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Abstract

Real-time scene description and interpretation are essential for diverse applications
such as surveillance, interactive media, and automated video analysis. However,
most existing methods rely heavily on large-scale labeled datasets, thereby limit-
ing their adaptability in dynamic or previously unseen scenarios. In this work, we
propose a novel mixed-model framework that integrates Vision-Language Models
(VLMs), Large Language Models (LLMs), and lightweight object detection networks
(e.g., MobileNet-SSD) through advanced prompt engineering. By leveraging zero-
shot learning, our approach generates contextually rich scene descriptions without
requiring domain-specific or task-specific retraining. The prompt engineering com-
ponent reduces sensitivity to subtle linguistic variations, enhancing robustness across
diverse input formulations. Furthermore, the lightweight detector ensures real-time
performance, making the framework suitable for resource-constrained environments.
To address ethical and fairness considerations, we incorporate bias mitigation strate-
gies that limit the propagation of harmful stereotypes from large-scale pretraining
data. Experimental evaluations on multiple open-domain scenarios demonstrate
that our system offers reliable and efficient scene interpretation, maintaining high
accuracy in challenging conditions where traditional supervised techniques often
fail. This research paves the way for more flexible, scalable, and responsible vision-
language systems capable of operating effectively in real-world, zero-shot contexts.

Keywords: Vision-Language Models (VLMs), Large Language Models (LLMs),
Prompt Engineering, Zero-Shot Learning, Real-Time Scene Description, Lightweight
Detection Models, Contextual Analysis
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Chapter 1

Introduction

1.1 Background

The field of computer vision has advanced considerably in tasks such as object detec-
tion, semantic segmentation, and scene understanding, driven largely by supervised
learning methods that depend on large annotated datasets. While these approaches
yield high accuracy in controlled settings, they remain susceptible to changes in
domain or context due to their reliance on extensive and carefully curated labels.
A model trained to recognize specific objects or actions may struggle when novel or
rare entities appear, thus demanding repeated retraining and labor-intensive anno-
tation whenever a new class of interest arises [1].

In parallel, natural language processing has seen transformative progress through
Large Language Models (LLMs), which learn from massive text corpora to complete
various tasks without extensive task-specific training. Researchers have extended
this principle to form Vision-Language Models (VLMs), wherein visual inputs (e.g.,
images) are aligned with corresponding textual descriptions. A notable example is
CLIP [2], which encodes images and text into a shared embedding space, enabling
zero-shot image classification through text prompts. However, many VLMs, includ-
ing CLIP, exhibit significant sensitivity to prompt design, leading to inconsistent
performance if the textual input is not meticulously [3].

Real-time scene interpretation introduces further complexities. Many state-of-the-
art VLMs require substantial computational resources [4], constraining their use in
latency-critical domains such as surveillance, robotics, and augmented reality. While
hardware acceleration and model optimization can mitigate some issues, ensuring
robust and consistent performance in high-frame-rate or resource-limited environ-
ments remains a challenge. Prompt engineering [5] [6] has emerged as a strategy to
improve zero-shot performance, yet it frequently overfits to narrow contexts, dimin-
ishing its utility in broader applications.

Meanwhile, lightweight detection architectures [7], such as MobileNet or SSD, of-
fer high-speed operations suitable for real-time implementations. These models can
identify candidate regions or labels rapidly, enabling immediate data processing in
demanding environments. When integrated with a more expressive VLM, such de-
tectors can provide both efficiency and contextual depth. However, merging these



distinct pipelines raises questions related to feature alignment and inference flow.
Additionally, VLMs often reflect biases from large-scale, unfiltered training data. In
scenarios involving sensitive analyses or ethical considerations, this predisposition
can lead to unfavorable or biased outcomes, highlighting the need for effective bias-
mitigation techniques.

