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Abstract

We propose Dynamic Urdu Discourse-Aware Prompt Tuning (DUDAPT), a
novel framework for context-adaptive image captioning that addresses the
unique challenges of Urdu language integration. Traditional captioning
systems rely on static word embeddings, which often fail to capture Urdu’s
rich discourse features such as syntactic complexity and anaphora resolution.
The proposed method introduces a dynamic embedding layer that adapts to
linguistic context through three key components: a Discourse Complexity
Analyzer (DCA) to evaluate sentence complexity in real-time, a Dynamic
Prompt Pool (DPP) that selectively activates context-aware soft prompts, and
an Urdu-Aware Embedding Projector to align tokens with visual-semantic
spaces. The DCA employs a lightweight transformer to compute complexity
scores, which then guide the DPP to expand or prune prompts dynamically.
Moreover, the projector combines frozen Urdu embeddings with adaptive
prompts, enabling seamless integration with conventional language decoders.
The framework is realized using a distilled Urdu-BERT model for efficiency
and metalearned, multilingual prompts for robustness. Experimental
validation demonstrates that DUDAPT outperforms fixed-embedding
approaches by effectively capturing discourse nuances while maintaining
compatibility with existing captioning pipelines. This work bridges a critical
gap in low-resource language processing, offering a scalable solution for
Urdu-centric multimodal applications.
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Introduction nuances. Unlike static prompt tuning,
Automated image caption generation has evolved DUDAPT’s prompts grow or shrink during
significantly with the advent of deep learning, inference, reducing overreliance on fixed

particularly through encoder-decoder
architectures that combine convolutional neural
networks (CNNs) for visual feature extraction
with recurrent networks like LSTMs for language
generation (Yi et al., 2022). While these methods
excel for highresource languages, their
performance degrades for morphologically rich
languages like Urdu, where discourse structures
such as topic continuity and anaphora resolution
play a pivotal role in caption coherence (H. Khan
et al., 2024). Existing approaches often rely on
static word embeddings (e.g., Word2Vec (Church,
2017)) or fixed prompt tuning, which fail to adapt
to Urdu’s syntactic variability and contextual
dependencies (Hadi et al., 2024).

The challenge is Urdu’s

agglutinative morphology and free word order

twofold.  First,
demand dynamic representations that capture

intra-sentence relationships. Second,

conventional captioning models overfit  to
frequent n-grams due to limited Urdu datasets,
neglecting rare but semantically critical
constructions (Muzaffar et al.,, 2025). Recent
work in dynamic prompting (Zhou et al., 2023)
offers a potential solution by allowing soft
prompts to evolve during inference, yet these
methods lack linguistic grounding for Urdu’s
discourse features.

We propose a Dynamic Urdu Discourse-Aware
Prompt Tuning (DUDAPT) framework that
addresses these gaps through three innovations:
(1) a real-time Discourse Complexity Analyzer
that quantifies syntactic and semantic complexity
to guide prompt adaptation, (2) a Dynamic
Prompt Pool that scales prompts based on
discourse relations (e.g., topic shifts or anaphoric
links), and (3) an Urdu-Aware Embedding
Projector that fuses frozen embeddings with
adaptive pre-trained

prompts to preserve

knowledge while accommodating context-specific
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templates. For instance, complex sentences with
nested clauses trigger longer prompts to capture
hierarchical dependencies, while simpler captions
use minimal prompts to avoid redundancy.

Our contributions are as follows:

o Linguistic Adaptation: The first framework
to integrate Urdu’s discourse features (e.g.,
anaphora, topic chains) into dynamic prompt
tuning,  enabling  contextaware  caption
generation.

o Architectural Flexibility: A modular design
that decouples prompt dynamics from the base
model, making it compatible with existing
captioning pipelines like ResNetLSTM (Ansari
& Srivastava, 2024).
o Resource Efficiency: Meta-learned
multilingual prompts and a distilled Urdu-BERT
backbone ensure scalability for low-resource
settings.

Empirical results on the UICD dataset (Muzaffar
et al, 2025) show that DUDAPT improves
BLEU-4 scores by 18.7% over static embeddings
and reduces overfitting by 32% through dynamic
prompt regularization. Qualitative analysis reveals
its ability to generate coherent captions for
Urdu’s complex verbfinal constructions, which
static models often misinterpret.

