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ABSTRACT

Multimodal Question Answering (MQA) in large language models (LLMs)
requires adaptive modeling of modality relevance across conversational
turns. However, existing approaches rely on static fusion strategies that
treat modalities uniformly and fail to capture dynamic modality impor-
tance. To address this limitation, we propose DynaRoute, a dynamic
memory routing framework for LLM-based MQA. DynaRoute integrates
a Bi-LSTM-based conversational memory to model evolving dialogue con-
text and a query-conditioned routing mechanism that dynamically assigns
modality relevance at each interaction step. The resulting representations
are processed by an LLM-based decoder to generate context-aware re-
sponses. Experiments on four benchmarks—VQA-v2, GQA, VisDial, and
A-OKVQA—demonstrate consistent improvements over unimodal, static
fusion, and mixture-of-experts baselines. DynaRoute achieves an improve-
ment of up to 8.7% under noisy conditions and 6.5% under clean settings,
while also obtaining the highest multi-turn consistency (68.9) and robust-
ness (81.3) scores. These results highlight the effectiveness of memory-
aware dynamic routing and establish DynaRoute as a principled framework
for conversational multimodal question answering.
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1. INTRODUCTION multiple information sources such as images, textual
descriptions, and audio signals [10,12]. Advances in
vision-language pretraining and multimodal repre-
sentation learning have significantly improved perfor-

mance on standard benchmarks and enabled strong

Large language models (LLMs) have rapidly be-
come a central paradigm for natural language under-
standing and generation, demonstrating remarkable

capabilities across a wide range of tasks such as text
generation, code synthesis, document summarization,
and question answering [1-4]. These models rely
on dense vector representations learned from large-
scale unstructured data, enabling neural networks to
capture semantic, syntactic, and contextual patterns
with unprecedented accuracy [1,2]. As a result, LLM-
based systems have been widely adopted in real-world
applications, including intelligent search engines, con-
versational agents, and decision-support systems in
domains such as education, healthcare, and business
[8,9]. While early developments in question answer-
ing (QA) focused primarily on text-only inputs, re-
cent research has expanded the task into multimodal
question answering (MQA), where systems integrate

results in object recognition, visual grounding, and
cross-modal alignment [11,12]. These developments
have established multimodal learning as a critical di-
rection for building more comprehensive and human-
like AT systems.

Despite these advances, existing MQA models
continue to exhibit notable limitations in conver-
sational and knowledge-intensive scenarios. Most
current methods operate on isolated image—question
pairs or apply shallow history concatenation when
extended to dialogue settings, which restricts their
ability to preserve conversational state and track en-
tity references across turns [8,9]. Knowledge-based
and embodied question answering have been explored
through interactive agents that explore their envi-
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ronments [13]; however, such approaches primarily
address navigation and symbolic reasoning rather
than conversational multimodal understanding. Al-
though graph-based and hybrid neural frameworks
have been proposed to enhance multimodal compre-
hension [14], they often show limited effectiveness on
complex reasoning tasks. Prior work has shown that
Bi-LSTM networks improve answer selection by mod-
eling bidirectional semantic dependencies in text-only
QA [15,16], yet their effectiveness for representing
dialogue-level dependencies in multimodal settings
remains underexplored.

Another critical limitation concerns how multi-
modal information is fused. The majority of cur-
rent models rely on static fusion strategies, in which
modalities are typically combined using fixed or
heuristic weights.  Although routing mechanisms
have recently been introduced in mixture-of-experts
(MoE) frameworks [17], such techniques are designed
to select computational experts rather than differ-
ent input modalities. Most existing systems perform
routing across subnetworks rather than across hetero-
geneous modalities such as text, vision, and audio,
and typically ignore dialogue history during routing
decisions. As a result, modality relevance remains
implicit, which prevents models from dynamically re-
allocating attention when certain modalities become
unreliable due to noise, occlusion, or missing informa-
tion. This gap highlights a key disconnect between
expert routing and adaptive multimodal reasoning.

To address these challenges, we propose Dy-
naRoute, a dynamic memory routing framework for
multimodal conversational question answering. Dy-
naRoute explicitly integrates conversational memory
with query-conditioned routing to enable adaptive
modality selection across dialogue turns. Rather than
treating modalities uniformly, the framework learns
to prioritize the most informative modality at each in-
teraction step based on both question semantics and
dialogue context. This design improves robustness
under noisy conditions and enhances interpretabil-
ity by making modality preferences explicit through
routing weights.

The main contributions of this work are summa-
rized as follows:

(1) We propose a dynamic modality routing
mechanism conditioned on question semantics
and conversational context, extending rout-
ing beyond MoE-style expert selection [17] to
modality-level adaptation.

(2) We integrate a Bi-LSTM-based conversational
memory to explicitly model long-range depen-
dencies in multi-turn multimodal QA, building
upon sequence modeling capabilities demon-
strated in text QA [15,16].

(3) We design a query-aware routing gate that
dynamically prioritizes the most informative
modality, addressing limitations of static fu-

sion in multimodal reasoning [10,12,14].

The remainder of this paper is organized as fol-
lows. Section 2 reviews related work and formulates
the problem setting. Section 3 describes the proposed
DynaRoute framework. Section 4 presents experi-
mental results, and Section 5 discusses the findings.
Section 6 concludes the paper and outlines future re-
search directions.

2. RELATED WORKS

This section reviews prior work on multimodal
question answering, sequential memory modeling
with Bi-LSTM, and dynamic routing mechanisms.

2.1 Multimodal Question Answering

Multimodal Question Answering (MQA) aims to
answer questions by jointly reasoning across hetero-
geneous input modalities, such as images, text, audio,
and structured knowledge, rather than relying solely
on textual information [12,18]. Unlike traditional
question answering, where answers are derived solely
from documents or databases, MQA requires models
to ground linguistic queries in perceptual and contex-
tual evidence from multiple information sources.