Motivated by these shortcomings in existing systems, we propose a novel hybrid
framework that pairs the efficiency of a lightweight object detection model with
the adaptability of a vision-language backbone under a shared prompt-engineering
pipeline. This approach aims to facilitate reliable, zero-shot scene interpretation
while reducing the reliance on extensive labeled datasets and maintaining real-time
responsiveness. By incorporating systematic prompt optimization and targeted bias
controls, the framework aspires to deliver robust performance across various domains
and contexts.

1.2 Motivation

Real-time scene description and interpretation have become integral to a range of
modern applications, including advanced surveillance, human-robot collaboration,
autonomous navigation, and interactive media experiences. In these settings, the
ability to accurately detect objects, interpret activities, and generate context-rich
descriptions in real time directly enhances safety and user engagement. Neverthe-
less, conventional supervised approaches typically rely on extensive labeled datasets
for each new class or behavior of interest, a requirement that becomes increasingly
impractical in dynamic or evolving scenarios [8]. Moreover, tasks such as violence
detection or anomaly identification often involve rare or unpredictable events, mak-
ing it exceedingly difficult to produce comprehensive labeled data.

As a response to these limitations, there has been a surge of interest in zero-shot
learning techniques capable of handling previously unseen classes and novel situ-
ations without exhaustive annotation. Such methods align with the capacity of
contemporary foundation models to generalize across diverse conceptual spaces.
However, models operating in zero-shot settings frequently face challenges related
to prompt engineering, computational overhead, and biases inherited from large-
scale, uncurated training sets. Addressing these concerns demands a more nuanced
framework that balances efficiency, adaptability, and ethical safeguards in real-time
environments. By integrating the strengths of Large Language Models (LLMs),
Vision-Language Models (VLMs), and streamlined detection architectures, it be-
comes feasible to meet real-world requirements where extensive labeled data remain
difficult or impossible to obtain.

1.3 Research Problem

Despite the promise of foundation models in zero-shot scenarios, key gaps remain
when integrating them for real-time scene interpretation.



e Prompt Sensitivity and Consistency: Many Vision-Language Models
(VLMs) exhibit significant performance variations based on how textual prompts
are formulated. This makes it challenging to achieve stable results in dynamic
settings, where prompt phrasing can shift frequently.

e Computational Constraints: Current large-scale models often require con-
siderable computational resources, posing difficulties for real-time applications
on edge devices or latency-sensitive platforms.

e Limited Integration with Lightweight Object Detection: Although
large VLMs excel at broad conceptual understanding, practical real-time sys-
tems often utilize efficient detectors (e.g., MobileNet or SSD). However, ef-
fective strategies for fusing these architectures in zero-shot scene description
remain insufficiently explored.

Collectively, these constraints illustrate the need for a robust, hybrid framework that
leverages prompt engineering to reduce sensitivity and harnesses proven lightweight
detectors for real-time operation while maintaining zero-shot adaptability.

1.4 Research Objective

This study seeks to design, implement, and assess a mixed-model framework that
integrates Vision-Language Models (VLMs), Large Language Models (LLMs), and a
MobileNet-based detection backbone via advanced prompt engineering. The funda-
mental hypothesis is that this hybrid approach can facilitate robust zero-shot scene
interpretation in real-time settings, accommodating a broad spectrum of previously
unseen objects and activities without substantial task-specific labeling.,

e Objective A — Framework Design: Develop an integrated architecture
that pairs a pretrained MobileNet-SSD detector with a vision-language mecha-
nism guided by carefully formulated text prompts. System-level considerations
include data flow, model interfacing, and prompt design.

e Objective B — Prompt Engineering Approaches: Investigate and com-
pare strategies like automated prompt generation, input conditioning to ensure
consistent performance despite variations in descriptive language. A primary
aim is to balance specificity (to capture relevant scene details) with generality
(to enable zero-shot handling of novel objects or actions).

e Objective C — Real-Time Application: Evaluate the proposed system in
live or high-throughput scenarios, focusing on seamless integration between
the lightweight detector and VLM /LLM components. This objective includes
ensuring minimal latency and smooth operation under changing environmental
conditions.