The remainder of this paper is organized as
follows: Section 2 reviews related work in Urdu
captioning and dynamic prompting. Section 3
formalizes Urdu’s discourse structures and soft

4 details
DUDAPT’s architecture, followed by experiments

prompt  preliminaries.  Section
in Section 5 and discussion in Section 6.
Key differences from prior work: Unlike
transformer-based Urdu captioning (Hadi et al.,

2024), fixed
DUDAPT dynamically adjusts representations

which  processes embeddings,

Compared to attention-based

LSTM methods (Ilahi et al., 2020), our approach

mid-inference.
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explicitly models discourse relations through
prompts rather than implicit attention weights.
This aligns with recent findings in dynamic
prompting (Zhou et al.,, 2023) but tailors the
mechanism to Urdu’s linguistic idiosyncrasies.
Related Work

Urdu Language Processing in Vision-Language
Models

Urdu’s morphological complexity and right-to-left
script pose unique challenges for automated
caption generation. Early attempts adapted
English-centric architectures like Show-and-Tell
(Vinyals et al., 2015) by replacing word
embeddings with Urdu Word2Vec (Haider, 2018),
but these struggled with syntactic reordering

2024).

attention

during decoding (H. Khan et al,

Subsequent  work  introduced

mechanisms to align visual features with Urdu’s

free word order (Ilahi et al., 2020), though they

treated discourse relations

(e.g.,
resolution) as implicit byproducts of attention
weights. The UICD dataset (Muzaffar et al., 2025)
enabled more rigorous evaluation, revealing that
transformer-based models (Hadi et al., 2024)
outperformed RNNs but still failed to capture

pronoun

long-range dependencies in multi-clause captions.
These limitations motivated our discourse-aware
approach, which explicitly models linguistic
structures rather than relying solely on data-
driven attention.

Dynamic Prompt Tuning

Soft prompt tuning has emerged as a parameter-
efficient alternative to full model fine-tuning,
particularly for low-resource tasks (Lester et al.,
2021). While static prompts (Li & Liang, 2021)
prepend fixed vectors to input tokens, dynamic
variants adjust prompts during inference based
on input characteristics. For example, (X. Yang et
al,, 2023) proposed a gating mechanism to
interpolate between task-specific prompts, and
(Cao et al., 2025) extended this to multimodal
tasks by conditioning prompts on visual features.
these methods language as

However, treat

https://thesesjournal.com
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homogeneous, ignoring structural variations
across languages. Our DCA module addresses
this by quantifying Urdu-specific complexity
metrics, such as nested clause depth and anaphor
density, to guide prompt selection—a departure
from prior work’s reliance on generic attention
scores.

Multilingual Embedding Alignment

Cross-lingual transfer learning often employs
adversarial training to align embeddings (Z. Yang
et al., 2018), but such methods assume parallel
corpora that are scarce for Urdu-image pairs.
Recent work used meta-learning to derive prompt
prototypes from related languages (e.g., Hindi)
(Hou et al., 2022), yet these prototypes lacked
Urdu’s

DUDAPT’s projector innovates by combining

adaptability to discourse features.
frozen Urdu embeddings with dynamic prompts
while minimizing Wasserstein distance to visual
features—enabling alignment without parallel
data. This contrasts with (Afzal et al.,, 2023),
which required manual baclk-translation to bridge
semantic gaps.

The proposed DUDAPT framework uniquely

integrates discourse analysis with dynamic
prompting, whereas existing methods address
these aspects in isolation. Prior Urdu captioning
models [11,14] fix embeddings during inference,
while dynamic prompt techniques [17,18] ignore
linguistic ~ structure. Our  complexity-aware
prompt pool and adversarial projector bridge this
gap, enabling realtime adaptation to Urdu’s
syntactic and discourse constraints.

Urdu Discourse Structure and Soft Prompt
Preliminaries

Urdu Language Discourse Basics

Urdu exhibits distinctive discourse properties
that challenge conventional captioning systems.

Unlike English, Urdu employs

syntactic structure where the main verb typically

a verb-final
appears at the end of a clause, requiring models

to retain long-distance dependencies for accurate

interpretation (Ali & Amir, 2025). For example,
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the sentence “ ¢S _y it 65 A 0 S sa i o
=" (“The book that the child read is on the
table”) embeds a relative clause before the main
verb, necessitating hierarchical processing.

Discourse markers like “~<iaS” (“because”) and
“~a_S1” (“although”) signal logical relations
between clauses, while anaphoric expressions (e.g.,

¢

‘a4” for “that”) require coreference resolution
across sentences (Nasir & Din, 2021). These

features demand dynamic representations
capable of adapting to shifting contextual cues.
Traditional static embeddings struggle with such
phenomena, as they map words to fixed vectors
regardless of discourse role—treating “os” as a
standalone pronoun rather than a reference to
prior entities.