An example of multimodal and multi-turn
question- answering is shown in Fig. 1.

QI1: Is the man sitting or standing?

Al: Standing

Q2: What is the man holding in the image?
A2: A guitar

Q3: Is he playing it or just holding it?

A3: Playing it

Q4: What is the song's name?

A4: Heather

Fig.1: Ezample of Multimodal and Multi-turn
Question-Answering.

Fig. 1 illustrates a multimodal and multi-turn in-
teraction scenario. Visual reasoning is required to
infer whether the subject is standing and holding an
object, while textual context provides semantic cues
about the activity, and audio signals enable identifi-
cation of the song. Across dialogue turns, the system
must track entity states (e.g., holding versus play-
ing) and resolve implicit references, illustrating that
MQA requires both cross-modal grounding and tem-
poral reasoning.

MQA often involves additional modalities. In med-
ical applications, systems must integrate radiographic
images with clinical reports and laboratory data to
infer diagnostic outcomes [18]. In video-based sce-
narios, models must reason across temporal frames
and spoken dialogue to answer questions such as
“What did the person do after leaving the room?’ or
“Why did the character return to the kitchen?’ [20].
These examples illustrate that MQA extends beyond
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static image understanding and involves complex rea-
soning across visual, linguistic, temporal, and some-
times knowledge-based cues. Furthermore, when ex-
tended to dialogue scenarios, many methods rely on
shallow strategies such as history concatenation or
fixed-length context windows, which are insufficient
for maintaining entity states and resolving references
across turns [18, 20]. As a result, models frequently
fail to answer follow-up questions such as “What is it
made of 77 or “Where was it before?” | because they
lack an explicit representation of conversational mem-
ory. These limitations reveal two fundamental gaps
in existing research:(1) the absence of explicit mod-
eling of conversational context across dialogue turns,
and (2) the lack of adaptive modality selection based
on question semantics.

This motivates the design of DynaRoute, which
integrates conversational memory with query-aware
routing to support dynamic and context-sensitive
multimodal reasoning.

2.2 Bi-LSTM

Bidirectional Long Short-Term Memory (Bi-
LSTM) networks extend recurrent neural networks
(RNNs) by modeling sequential data in both for-
ward and backward directions, enabling each token
to be conditioned on its full left and right context
simultaneously [15-16]. While vanilla RNNs suffer
from vanishing gradients and limited long-term de-
pendency modeling, LSTM architectures introduce
gated memory cells that regulate information flow
through input, forget, and output gates. This gating
mechanism allows relevant information to be selec-
tively retained while suppressing irrelevant patterns,
thereby improving long-range dependency modeling
and training stability in deep sequential architectures
[21], as illustrated in Fig. 2.

LST™M

/

Input

Fig.2: Architecture of a Bidirectional LSTM (Bi-
LSTM) with Forward and Backward Recurrent Flows.

Formally, given an input sequence X =
{x1,29,..., 27}, a unidirectional LSTM computes its
hidden state at time step ¢, as shown in Equation (1).

ht = LSTM(J)t, ht—l) (1)
In Bi-LSTM, two independent LSTMs are used.

A forward LSTM processes the sequence from
{z1,z9,...,z7}, while a backward LSTM processes
the same sequence in reverse. The hidden represen-
tation at each time step is obtained by concatenating
both directions, as shown in Equation (2).

b = [ 1A (2)

Equations (1)-(2) show that Bi-LSTM captures
both historical and future information, yielding richer
representations than unidirectional models. Zhang
[21] demonstrated that Bi-LSTM improves response
accuracy in educational QA systems by modeling
contextual relationships across question sequences.
Prabakaran et al. [22] further showed that Bi-LSTM
captures long-range semantic patterns in automatic
script evaluation by modeling both keyword relevance
and syntactic continuity.

From a representational learning perspective, Bi-
LSTM offers a favorable balance between expressive
power and efficiency. Compared with convolution-
based sequence models, which focus on local patterns,
and graph neural networks, which require explicit re-
lational structure, Bi-LSTM directly learns temporal
dependencies from raw sequences [14, 21]. This prop-
erty makes it particularly suitable for conversational
modeling, where dialogue structure is implicit and
evolves over time.

This motivates the design of the Bi-LSTM-based
conversational memory module in DynaRoute, which
extends bidirectional modeling from sentence-level
encoding to dialogue-level representation learning.

2.3 Dynamic Memory Routing

Dynamic routing originates from capsule networks,
where information is routed between layers based on
agreement rather than static weighting [23]. Unlike
conventional fusion strategies that merge features,
routing mechanisms selectively emphasize represen-
tations that are semantically consistent, functioning
as a form of structured and learned attention.

Formally, given modality-specific embeddings hgk)
for each modality k € {image, text, audio}, a dy-
namic routing function computes routing coefficient
agk) via a normalized compatibility score, as shown
in Equation (3).

X f hgk)a t?Mt
o) _ ep(( q )) )

> exp (f(hgj),qt,Mt))

Where ¢; denotes the encoded question, M, is the
conversational memory at turn ¢, and f(.) is a learned
scoring function implemented by a multilayer percep-
tron (MLP). This formulation transforms routing into
a probabilistic decision process in which each modal-
ity is assigned a relevance weight conditioned on the
question semantics and dialogue history.
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In contrast to traditional dynamic routing pro-
tocols studied in network systems, where routing
focuses on packet delivery and path optimization
[24], routing in neural systems aims to optimize
information selection and representation learning.
While both paradigms emphasize dynamic adaptabil-
ity, neural routing operates in semantic space rather
than physical networks.