In light of these research objectives, we aim to address the following research ques-
tions.



RQ1: To what extent does a prompt-engineered hybrid architecture, which com-
bines lightweight detection and vision-language modeling, effectively adapt to pre-
viously unseen categories in dynamic real-time scenarios?

RQ2: Which elements in system design and prompt formulation most significantly
influence the framework’s capacity to sustain robust and context-appropriate scene
interpretations across varied application domains?

Through an organized approach to these objectives, the research seeks to estab-
lish that hybrid VLM-LLM-MobileNet architectures can facilitate adaptable and
dependable zero-shot scene interpretation, while reducing the reliance on domain-
specific annotations.

1.5 Paper Organization

This thesis is structured to progress from background and positioning, through the
proposed approach.

e Chapter 1: Introduction. Presents the motivation for real-time, zero-shot
scene interpretation; states the problem definition, scope, and assumptions;
formulates the research objectives and questions; and previews the central idea
of coupling a lightweight detector with vision-language components under a
unified prompt-engineering pipeline.

e Chapter 2: Related Work. Reviews the literature on vision-language
models, prompt engineering, and real-time scene understanding. The survey
is comparative, contrasting modeling interfaces and training. Identified gaps
motivate the methods developed later.

e Chapter 3: Methodologies. Details the proposed hybrid framework, in-
cluding the integration of a MobileNet-SSD detector with VLM and LLM
components, the data flow between modules, and an inference schedule com-
patible with real-time operation.

e Chapter 4: Experimental Setup and Evaluation. Specifies datasets,
tasks, baselines, and implementation settings; defines metrics for recognition
quality and system performance; and reports results.

e Chapter 5: Conclusion. Summarizes the main findings and contributions,
discusses limitations and threats to validity, and outlines directions for fu-
ture work—including broader application domains, stronger bias auditing and
mitigation procedures, and tighter real-time guarantees on edge hardware. Im-
plications for reproducibility and responsible deployment are also considered.



Chapter 2

Related Work

Research on task-agnostic vision-language models (VLMs) has progressed along
four recurring dimensions: (i) scaling (data volume, multilingual coverage), (ii)
architectural interface between modalities (tokenization schemes, query modules,
prompt machinery), (iii) training signal (multi-task supervision, instruction tuning,
or generative/reward-based objectives), and (iv) deployment constraints (compute,
latency, robustness to prompt variation, and fairness). The studies below are orga-
nized thematically with emphasis on contrasts and trade-offs.

Foundation, task-agnostic VLMs. Unified-IO [9] standardizes heterogeneous
inputs/outputs into discrete tokens processed by a single transformer, yielding a
unified interface across tasks and strong results (including completion of all GRIT
benchmark tasks). The main costs are substantial training and inference compute
and exposure to bias from web-scale data. PalLl [10] instead prioritizes scale and
multilinguality (10B+ image-text pairs, 100+ languages), achieving strong perfor-
mance on VQA, captioning, and classification across languages. Relative to Unified-
10, PaLl trades a uniform I/O tokenization for breadth of linguistic coverage; both
systems attain broad capability at the expense of accessibility and fairness auditing.

Instruction-tuned VLMs. InstructBLIP [11] augments a pretrained VLM with
instruction—response pairs and an instruction-aware query transformer, improv-
ing zero-shot generalization (e.g., ScienceQA 90.7%). Compared with scaling-only
strategies [9], [10], instruction tuning offers adaptability with less raw data, but de-
pends strongly on the coverage and quality of instructions and adds inference/training
overhead due to additional modules.