Soft Prompting Fundamentals

Soft prompts are trainable continuous vectors
prepended to input tokens, allowing task
adaptation without modifying the base model’s
parameters (Li & Liang, 2021). Given an input
= [ IR

are concatenated to form [ ; ],

sequence ], soft prompts =

[1.0 ]
where  denotes the prompt length. The model
processes this augmented input through its
frozen layers, with gradients updating only
during training:

=Model([ ; 1) (1)
Unlike discrete (hard) prompts, which use actual
tokens (e.g., “Describe the image in Urdu:’), soft
prompts optimize vector spaces directly, offering
finer control over model behavior (Lester et al.,
2021). However, existing approaches assume
static prompts, limiting their ability to handle
Urdu’s discourse-driven variability. For instance,
a fixed prompt cannot adjust for sentences with
varying clause complexity or anaphoric density—a
gap addressed by DUDAPT’s dynamic pooling
mechanism.
The interplay between Urdu’s discourse features
and soft prompts motivates our framework.
While Section 3.1 highlights linguistic challenges,

Section 3.2 establishes the technical foundation

https://thesesjournal.com
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for adapting prompts to these challenges
dynamically. This sets the stage for introducing
DUDAPT’s architecture in Section 4, which
operationalizes these insights through complexity-
aware prompt scaling and embedding projection.
Dynamic Urdu Discourse-Aware Prompt Tuning
for Embedding Layers

The proposed DUDAPT framework introduces a
novel approach to dynamically adjust embedding

based on Urdu’s

complexity. This section details the technical

representations discourse
implementation of the system, focusing on its
core components and their interactions.
Dynamic Soft Prompt Tuning Implementation
The Discourse Complexity Analyzer (DCA)
forms the foundation of our dynamic prompt
adjustment mechanism. Given an input Urdu
=[1..., 1, the DCA first
computes token-level representations using a
distilled Urdu-BERT model:

= UrduBERT( ) {,.... } (2

These representations are then processed through

sentence

a complexity scoring network that evaluates
multiple linguistic factors:

= ( ReLU(

mean( 4,...,

D) 3

the normalized

[0.1]

complexity score, with higher values indicating

where represents

more complex discourse structures. The scoring

network considers:

. Syntactic depth (number of nested clauses)
o Anaphora density (frequency of referential
expressions)

o Discourse marker presence

o Average dependency path length
The complexity score  directly controls the size
of the active prompt pool getive. We implement

this through a gated selection mechanism:

( max min) (4)

active = 1. ()
max define the minimum and

= mint

where in and
maximum prompt lengths respectively. This

dynamic resizing allows the model to allocate
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representational capacity for complex
while

simpler constructions.

more

sentences maintaining efficiency for
Urdu Discourse-Aware Prompt Design Details
The Dynamic Prompt Pool (DPP) contains meta-
learned prompts trained to capture Urdu-specific
discourse  patterns. Each prompt

specializes in particular linguistic phenomena:

1.  Anaphora Resolution Prompts (20% of
coreference  tasks,

pool):  Optimized for

containing latent patterns for pronoun resolution
(30%):

Encode relationships between clauses (cause-

2. Discourse Relation Prompts
effect, contrast etc.)

3. Syntactic Structure Prompts (25%): Handle
complex sentence constructions

4. Lexical

Maintain topic continuity across phrases

Cohesion  Prompts  (25%):
The prompts are initialized via multilingual meta-
learning on Urdu, Hindi and English corpora,
then fine-tuned on Urdu caption data. During

training, we employ a novel diversity loss:

gv = max(0, —cosine( , )) (6)

£
where is a margin hyperparameter. This ensures
each prompt develops distinct specialization.
Unified Dynamic Embedding Projection Process
The embedding layer combines static Urdu word
embeddings with dynamic prompts through a
learned projection:

= LayerNorm(' static( ) +

active) (7)

where is a trainable projection

matrix. The static embeddings static provide

Image
Encoder

DUDAPT Framework

Discourse Dynamic Urdu - Aware
Complexity - > Prompt - > Embedding
Analyzer Pool Projector

morphological and semantic priors, while the
dynamic component 4etive adds discourse-aware
adjustments.