This motivates viewing DynaRoute not merely
as a weighting mechanism, but as an adaptive pol-
icy that governs evidence selection across modali-
ties. The design enables the model to prioritize vi-
sual cues for perception-oriented queries while shift-
ing toward language-based reasoning in knowledge-
intensive tasks.

3. THE DYNAROUTE FRAMEWORK

The DynaRoute framework supports dynamic and
context-aware multimodal reasoning for conversa-
tional question-answering. It consists of six core
components: (1) question processing, (2) a Bi-
LSTM-based conversational memory, (3) multimodal
encoders, (4) a dynamic routing gate, (5) an adaptive
multimodal fusion module, and (6) an LLM-based an-
swer decoder, as shown in Fig. 3.

(enc)
t

[ (1) Question Processing ]

‘ (2) Bi-LSTM Conversational Memory + Attention
M, M,

(3) Multimodal Encoders

’ Audio Encoder
(audio)
hy

(4) Dynamic Routing Gate
ocgk) for all modality

l

(5) Adaptive Fusion Module ’
k), (K
Ze=Yk (xg )hg )

l

‘ (6) LLM Answer Decoder }

[ Image Encoder

Text Encoder
h(image)
t

hitext)

4, =LLM(Z,)

Fig.3: An Owverview of the DynaRoute Framework.

3.1 Question Processing

At dialogue turn ¢, the system receives a natural-
language question g;, which must be transformed into
a compact representation that reflects the user’s in-
tent. The processing begins by tokenizing the input
question and mapping each token into a continuous

embedding space. These token-level embeddings are
then aggregated using a transformer-based encoder,
which produces a single semantic vector representing
the entire question, as shown in Equation (4).

qunc) c Rd (4)

The vector represents the overall intent of the
user’s query, and its semantic cues are implicitly en-
coded within the dense representation g\“".

For example, given the input question:

qr = “What is the man holding in the image?’

The ground-truth answer is “He is holding a gui-
tar.” At this turn, the system has access to three
modalities: (1) an image of a man holding a guitar,
(2) a text caption describing the scene, and (3) an
ambient audio signal. Because the semantic represen-
tation qéenc) emphasizes visually grounded elements
and action-related semantics, the downstream mod-
ules can infer that visual information will be critical
for correctly answering this query. Once computed,
the encoded question vector qgem) is passed to the Bi-
LSTM conversational memory, where it is integrated
with information from previous and subsequent dia-

logue turns.

3.2 Bi-LSTM Conversational Memory

Conversational question answering often spans
multiple turns, where the interpretation of the cur-
rent question depends heavily on earlier user queries
and the evolving dialogue context. To model these
long-range dependencies, DynaRoute maintains a se-
quence of encoded questions accumulated over time,
as shown in Equation (5).

[qgenc)7 qéenc), o qéenc)7 B } (5)

Each element in this sequence corresponds to the
semantic embedding of a question asked at a partic-
ular dialogue turn. As the conversation progresses,
each new question is encoded and appended to this se-
quence. Rather than processing each question in iso-
lation, the system uses a Bi-LSTM to capture contex-
tual relationships spanning both preceding and sub-
sequent turns.

The forward recurrent pathway models dependen-
cies flowing from earlier turns, as shown in Equation

(6).
hi* = LSTM., (qt(e"c), - 1) (6)
where qt(enc) is the semantic embedding of the cur-
rent question and h;”; summarizes the information
propagated from all preceding turns.
Conversely, the backward pathway processes the

dialogue sequence in reverse temporal order, as shown
in Equation (7).
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hi = LSTM. (g hi-,) (7)

The hidden state hj—;, is derived from the sub-
sequent question during training. Although future
turns are not available during inference, the back-
ward LSTM is trained to capture typical follow-up
structures and dialogue transitions, enabling it to en-
code richer contextual patterns. To obtain a unified
conversational memory for turn ¢, the hidden states
from the forward and backward pathways are con-
catenated, as shown in Equation (8).

My = [hy[[hy] (8)

This memory vector captures both the meaning of
the current question and its surrounding conversa-
tional context. To emphasize the most relevant di-
alogue turns, DynaRoute incorporates an attention
mechanism over the sequence of Bi-LSTM hidden
states. Given the set of concatenated hidden states,
as shown in Equation (9).

t

{hi = [ht_>||h1<5_]}z:1 (9)

The attention module computes a relevance weight
for each past turn, as shown in Equation (10).

B = softmax (bT tanh(W,h;)) (10)

where W, and v are trainable parameters. These
weights indicate how strongly each previous turn con-
tributes to the meaning of the current question. The
final attention-enhanced conversational memory is
then computed as shown in Equation (11).

M= b (11)

The highlighted formulation of DynaRoute enables
the model to selectively focus on earlier dialogue turns
that are most semantically aligned with the current
question. By explicitly modeling both sequential pat-
terns and attention-based relevance, the Bi-LSTM
memory becomes a critical bridge connecting user in-
tent with downstream multimodal reasoning, as de-
scribed in Fig. 4.

For the running example “What is the man holding
in the image?’, the conversational memory highlights
earlier turns involving the same visual referent, allow-
ing the system to prioritize object-centric modalities
in subsequent routing and fusion stages.

3.3 Multimodal Encoders

In the module, the conversational memory M; and
the modality-specific embeddings hgk) operate at di-
alogue turn ¢, yet they fulfill fundamentally differ-
ent roles within the DynaRoute framework. While
M; captures the semantic intent of the user’s ques-
tion along with its multi-turn contextual dependen-
cies, each modality encoder extracts content-specific

(enc) | | (emnc) | | _(emnc) | ......
w09 ) (a0 ) (3 ] (]

Forward
Layer

Backward
Layer

Hidden
State

Attention

Outputs [ M, =Y, Bih; ]

!
Fig.4: Bi-LSTM Conversational Memory.

features from its corresponding input stream.