Alternative zero-shot mechanisms. Diffusion-based classification [12] frames
recognition as text-conditioned generation and comparison. This provides compet-
itive performance—particularly when shape bias is beneficial—while introducing
iterative sampling latency and sensitivity to prompt phrasing. In reinforcement
learning, VLMs serve as zero-shot reward models [13], replacing hand-crafted re-
wards with natural language goals. This improves goal specification and task scala-
bility, but inherits prompt brittleness, potential bias from pretraining, and nontrivial
compute demands.



Prompting and prompt learning. Prompt design offers orthogonal gains. Sim-
ple chain-of-thought prompting [14] improves reasoning without additional training
yet is fragile to small wording changes. Automatic Prompt Engineer (APE) [15]
reduces manual effort by searching prompts with the model itself, exchanging stead-
ier gains for iterative compute and possible bias amplification. Conditional CoOp
(CoCoOp) [16] conditions prompts on image features, improving transfer to unseen
classes relative to static prompts, while introducing extra networks and residual
sensitivity under domain shift.

Safety and moderation applications. Domain-specific moderation systems il-
lustrate practical constraints. For children’s cartoons, a CLIP-based approach with
context-aware prompts [17] improves classification but struggles with subtle/varied
violence and incurs video-processing cost. UGCG-GUARD [18] combines condi-
tional prompting and chain-of-thought with large VLMs for zero-shot detection of
violent or sexually explicit promotional content, trading accuracy for high resource
requirements and fairness risks. VIVID [19] integrates VLM-generated descriptions
with LLM reasoning, using optical-flow keyframe selection and knowledge-based
prompts to attain strong results in surveillance/film datasets; reliance on prede-
fined knowledge can limit coverage of novel cases, and real-time operation remains
challenging.

Synthesis and open questions. Scaling-centric models [9], [10] offer breadth but
face compute and fairness constraints; instruction tuning [11] improves adaptability
with modest overhead yet hinges on instruction quality; generative and reward-based
routes [12], [13] increase flexibility but introduce latency and prompt sensitivity; and
prompt methods [14], [15], [16] supply complementary gains at the cost of stability
or complexity. Safety-focused systems [17], [18], [19] underscore the tension between
accuracy in-the-wild and deployability (throughput, transparency, and fairness). An
open space remains for methods that combine strong zero-shot generalization with
strict latency /compute budgets, prompt-robust behavior, and explicit bias auditing
during deployment.



Category Paper Training Strengths Limitations

Foundation Unified-IO [9] Unified tokenized Strong multi-task Large  compute;

VLMs I/0O; multi-task performance; com- bias from web-
pletes GRIT; sin- scale data

PaLl [10]

Instruction- Instruct BLIP

tuned [11]
Zero-shot

mecha- sifier [12]
nisms

RL with CLIP rewards

VLM

wards

re- [13]

Prompting CoT prompt-

ing [14]

APE [15]

CoCoOp [16]

Moderation Cartoons [17]

UGCG-

GUARD [18]
VIVID [19]

Diffusion clas-

Multilingual  pre-
training (10B+
pairs)

Instruction—response;Better

query transformer

Text-conditioned
diffusion
son

compari-

Language-specified
rewards via VLM

Manual prompts at
inference

Automated prompt
search

Image-conditioned
prompts

CLIP + context-
aware prompts

Conditional +
chain-of-thought
VLM descriptions
+ LLM reasoning

gle interface
Strong mul-

tilingual

High resource cost;
fairness concerns

VQA /captioning/classification

zero- /few-
shot  (ScienceQA
90.7%); adaptable
Competitive with-
out discriminative
heads; shape-
biased robustness
Scalable goal spec-
ification; fewer
hand-crafted  re-
wards

Low overhead; im-
proves reasoning
Reduces  manual
effort; steady gains

Better general-
ization to unseen
classes
Domain-specific
improvements

High zero-shot ac-
curacy

Strong results on
film /surveillance

Instruction cover-
age/quality; extra
modules/overhead
Iterative sampling
latency;  prompt
sensitivity