To align the joint embedding space with visual
features, we employ adversarial training with a
Wasserstein critic:

[critic( )] — [critic( )] (8)

represents image region features from

adv =
where
the visual encoder. This alignment enables better
crosssmodal attention in downstream caption
generation.
Complexity-Adaptive Inference Mechanism
During inference, the system dynamically adjusts
computational resources based on realtime
complexity assessment. The DCA continuously
updates the complexity score  at each decoding
step, triggering prompt pool resizing when:

| — <> (9)

where is a threshold hyperparameter. This
allows smooth transitions between different
complexity regimes while maintaining generation
fluency.
Integration with Cross-Modal Attention
The final embedding representations  are fed

into the standard cross-attention mechanism of

= softmax <L\/_()> (10)

the caption decoder:

= (11)

The key innovation lies in how  now encodes

static ) and

active ), enabling

both lexical meaning (through
discourse context (through

more informed attention to visual features.

Attention Language | . Output

Mechanism [ Decoder Layer

5 4
Ve
.«'/

Figure 1. Integration of DUDAPT into the Image Captioning System
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The complete system architecture is illustrated in
Figure 1, showing how DUDAPT replaces
while

maintaining compatibility with standard encoder-

conventional embedding layers
decoder frameworks. The dynamic nature of the
prompt pool allows the model to adapt its
representational capacity based on linguistic
complexity, providing a flexible solution for
Urdu’s diverse discourse structures.

Experiments

Experimental Setup

To evaluate the proposed DUDAPT framework,
we conducted comprehensive experiments on the
UICD dataset (Muzaffar et al., 2025), the largest
Urdu

benchmark containing 15,000 images paired with

publicly available image captioning
3 captions each. We compared against three
baseline approaches:

1. Static Embedding (SE): Uses fixed Urdu
Word2Vec embeddings (Haider, 2018) with an

LSTM decoder
Table 1:

| Model | BLEU-4 | METEOR | CIDEr |
| | |
| SE | 0.312 | 0.256 | 0.891 |

| TB | 0.334 | 0.271 | 0.927 |

| FPT | 0.347 | 0.283 | 0.952 |

| DUDAPT | 0.370 | 0.302 | 1.088 |

stemmed from DUDAPT’s

dynamic adaptation: as shown in Figure 2,

The advantage

prompt length correlated strongly with sentence

https://thesesjournal.com
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2. Transformer Baseline (TB): Implements
the architecture from (Hadi et al., 2024) with
standard positional embeddings

3. Fixed Prompt Tuning (FPT): Applies static
soft prompts (Li & Liang, 2021) to a distilled
Urdu-BERT encoder

All models used ResNet-101 visual features and
were trained with Adam optimizer (Ir=5e-5) for
50 epochs. We measured performance using
BLEU4, METEOR, and CIDEr
(Vedantam et al., 2015), with significance tested

metrics

via bootstrap resampling (p<0.01).

Main Results

Table 1 summarizes the quantitative comparisons.
DUDAPT outperformed all baselines, achieving
18.7% higher BLEU4 than SE and 12.3% over
TB. The gains were most pronounced for CIDEr
(improving by 22.1%), indicating better semantic

alignment with human references.

Performance comparison on UICD test set

complexity scores (Pearson’s r=0.82), allowing the
model to allocate more capacity for intricate

constructions like relative clauses.
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Figure 2. Relationship between Urdu sentence complexity and number of active prompts

Ablation Study

We dissected DUDAPT’s
sequentially removing:

1.  Dynamic Prompt Pool (DPP): Replaced
with fixed-length prompts

2. Discourse Complexity Analyzer (DCA):

Used uniform prompt lengths
Table 2:  Ablation results (BLEU-4,/ CIDEr)

| Configuration | BLEU-4 | CIDE- |
| |
| Full DUDAPT | 0.370 | 1.088 |
| w/o DPP | 0.338 | 0.972 |

| w/o DCA | 0.351 | 1.012 |

| w/o Projector | 0.362 | 0.997 |
Qualitative Analysis

components by

Figure 3 visualizes attention weights between

discourse-augmented embeddings and image

regions for the sentence “ /3% <8 F jw i SH

https://thesesjournal.com
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3. Adversarial Disabled  the

Wasserstein alignment

Projector:

Table 2 shows that each component contributed
significantly, with the full model achieving 9.4%
higher BLEU4 than the DPP-ablated version.
The projector was particularly crucial for CIDEr,

underscoring its role in visual-semantic alignment.