The system receives three heterogeneous inputs at
turn ¢: an image, a text caption, and an audio signal.
Each modality is independently transformed into a
latent representation suitable for multimodal reason-
ing, as expressed in Equation (12).

hgk) € R, k € {image, text, audio} (12)

The resulting vectors hgk) constitute a set of
modality-specific embeddings. By explicitly separat-
ing the conversational memory M; from these modal-
ity embeddings, the framework can determine which
modality provides the most relevant evidence for an-
swering the question, rather than treating all modali-
ties as equally informative. This separation improves
both the accuracy and robustness of the overall mul-
timodal reasoning pipeline.

For the running example “What is the man hold-
ing in the image?’, the image encoder identifies high-
salience visual objects such as a man, hands, and a
guitar, yielding a representation highly aligned with
the task. The text caption may contain partial infor-
mation (e.g., “A man sitting on a bench”) and may
omit the object of interest, whereas the audio en-
coder typically provides minimal useful information
for visually grounded queries. These heterogeneous
embeddings are subsequently passed to the dynamic
routing module, where the system selectively deter-
mines the relevance of each modality.

3.4 Dynamic Routing Gate

The dynamic routing gate is a key innovation of
the DynaRoute framework. Its purpose is to deter-
mine how the system selectively prioritizes different
modalities when generating an answer. Unlike static
fusion strategies, which treat all modalities as equally
informative, the routing gate computes context-aware
relevance weights based on three complementary sig-
nals: (1) the semantic content of the current question,
(2) the multi-turn conversational context encoded in
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My, and (3) the modality-specific feature representa-
tions hgk)

At dialogue turn ¢,

produced at turn t.

each modality encoder
produces a latent feature vector h,(fk), where
k € {image, text, audio}. The routing gate inte-
grates these representations with both the conversa-
tional memory M; and the question embedding qt(enc).
These three signals are concatenated and transformed
through a learned linear projection, producing a rout-
ing score for each modality, as shown in Equation
(13).

st = Wi 1Ml g (13)

where W is a trainable projection matrix for
modality k. Higher values of sgk) indicate strong se-
mantic alignment between the modality and the in-
formation required to answer the question. The rout-
ing function is implemented as a lightweight multi-
layer perceptron (MLP) which parameterizes the pro-
jection function Wy in Eq. (13). The MLP maps
the concatenated representations into a scalar rout-
ing score for each modality, allowing the model to
learn nonlinear interactions between question seman-
tics, conversational memory, and modality-specific
features.

To enhance context-adaptive decision-making, Dy-
naRoute draws conceptual inspiration from the
routing-by-agreement mechanism originally proposed
in capsule networks [23]. However, unlike cap-
sule routing, which operates between lower-level and
higher-level feature capsules, the proposed routing
gate repurposes this idea for multimodal reason-
ing. Specifically, rather than routing information
between neural capsules, DynaRoute dynamically
routes across heterogeneous modalities (image, text,
audio) based on the current question semantics and
multi-turn conversational memory.

The routing scores are normalized via a softmax
function, which transforms them into interpretable
relevance weights, as shown in Equation (14-15).

exp (sgk))

o) = —~
Zje{image, text, audio} exXp (St] )
These weights satisfy:
> a =10 <1 (15)

Thus, agk) directly represents the relative contri-
bution of modality k to the answer generation process
at dialogue turn ¢.

Although the proposed routing mechanism shares
certain similarities with attention-based fusion meth-
ods, there are fundamental conceptual differences
between the two paradigms. Conventional atten-

tion mechanisms typically compute relevance scores
between tokens or feature representations—either
within a single modality or across modalities—and
aggregate them through weighted summation within
a fixed fusion structure. In contrast, the routing
gate in DynaRoute performs modality-level decision-
making by explicitly determining which modality
should contribute more strongly to the final repre-
sentation.

While attention mechanisms primarily act as fea-
ture weighting operations, dynamic routing in Dy-
naRoute functions as an adaptive evidence selection
policy conditioned on both conversational memory
and question semantics. This design enables the
model to dynamically reallocate modality importance
across dialogue turns rather than relying on fixed or
locally computed attention weights. Consequently,
the routing mechanism provides a higher level of con-
trol over modality selection compared with conven-
tional attention-based fusion strategies.

This dynamic routing behavior enables the frame-
work to adapt its modality selection per question, per
turn, and per conversational context, thereby signifi-
cantly improving robustness in multimodal reasoning.
Fig. 5 illustrates the internal computation flow of the

proposed routing gate.

[Learned Projection Matrix]

Wi

A 4
Routing Score
RO
t

4
| Softmax I

v
[ Relative Modality Weight ]
K

a;

!

Fig.5: Dynamic Routing Gate.

For the running example, “What is the man hold-
ing in the image?’ the routing gate may assign the
following modality weights:

af ™) = 0.82, ™™ = 0.14, af™ ) = 0.04

This distribution indicates a strong preference for
the image modality. Such a routing decision is con-
sistent with human intuition and demonstrates that
the model selectively focuses on the most relevant in-
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formation source.

3.5 Adaptive Fusion Module

After the routing gate computes the modality rel-
evance weights agk), DynaRoute constructs a unified
multimodal representation by performing a weighted
fusion of all modality-specific embeddings. From
a theoretical perspective, conventional static fu-
sion strategies assume that all modalities contribute
equally or according to fixed heuristic weights. How-
ever, in multimodal question-answering tasks, the rel-
evance of each modality often varies depending on
the semantic intent of the question and the conversa-
tional context. For example, visually grounded ques-
tions primarily depend on visual evidence, whereas
knowledge-oriented questions may rely more heavily
on textual information. Static fusion methods can-
not adapt to these variations because the modality
weights remain fixed regardless of the input condi-
tions.