Bias inheritance;
prompt brittle-
ness; compute cost

Fragile to phras-
ing; instability
across prompts
Iteration cost; pos-
sible bias amplifi-
cation

Added networks;
domain-shift sensi-
tivity

Generalization
limits; video
throughput

Large-model com-
pute; fairness risk
Knowledge cover-
age; real-time con-
straints

Table 2.1: Comparison across modeling interface, supervision, and deployment



Chapter 3

Methodologies

3.1 Used Models

Four principal pre-trained models were employed in the development of our hy-
brid framework. These models comprise MobileNet v2, Common Objects in Con-
text with Single Shot MultiBox Detector, FaceAPI, and the Generative Pre-trained
Transformer.

3.1.1 MobileNet v2

MobileNet v2 [20] is a lightweight convolutional neural network (CNN) architec-
ture optimized for mobile and embedded vision applications. It improves upon
its predecessor, MobileNet v1, by introducing depthwise separable convolutions,
which significantly reduce computational complexity, and inverted residual blocks
with linear bottlenecks, which enhance feature representation while maintaining
efficiency. Unlike traditional convolutional networks, MobileNet v2’s architecture
expands low-dimensional feature maps to a high-dimensional space, processes them
through lightweight depthwise convolutions, and then projects them back to a com-
pact form. This design prevents information loss from non-linear activation layers,
leading to improved accuracy with fewer computations. MobileNet v2 achieves a
good trade-off between model size, inference speed, and classification accuracy, mak-
ing it highly suitable for resource-constrained environments such as mobile devices,
IoT systems, and real-time object detection tasks [21]. It has been widely adopted
in image classification, object detection, and facial recognition applications, par-
ticularly in scenarios where real-time processing is essential. Compared to larger
CNN architectures, MobileNet v2 maintains competitive accuracy while being sig-
nificantly more efficient, making it a standard backbone for vision models deployed
in mobile and edge computing applications.

3.1.2 Single Shot MultiBox Detector

The Single Shot MultiBox Detector (SSD) is a one-stage object detection model
designed for real-time applications by eliminating the need for region proposal net-
works, as used in Faster R-CNN. SSD predicts object classes and bounding boxes
directly from feature maps at multiple scales, allowing it to detect both large and
small objects efficiently [22]. The COCO SSD variant refers to an SSD model trained



on the Common Objects in Context (COCO) dataset [23], which contains 328,000
images and 2.5 million labeled instances across 91 object categories. The COCO
dataset’s diverse and complex real-world scenes improve SSD’s robustness, particu-
larly in handling occlusions and varied object sizes. Unlike two-stage models, SSD
makes predictions in a single forward pass, leading to high inference speed (tens of
frames per second on modern GPUs) while maintaining competitive mean Average
Precision (MAP). This makes COCO SSD particularly useful for video surveillance,
autonomous driving, and augmented reality applications, where real-time detection
is critical. While SSD generally outperforms YOLO in small object detection, it
has limitations in extreme low-light conditions or highly cluttered scenes. Despite
this, SSD remains a preferred choice for mobile-friendly object detection due to its
balance between accuracy and speed.

3.1.3 FaceAPI

Microsoft’s FaceAPI is a cloud-based facial recognition service that provides face
detection, recognition, and analysis using deep learning models. It identifies facial
landmarks, emotions, age, gender, and expressions, making it widely used in se-
curity, authentication, and human-computer interaction (HCI) applications. The
underlying architecture leverages convolutional neural networks (CNNs) trained on
large-scale datasets, allowing it to generalize well across different lighting conditions,
facial orientations, and occlusions. FaceAPI operates as a cloud service, offering scal-
ability for large-scale deployments in identity verification, automated surveillance,
and retail analytics [24]. Tt has been benchmarked for high accuracy in real-world
applications, with robust face verification capabilities that match or exceed industry
standards. Continuous updates to its detection models have improved its ability to
recognize faces with masks, side profiles, and low-resolution inputs, making it more
adaptable to practical use cases. While FaceAPI offers real-time face recognition, its
cloud-based nature introduces latency in applications requiring immediate feedback.
However, its ease of integration, high recognition accuracy, and support for custom
training on user datasets make it a leading solution in Al-powered facial analysis.