— 12”7 (“The girl is holding a red rose”).
DUDAPT correctly attended to the rose (right
hand) and its color, while SE misallocated

attention to background foliage.
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Figure 3. Attention weights between discourse-augmented embeddings and image region features

Overfitting Analysis

DUDAPT reduced overfitting by 32% (measured
as traintest BLEU-4 gap) compared to SE,
validating that dynamic prompts act as implicit
regularizers. The effect was strongest for rare
with >3
embeddings

sentences

fixed

discourse patterns (e.g.,
where SE’s
memorized training samples.
Discussion and Future Work

Limitations of the Dynamic Urdu Discourse-

anaphors),

Aware Prompt Tuning
While DUDAPT demonstrates
improvements over static approaches, several

First, the

significant

limitations ~warrant  discussion.
Discourse Complexity Analyzer relies on distilled
Urdu-BERT, which may not fully
dialectal variations across Urdu-speaking regions
(Daud et al., 2017). This could lead to suboptimal
prompt selection for colloquial expressions or

Second, the

implementation processes prompts sequentially

capture

regional  idioms. current

during inference, introducing latency
proportional to sentence complexity—a trade-off
that may hinder real-time applications. Third, the
framework assumes discourse features can be
linearly projected into prompt space, potentially
oversimplifying non-linear linguistic interactions

(Song et al., 2019).

https://thesesjournal.com
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Potential Application Scenarios of the Proposed
Method
Beyond DUDAPT’s

architecture could enhance other Urdu-centric

image captioning,
multimodal tasks. The dynamic prompt pool
could be adapted for video description systems,
where temporal discourse relations (e.g., event
sequencing) require similar contextual adaptation
(Yan et al., 2019). In educational technology, the
complexity-aware mechanism might personalize
language learning materials by adjusting syntactic
difficulty based on learner proficiency (Jin et al.,
2019). The adversarial projector component
could also benefit low-resource machine
translation by aligning Urdu embeddings with
target languages without parallel corpora (Artetxe
et al., 2017).

Ethical Considerations in Urdu
Prompted Image Captioning

The deployment of DUDAPT raises important

Discourse-

ethical questions. Generated captions might
inadvertently propagate biases present in training
data, particularly for gender or religious terms
common in Urdu discourse (K. Khan, 2023).
The dynamic nature of prompts could amplify
this risk, as complex sentences may compound
multiple biases through prompt interactions.
Furthermore, the complexity scoring system
might disadvantage speakers of non-standard

Urdu dialects by systematically assigning higher

Page 1117


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 6, 2026

complexity scores to their linguistic patterns (Pool,
1987). Future work should investigate fairness
metrics tailored to Urdu’s morphological and
discourse characteristics.

The framework’s reliance on visual-semantic
alignment also introduces potential misuse cases.
Malicious actors could exploit the adversarial
projector to generate captions that deliberately
misrepresent image

Urdu’s
expressions (Alam et al., 2022). Developing

content—a concern

exacerbated by rich metaphorical
robustness checks against such adversarial attacks
remains an open challenge.

These limitations and ethical considerations
highlight the need for continued refinement of
Urdu. While

DUDAPT represents a significant step forward,

discourse-aware models  for

its realworld application requires careful

consideration of linguistic diversity,
computational constraints, and societal impact.
Future iterations should address these aspects
while preserving the framework’s core strengths
in handling Urdu’s unique discourse structures.
Conclusion

The DUDAPT framework represents a significant
advancement in Urdu image captioning by
gap between static

addressing the critical

embedding approaches and the language’s

dynamic discourse requirements. Through its
complexity-aware

innovative  integration of

prompt tuning, the system demonstrates superior

performance in capturing Urdu’s syntactic
nuances and  discourse relations  while
maintaining computational efficiency. The
framework’s modular design ensures

compatibility with existing architectures, offering
a practical solution for low-resource language
processing without extensive retraining.

Key outcomes include measurable improvements

in caption quality metrics, particularly for

adversarial alignment mechanism also highlights
the potential for cross-modal adaptation in other
multilingual vision-language tasks. However, the
framework’s effectiveness ultimately stems from
its linguistic grounding—by explicitly modeling
Urdu’s discourse features rather than treating
them as of attention

emergent properties

mechanisms, it achieves more robust and
interpretable caption generation.
Future extensions could explore the integration
of dialect-specific prompt pools or the application
of similar dynamic mechanisms to other
morphologically rich languages. The principles
underlying DUDAPT—particularly its real-time
complexity assessment and prompt scaling—may
also inform developments in areas like document
summarization or dialogue systems, where
discourse awareness is equally crucial. While
challenges remain in handling regional variations
and ensuring ethical deployment, this work
establishes a foundation for context-adaptive
language processing that prioritizes linguistic
structure alongside computational efficiency.
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