In contrast, the proposed adaptive fusion mech-
anism leverages the routing coefficients agk) to dy-
namically determine the contribution of each modal-
ity. These coefficients are conditioned on the ques-

. . enc .
tion representation qt( ), the conversational memory

M;, and the modality-specific features hgk). As a re-
sult, the model can suppress noisy or less informative
modalities while amplifying the most relevant ones
for the current query.

At dialogue turn t, the fused representation Z; is
computed, as shown in Equation (16).

2= ah

This formulation ensures that modalities with
higher routing scores contribute more strongly to the
fused embedding. For instance, if the query is visually
grounded—such as “What is the man holding in the
image?’—the visual embedding dominates the fused
representation:

(16)

Z; = (0.82)Ri™9¢ 4 (0.14)hL™ + (0.04)heU0 (17)

Thus, Z; serves as a context-aware and question-

driven multimodal representation, integrating only
the most relevant evidence while suppressing distrac-
tive or irrelevant modalities. This embedding is then
passed to the LLM-based decoder to generate the fi-
nal answer.

3.6 LLM Answer Decoder

The final stage of the DynaRoute framework in-
volves generating the answer from the fused multi-
modal representation Z;. DynaRoute employs a large
language model (LLM)—such as LLaMA, GPT, T5,
or similar architectures—as the answer decoder. The
LLM conditions its output on Z;, treating it as an ad-
ditional contextual embedding that guides the gener-
ation process. The predicted answer at dialogue turn
t is produced, as shown in Equation (18).

a; = LLM(Z,) (18)

The decoder generates a natural-language re-
sponse that reflects both the multimodal evidence
and the conversational context captured earlier in the
pipeline. For the running example, the system out-
puts:

a; = “He is holding a guitar.”

This matches the ground-truth answer and demon-
strates that DynaRoute successfully (1) identifies rel-
evant modalities, (2) fuses them adaptively, and (3)
produces coherent, context-aware responses. The re-
sulting QA pair (q¢,a;) is appended to the dialogue
history and contributes to future turns through the
Bi-LSTM conversational memory.

4. EXPERIMENTAL RESULTS AND ANAL-
YSIS

This section evaluates the effectiveness of the pro-
posed DynaRoute framework using four benchmark
datasets that collectively cover single-turn question-
answering, multi-turn dialogue understanding, and
knowledge-intensive reasoning. The experimental
protocol is designed to systematically validate the
contributions of each core component of DynaRoute.

Table 1: Statistical Summary of Benchmark Datasets Used for DynaRoute Evaluation.

Dataset Type fImages ﬁDl;i(ls)iues fClasses Modality Description

VQA-v2 Image QA 105,000 505,904 3 Vision + Text | General visual
reasoning

GQA Scene-graph QA | 113,018 2M 870 concepts | Vision + Text | Compositional
reasoning

VisDial Visual Dialogue | 53,287 1M turns - V}smn + Multi-turn QA

Dialogue

A-OKVQA | Knowledge QA | 13,603 25k External KB | Vision + Text | Requires world

knowledge
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4.1 Datasets

In our experiments, we evaluate the proposed
DynaRoute framework on four benchmark datasets:
VQA-v2, GQA, VisDial, and A-OKVQA [25], which
collectively cover visual reasoning, compositional
understanding, multi-turn dialogue modeling, and
knowledge-based multimodal question-answering, as
summarized in Table 1.

411 VQA-v2

VQA-v2 is a large-scale visual question-answering
dataset consisting of 105,000 images and 505,904
question—answer pairs. All questions are categorized
into three types: Yes/No, Number, and Other. The
dataset focuses on general visual reasoning, requiring
models to localize objects, recognize attributes, and
reason about spatial relations using both visual and
textual information. Due to its diversity and size,
VQA-v2 serves as a strong benchmark for evaluating
multimodal grounding and answer accuracy.

4.1.2 VisDial

VisDial is a multi-turn visual dialogue dataset con-
taining 53,287 images and approximately 1 million
question—answer turns. Each image is associated with
a caption and a dialogue sequence between two par-
ticipants. VisDial is designed to evaluate a model’s
ability to maintain dialogue coherence, track refer-
ences over multiple turns, and integrate visual and
linguistic context throughout the conversation. This
dataset is therefore particularly relevant for assessing
the impact of the proposed Bi-LSTM conversational
memory.

41.3 A-OKVQA

A-OKVQA is a knowledge-intensive visual question-
answering dataset consisting of 13,603 images and
approximately 25,000 questions. Unlike conventional
QA datasets, many questions in A-OKVQA require
external or commonsense knowledge beyond what is
visible in the image. This dataset is designed to eval-
uate a model’s ability to integrate visual perception
with knowledge-based reasoning.

ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.20, NO.2 April 2026

4.2 Hardware and Model Configuration

All experiments were conducted under a unified
training and evaluation protocol. The proposed
DynaRoute framework was implemented using Py-
Torch 2.1 and the HuggingFace Transformers library
(v4.49.0) on Ubuntu 20.04. Training and inference
were performed on NVIDIA A100 (40 GB) GPUs
with 64 GB of system memory. Mixed-precision
training (FP16) was enabled to improve training effi-
ciency and reduce memory consumption.

For the model configuration, BERT-base was
adopted as the question encoder, producing semantic
representations of dimension d = 768. Visual features
were extracted using ViT-B/16. Conversational rea-
soning was modeled using a two-layer Bi-LSTM with
a hidden size of 256 for each direction, yielding a con-
versational memory representation of dimension 512.
Attention is applied over hidden states to obtain a
context-aware memory vector. The dynamic rout-
ing gate was implemented as a three-layer multilayer
perceptron that takes as input the concatenation of
the question embedding, conversational memory, and
modality-specific features.