3.1.4 Generative Pre-trained Transformer

Generative Pre-trained Transformer (GPT) is a large-scale language model based
on the Transformer architecture, designed for natural language understanding and
generation [25]. Developed by OpenAl, GPT has evolved from GPT-1 to GPT-4,
with each iteration increasing in size, improving context awareness, and enhanc-
ing zero-shot learning capabilities. GPT is trained on massive internet-scale text
corpora, enabling it to generate coherent and contextually relevant text responses
without task-specific fine-tuning. Its self-attention mechanism allows it to consider
relationships between words across long sequences, making it superior to earlier
RNN-based models. GPT-3 and GPT-4, in particular, demonstrate few-shot learn-
ing, meaning they can perform complex tasks with minimal examples, making them
highly adaptable for diverse applications such as chatbots, content generation, pro-
gramming assistance, and multimodal vision-language tasks. In scene interpreta-
tion, GPT can process object detection outputs (from models like COCO SSD) and
generate meaningful textual descriptions of scenes, enhancing human-computer in-



teraction in Al-powered vision systems. While GPT is a powerful generative model,
it faces challenges such as hallucinating incorrect information, computational ineffi-
ciency, and potential biases from its training data. Despite these limitations, GPT’s
versatility in zero-shot reasoning, creative writing, and multimodal AT makes it one
of the most influential advancements in modern Al research.

3.2 Model Architecture

Our proposed model architecture integrates vision-language processing to enable
real-time scene interpretation with zero-shot learning capabilities. The model is
structured into three primary blocks: Detection Block, Prompt Block, and Analysis
Block, where each block is responsible for a key stage of object detection, structured
prompt formulation, and scene interpretation through knowledge transfer mecha-
nisms. The Analysis Block plays a pivotal role in zero-shot implementation, lever-
aging Large Language Models (LLMs) to interpret, expand, and reason over detected
scene elements, ensuring adaptability to unseen categories without requiring addi-
tional training.

Figure 3.1: Proposed Model Architecture

3.2.1 Detection Block

The Detection Block serves as the model’s perception layer, responsible for extract-
ing semantically meaningful information from visual scenes in real-time. It processes
each input frame to generate structured outputs that are passed to subsequent lan-
guage and reasoning modules. The block is composed of four interconnected compo-
nents: feature extraction, object detection, face detection, and violence detection.
Each module is trained with carefully selected loss functions that align with its task-
specific objectives and contribute to the overall system performance, particularly in
dynamic and safety-critical environments.

10



Feature Extraction

Our architecture adopts MobileNet v2 as the primary feature extractor due to
its efficiency and favorable accuracy-to-complexity ratio. MobileNet v2 utilizes
depthwise separable convolutions and inverted residual connections to extract high-
dimensional feature maps from input images, significantly reducing computational
overhead without sacrificing representational power.

To ensure that the extracted features are semantically rich and generalizable, we
fine-tune MobileNet v2 using an auxiliary classification objective. This encourages
the network to preserve class-discriminative cues even before downstream detection
tasks are applied. Additionally, we include L2 regularization to improve model
generalization and stability:

Lfeature - Lcls + )\1 ||WH§ (31)

Here, L. is the cross-entropy loss over auxiliary labels during training, W repre-
sents the model’s weight parameters, and A, is a regularization coefficient. This
formulation ensures that the backbone learns feature representations that are trans-
ferable across object categories and facial expressions, which is crucial for subsequent
modules.

Object Detection

To localize and identify objects in the scene, we incorporate a Single Shot Multi-
Box Detector (SSD) trained on the COCO dataset. SSD performs object detec-
tion across multiple scales in a single forward pass, producing bounding boxes, class
predictions, and associated confidence scores with minimal latency. This makes it
well-suited for real-time applications.

