
scenes and instructions; (d) educational tutoring—
adapting explanations based on prior questions and
visual materials. The 15% parameter overhead

knowledge graphs or RAG pipelines to reduce
hallucination; (2) extending to audio and video
modalities requiring temporal-feature fusion; (3)
large-scale validation of CMCS across diverse
languages and datasets; (4) evaluating robustness
against adversarial visual inputs; (5) few-shot and
zero-shot adaptation to new dialogue domains
without full retraining.

7. CONCLUSION

This paper addressed three research questions:
whether hierarchical attention can differentiate
relevant from irrelevant dialogue history; whether
cross-modal fusion produces measurably superior
responses; and whether a principled cross-modal
coherence metric is achievable. Experimental
evidence strongly affirms all three.

MMHAN's three-level hierarchical attention
delivers a 9.1% context retention improvement over
PLATO, with ablation confirming that the global
context attention layer—absent from all prior
hierarchical dialogue models—drives this gain. The
cross-modal fusion component delivers a 7.9%
BLEU-4 gain on Visual Dialog and 78.4% human
preference in visual dialogue comparisons. CMCS
achieves r=0.82 correlation with human judgments,
filling a methodological evaluation gap.

Hallucination (31%) and knowledge limitations
(28%) remain the most significant unsolved
challenges. Future work will explore knowledge
graph integration, efficient cross-modal pretraining,
and extension to audio, video, and structured data
modalities. MMHAN provides a replicable,
computationally efficient foundation for next-
generation multi-modal context-aware
conversational Al.
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