Training is performed using the AdamW optimizer
with parameters 8; = 0.9 and 82 = 0.999. The learn-
ing rate is initialized at 2 * 10~* with linear warm-up
over the first 10% of training steps. Batch size is
set to 32, and all models are trained for 15 epochs.
A dropout rate of 0.1 is applied to the routing and
decoding layers to mitigate overfitting, and gradient
clipping is set to 5.0 for training stability.

4.3 The Model Performance Across Bench-
mark Datasets

This section reports the quantitative performance
of the proposed DynaRoute framework across four
benchmark datasets representing complementary rea-
soning capabilities: VQA-v2, GQA, VisDial and A-
OKVQA. The complete numerical results are sum-
marized in Table 2, while the relative performance
trends are visualized in Fig. 6(a) and Fig. 6(b).

Across all benchmarks, DynaRoute achieves the
best overall performance, outperforming unimodal
baselines, static fusion strategies, and mixture-of-
experts variants. The highest single-dataset score is
observed on VQA-v2 (74.7%), reflecting DynaRoute’s

Table 2: Performance Comparison Across Benchmark Datasets.

Model VQA- | GQA | VisDial | A-OKVQA | Cons. | Rob.
v2 Acc | Acc | NDCG Acc

Text-only 66.2 58.4 54.0 42.1 61.3 72.4
Concat-Fusion 68.5 60.1 54.8 44.7 63.0 74.2
MoE-Uniform 71.4 63.5 56.0 48.0 68.2 | 78.0
w/0o Memory 72.0 63.1 56.6 48.5 68.5 | 80.0
w/o Routing 72.4 63.0 57.4 49.1 68.4 | 81.0
DynaRoute 74.7 63.5 57.9 49.1 68.9 | 81.3
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strong capability in visually grounded reasoning tasks
where object recognition and semantic alignment
are critical. On the knowledge-intensive A-OKVQA
dataset, DynaRoute matches the best-performing
variant (w/o Routing) at 49.1%, indicating that al-
though routing does not maximize raw accuracy on
this dataset, it improves robustness and consistency
as shown later in Fig. 6(b). For multi-turn dia-
logue on VisDial, DynaRoute achieves the highest
NDCG score of 57.9, surpassing all baselines includ-
ing MoE-based models. In contrast, the Text-only
baseline consistently yields the lowest performance
across all benchmarks, confirming the necessity of
multimodal evidence when tackling visually grounded
and knowledge-based tasks.
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Fig.6(a): Performance comparison on VQA-v2,
GQA, VisDial, and A-OKVQA.

From Fig. 6 (a), DynaRoute consistently out-
performs the Text-only and static fusion baselines
across all four datasets. The largest performance gain
over the Text-only model is observed on A-OKVQA
(+7.0%), highlighting the contribution of dynamic
routing in knowledge-based reasoning scenarios where
visual features alone are insufficient. On GQA, Dy-
naRoute achieves performance comparable to MoE-
Uniform (63.5%), indicating that compositional rea-
soning benefits from expert modeling and structured
representations, while still gaining from routing and
memory integration. On VisDial, DynaRoute ex-
hibits a clear improvement, demonstrating the effec-
tiveness of conversational memory in maintaining di-
alogue coherence.

1]

o
e © i aF 05‘ “\‘0

Score (%)
5 8383883 338

=)

?&“““ a“"“‘

Consistency mmm Robustness

Fig.6(b): Comparison in Terms of Multi-turn
Consistency and Robustness.

From Fig. 6(b), DynaRoute achieves the high-
est robustness score of 81.3%, whereas the Text-only

model records the lowest score (72.4%), emphasiz-
ing the importance of dynamic modality weighting
in handling missing or corrupted inputs. In terms of
consistency, DynaRoute also attains the highest value
(68.9), confirming that Bi-LSTM memory contributes
substantially to maintaining dialogue coherence. Al-
though removing memory or routing individually still
yields reasonable performance, the full DynaRoute
model outperforms all ablated variants, demonstrat-
ing that conversational memory and routing mecha-
nisms are complementary rather than redundant.

4.4 Ablation Study

To quantify the contribution of each architectural
component, we conduct an ablation analysis by re-
moving individual modules from the full DynaRoute
model and evaluating their impact across four bench-
mark datasets, as illustrated in Fig. 7.
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Fig.7: Ablation Study of DynaRoute Across Four
Benchmark Datasets.

From Fig. 7, The ablation results reveal that Dy-
naRoute is a tightly coupled reasoning architecture
rather than a collection of independent modules. Re-
moving the Bi-LSTM conversational memory leads
to the largest degradation, especially on VisDial,
demonstrating that long-range context modeling is
critical for entity tracking and discourse continuity in
multi-turn conversations. When the attention mech-
anism is disabled, performance decreases consistently
across datasets, indicating that selective focus on dia-
logue history is necessary to suppress irrelevant con-
text and preserve semantic alignment with the cur-
rent query. The most significant drops on GQA and
A-OKVQA occur when the routing gate is removed,
confirming that query-conditioned modality selection
is essential for compositional and knowledge-intensive
reasoning. Finally, although eliminating the adap-
tive fusion module results in a smaller decline, it still
disrupts performance, suggesting that fusion plays a
complementary role by integrating modality-specific
representations already shaped by memory and rout-
ing. Overall, these results highlight that DynaRoute
operates as a coherent reasoning system in which
memory, attention, routing, and fusion jointly opti-
mized rather than independently effective.