The training objective for SSD combines two sub-tasks: bounding box regression
and object classification. We employ the standard SSD multi-task loss function:

£SSD = ‘Cloc + CV‘Cconf (32)

In this formulation, £, is the Smooth L1 loss between predicted and ground truth
bounding box coordinates, which promotes stable training by reducing sensitivity
to outliers. Lot is the softmax cross-entropy loss over the COCO object categories,
penalizing incorrect class predictions. The coefficient @ balances the contributions
of the two terms, and is empirically set to 1.0. By optimizing both spatial accuracy
and categorical precision, this loss supports robust object-level understanding across
varied environments.

Face Detection

To extract human-centric features from the visual scene, we integrate a face detec-
tion pipeline based on the Face API framework. This module detects the presence
of faces, localizes facial landmarks (e.g., eyes, nose, and mouth), and classifies emo-
tional expressions and pose attributes. These features serve as a foundation for
higher-level reasoning about human intent and behavior.

We train the face detection module using a composite loss function designed to
jointly optimize detection, alignment, and emotion recognition:
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ﬁface = ‘Cbbox + ‘Clandmark + ‘Cemotion (33)

Here, Lypox is the Smooth L1 loss for face bounding box regression, encouraging tight
and stable localization. Linamark is the Mean Squared Error (MSE) between pre-
dicted and ground truth keypoints, which ensures accurate facial alignment. Lenotion
is a categorical cross-entropy loss over predefined emotional states, enabling the
model to infer human affect. This multi-objective formulation enhances the sys-
tem’s ability to recognize not just the presence of people, but their emotional and
attentional context—information that is particularly valuable in downstream scene
interpretation.

Violence Detection Module

In addition to static object and face detection, we incorporate a violence detec-
tion module aimed at identifying aggressive or dangerous human behaviors. Unlike
the other components, this module operates over temporal windows, analyzing mo-
tion and appearance patterns across consecutive frames. This allows the system to
respond to dynamic and safety-critical events in real-time.

We model this task as a binary classification problem and optimize it using the
Binary Cross-Entropy (BCE) loss:

‘Cviolence = - [y lng + (1 - y) lOg(l - p)] (34)

where y € {0, 1} is the ground truth label indicating the presence of violent activity,
and p is the predicted probability. This formulation penalizes both false positives
and false negatives, ensuring sensitivity to high-risk behavior while minimizing false
alarms. Although violence detection is not the primary focus of this work, its in-
clusion demonstrates the extensibility of the proposed framework to mission-critical
domains.

Combined Detection Loss

To facilitate simultaneous training of all detection modules, we define a unified loss
function as the weighted sum of the individual sub-component losses:

ﬁdetection - Afﬁfeature + )\O£SSD + )\hﬁface + /\vﬁviolence (35)

Here, A\¢, Ap, An, and A, are scalar hyperparameters controlling the relative contri-
butions of each component. These values are selected through empirical tuning to
ensure balanced learning and stable convergence. By integrating multi-scale object
detection, human-centric facial analysis, and temporal violence recognition within
a shared detection block, our system builds a comprehensive and robust foundation
for high-level scene understanding.

3.2.2 Prompt Block

Once the Detection Block extracts semantic and spatial information from the visual
input, the Prompt Block transforms these outputs into structured natural language
descriptions that serve as inputs for the LLM-based scene analysis. This block
bridges the gap between vision and language by translating raw detections into
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task-aware textual prompts. By doing so, it enables the model to leverage the zero-
shot generalization capabilities of large language models (LLMs) without requiring
additional supervision or retraining. The Prompt Block consists of two key com-
ponents: the Prompt Generation Module and the Automated Prompt Refinement
mechanism.