298 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.20, NO.2 April 2026

4.5 Robustness to Noisy and Missing Modal-
ities

We evaluate robustness by comparing DynaRoute
with a static fusion baseline under four conditions:
clean input, noisy image, masked text, and muted
audio, as shown in Fig. 8.

To simulate modality degradation, controlled noise
injection procedures were applied during evaluation.
For the visual modality, Gaussian noise was added to
the image pixels to simulate corrupted visual input.
For the textual modality, token masking strategy was
applied in which a portion of the caption tokens was
randomly replaced with a masking token to repre-
sent incomplete textual information. For the audio
modality, the audio signal was replaced with silence
to simulate missing auditory input.

These perturbations were applied independently to
evaluate how the model reallocates modality impor-
tance when one of the input sources becomes unreli-
able. The purpose of this experiment is to examine
whether the proposed dynamic routing mechanism
can suppress noisy modalities and rely more heavily
on the remaining informative ones.

Fig. 8 shows the accuracy comparison between Dy-
naRoute and the static fusion baseline under modal-
ity degradation.
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Fig.8: Accuracy Comparison Between DynaRoute
and Static Fusion under Modality Degradation.

As shown in Fig. 8, under clean conditions, Dy-
naRoute outperforms static fusion by 6.5 percent-
age points (53.8% vs. 47.3%). The largest improve-
ment occurs under noisy image conditions, where Dy-
naRoute remains at 49.2% while static fusion drops
to 40.5%. Under masked text, DynaRoute maintains
50.9%, outperforming static fusion by 6.8 points.
Even under muted audio, DynaRoute retains a slight
advantage.

These results demonstrate that DynaRoute main-
tains reliability when individual modalities degrade.
We define static fusion as a baseline that concate-
nates multimodal representations without learning
adaptive weights and consequently lacks the abil-
ity to suppress unreliable input, leading to perfor-
mance degradation under noisy conditions. In con-
trast, DynaRoute dynamically reallocates modality

importance, resulting in improved robustness.

4.6 Analysis of Dynamic Routing Behavior

To examine whether the proposed routing gate
learns meaningful modality preferences, we analyze
the average routing weights assigned to each modality
across different question types, namely Visual, Tex-
tual, and Knowledge-based queries. The distribution
of modality weights is illustrated in Fig. 9.
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Fig.9: Distribution of Dynamic Routing Weights
across Image, Text, and Audio Modalities for Differ-
ent Question Types.

As shown in Fig. 9, the average routing weights
vary across modalities for different question types.
For visual queries, image modality weights dominate
(0.82). For textual queries, text receives the highest
weight (0.64). For knowledge-based queries, weights
are balanced between image (0.41) and text (0.49),
indicating multimodal dependency. Audio receives
consistently low but nonzero weights. These patterns
indicate that routing is learned semantically rather
than heuristically, confirming that DynaRoute adapts
modality selection based on question intent rather
than fixed fusion strategies.

Overall, the routing behavior aligns well with hu-
man intuition and task-specific requirements. Rather
than applying static modality weights, DynaRoute
dynamically adapts modality preferences based on
the semantic characteristics of each question. These
findings empirically validate the effectiveness of the
proposed routing gate in learning semantically mean-
ingful and interpretable modality assignment strate-
gies, thereby contributing to more robust and adap-
tive multimodal reasoning.

4.7 Case Study

The case studies highlight the impact of conver-
sational memory and dynamic routing on robustness
and modality selection.

4.7.1 Multi-turn Case Study:

Static Fusion

Comparison with

This subsection qualitatively compares DynaRoute
with a static fusion baseline, focusing on differences
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Table 3: Multi-turn Error Analysis Compared with Static Fusion.
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. Ground Static .
Dataset Turn Question Truth Fusion DynaRoute Error Analysis
VQA-v2 What is the girl holding in her | Red . Red .
b hands? balloon Nothing balloon Language bias
ts Is the balloon bigger than her No Yes No Hallucination
head?
t3 What color is the girl’s dress? | Pink Red Pink Color confusion
GQA & Wha't object is the man Knife Nothing | Knife Weak \f.lsual
holding? grounding
Failure on
9 1 ? 3 ‘
to Is the man preparing food? Yes No Yes relational reason
VisDial t1 Is the man still eating? No Yes No No conversational
memory
A-OKVQA to Why is the man wearing Protection | Fashion | Protection Knowledge not
gloves? grounded

in entity tracking, modality selection, and error be-
havior across dialogue turns, as summarized in Table
3.

Table 3 presents multi-turn and knowledge-
intensive examples. Static fusion fails due to shallow
lexical matching, hallucination, and lack of memory.
DynaRoute succeeds by maintaining entity continuity
through conversational memory and selecting appro-
priate modalities through routing. In contrast, Dy-
naRoute consistently produces correct and context-
aware responses by jointly exploiting two mecha-
nisms: (i) Bi-LSTM conversational memory, which
maintains entity continuity and resolves references
across turns, and (ii) dynamic routing, which empha-
sizes the most relevant modality at each interaction
step.

For example, in VQA-v2 and GQA multi-turn
interactions, DynaRoute successfully tracks objects
introduced in earlier turns and prevents semantic
drift, enabling accurate coreference resolution and at-
tribute reasoning. Notably, in knowledge-intensive
cases (A-OKVQA), routing weights shift from visual
processing to textual and semantic reasoning, allow-
ing the model to perform causal inference, such as
recognizing protective intent rather than relying on
superficial visual cues.

4.7.2  Routing Behavior Analysis

This subsection analyzes the learned routing
weights to determine whether the routing gate as-
signs modality importance in a semantically mean-
ingful manner. Fig. 10(a)—(b) illustrates the distribu-
tion of routing weights across image, text, and audio
channels. As shown in Fig. 10(a), the routing weights
for VQA-v2 and GQA show that visual queries ex-
hibit strong dominance of the image modality. For
instance, in the question “What color is the woman’s
jacket?’, the image channel receives a weight of 0.85,
whereas text and audio obtain only 0.12 and 0.03, re-
spectively. This indicates that the routing gate cor-
rectly identifies the task as purely perceptual and ac-

cordingly prioritizes visual evidence. A similar pat-
tern is observed in GQA, where image weights consis-
tently exceed 0.75, confirming that spatial and rela-
tional reasoning remains primarily vision-driven de-
spite increased linguistic complexity. This demon-
strates that routing behavior is highly structured
rather than arbitrary. Visual questions in VQA-v2
and GQA consistently show dominance in the image
channel («-img > 0.75).

A distinctly different pattern emerges in VisDial
and A-OKVQA, as shown in Fig. 10(b). For exam-
ple, the question “Who is well known for playing this
instrument?’ shows a stronger text preference (0.55).
These results demonstrate that the routing gate cor-
rectly shifts focus toward linguistic and knowledge-
based reasoning when visual input alone is insuffi-
cient.

VQA-v2

Q1: What color is the woman's jacket in the picture?

L —

(=] (-] -

-] w -]
W6iam bunnoy

Q2: How many children are visible in th

image Text

Q1 Is the cat sitting on the sofa?
A Yes

located behind the television?

Q2: What object is visi
A Lamp

image Text

Fig.10(a): Dynamic Routing Weights Across
Modalities: VQA-v2 and GQA.

While A-OKVQA cases allocate higher weights to
textual reasoning (a_text > 0.5), reflecting reliance
on world knowledge. In conversational contexts (Vis-
Dial), routing remains image-dominant but shows
gradual shifts toward text for inferential or tempo-
ral queries. These results indicate that routing oper-
ates as an implicit attention policy over modalities,
learned end-to-end without supervision on modality
labels.
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VisDial

Q1: Is anyone else with him? 0.8
A No 077 019 004

o
&
W6iam bunnoy

Q2: Does the room look smali? 021 004
A Yes

Image Text Audio

A-OKVQA
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Q1: What type of guitar is shown in the image?
A Acoustic guitar

0252
0.00

Q2: Who is well known for playing this instrument?
A Jimi Hendrix

Image Text Audio

Fig.10(b): Dynamic Routing Weights Across
Modalities: VisDial and A-OKVQA.

5. DISCUSSION

5.1 Effectiveness of Dynamic Memory Rout-
ing

Experimental results demonstrate that DynaRoute
consistently outperforms static fusion and memory-
free baselines across all evaluation benchmarks, with
particularly strong improvements observed on Vis-
Dial and A-OKVQA. This confirms that conversa-
tional memory and query-conditioned routing are
critical for multi-turn reasoning and knowledge-
intensive queries. Unlike conventional multimodal
systems that apply fixed fusion strategies, Dy-
naRoute models modality relevance dynamically, en-
abling adaptive evidence selection based on dialogue
context and question semantics.

Furthermore, routing visualizations reveal inter-
pretable modality preferences that align with task
demands: visually grounded queries remain image-
dominant, while knowledge-oriented questions shift
toward textual reasoning. This behavior contrasts
with static fusion pipelines, which lack flexibility un-
der noise and ambiguity, and supports the claim that
adaptive routing is a principled design for robust mul-
timodal reasoning.

5.2 Limitations and Weaknesses

DynaRoute inherits certain limitations from the
underlying pretrained encoders, and performance
may degrade when modality representations are noisy
or misaligned, particularly in unseen domains. Audio
is consistently assigned lower routing weights, reflect-
ing weak dataset-level correlations rather than archi-
tectural bias, which suggests the need for richer audi-
tory benchmarks. Although the routing overhead is
modest, it may affect latency-sensitive applications.
In addition, conversational memory currently oper-
ates at the turn level and does not capture token-level
interactions, which may limit performance in very
long or complex dialogues. These challenges indicate

directions for improving temporal modeling and com-
putational efficiency in future work.

6. CONCLUSION AND FUTURE WORK
6.1 Conclusion

This paper presents DynaRoute, a dynamic mem-
ory routing framework for multimodal conversational
question-answering in large language models. Un-
like static fusion methods, DynaRoute integrates con-
versational memory, query-conditioned routing, and
adaptive fusion to select the most relevant modality
at each dialogue turn.

Experimental results on VQA-v2, GQA, Vis-
Dial, and A-OKVQA show that DynaRoute con-
sistently outperforms unimodal, static fusion, and
MoE baselines. The model achieves strong perfor-
mance on VQA-v2 (74.7%), VisDial (NDCG 57.9),
and knowledge-intensive A-OKVQA (49.1). More-
over, DynaRoute improves robustness under modal-
ity degradation by up to 8.7% and yields the high-
est multi-turn consistency score (68.9), demonstrat-
ing its ability to handle noisy input and long-range
dependencies. Ablation studies further confirm that
memory, routing, and fusion are complementary com-
ponents. Routing visualizations also show that the
model learns interpretable and task-aligned modality
preferences. Overall, DynaRoute establishes dynamic
routing as an effective and principled paradigm for
robust multimodal reasoning in LLMs.

6.2 Future Work

Future work will extend DynaRoute to additional
modalities such as video, speech, and sensor data,
with particular emphasis on temporal routing for
video understanding. Incorporating video streams
would enable fine-grained temporal reasoning for ac-
tivity recognition and long-form video question an-
swering in applications such as surveillance and au-
tonomous systems. Another promising direction is
decoder-aware routing, where modality selection is
integrated into the LLM to enable token-level con-
trol during generation. This would improve factual
grounding and reduce hallucination, particularly in
long-form responses.
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