Prompt Generation Module

The Prompt Generation Module is responsible for converting structured visual out-
puts—such as object labels, bounding box coordinates, and facial attributes—into
coherent natural language descriptions. These descriptions are formulated accord-
ing to a predefined syntactic and semantic template, ensuring consistency and in-
terpretability. The template includes positional relationships, object co-occurrence,
and human-centric cues (e.g., emotions or head pose), enabling the prompt to cap-
ture a high-level understanding of the scene context.

Given a set of N detected objects {01, 02, ..., 0n} with associated class labels showed
as {c1,ca,...,cn}, bounding boxes {by, by, ..., by}, and attributes {aq, as, ..., an},
the scene graph is implicitly represented as a tuple:

S:{(Ci,bi,ai)‘i:1,2,...,N} (36)

The module transforms S into a descriptive prompt P via a mapping function P,
such that:

P = &(S) = Template(R(c;, b;, a;)) (3.7)

Here, R(-) is a relational parser that encodes spatial and semantic relationships
(i.e.,“near,” “holding,” “looking at”) between pairs of objects or people. The final
prompt P is a natural language string that captures the situational layout of the
scene. For example:

e Raw Input (from SSD + FaceAPI): “Person detected near a vehicle.
Another person holding an object. Face detected with neutral expression.”

e Generated Prompt: “Describe the scene where a person is standing near
a vehicle, and another individual is holding an object. Consider the facial
expressions detected in the environment.”

This structured prompt format ensures that the LLM receives contextually grounded
and semantically rich information, which is essential for downstream reasoning tasks
such as behavior inference, activity forecasting, or anomaly detection.

Automated Prompt Refinement and Follow-Up Queries

Although the initial prompt generation ensures semantic consistency, ambiguity
often arises due to occlusions, overlapping objects, or incomplete visual cues. To
address this, we incorporate an Automated Prompt Refinement mechanism that
enhances prompt quality through contextual optimization, knowledge augmentation,
and query expansion. This mechanism operates in three stages:
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1. Contextual Prompt Optimization: When visual evidence is ambiguous or
conflicting (e.g., partial visibility or overlapping bounding boxes), the system
generates alternative phrasing or clarification prompts. These are derived by
identifying low-confidence detections or uncertain spatial relationships and
rephrasing them to elicit disambiguation from the LLM.

2. Knowledge-Augmented Prompting: To ensure linguistic and semantic co-
herence, we refine initial prompts using external knowledge embedded within
the LLM. Specifically, detected entities are enriched with domain-relevant at-
tributes (e.g., common actions associated with “lamp post” or typical roles
of “person near a vehicle”) based on the LLM’s priors. This process can be
formalized as:

P =U(P,K) (3.8)

where P is the original prompt, K denotes the knowledge embeddings or in-
ferred context from the LLM, and W(-) is the refinement operator that updates
object descriptions, relationships, or scene dynamics accordingly.

3. Adaptive Query Expansion: To handle uncertainty or uncover latent scene
details, we iteratively generate follow-up questions or sub-prompts. These
queries are designed to probe the LLM’s understanding and encourage multi-
turn reasoning. For example, if the prompt includes “a person holding an
object,” the system may follow up with: “What type of object might the person
be holding given the context?” The process continues until either convergence
or a confidence threshold is reached.

This multi-stage refinement enables the system to generate prompts that are not only
syntactically correct but also contextually optimized for reasoning. Importantly, the
refinement pipeline operates without requiring annotated linguistic datasets, relying
instead on the generalization capabilities of the LLM—a key property for zero-shot
learning.

By abstracting low-level visual data into structured language, the Prompt Block
functions as a crucial translation layer that enables general-purpose, language-based
scene understanding. Its design ensures adaptability to novel scenes and object
configurations, serving as a foundation for robust zero-shot interpretation in the
subsequent Analysis Block.

3.2.3 Analysis Block

The Analysis Block constitutes the core reasoning engine of our architecture, en-
abling zero-shot scene interpretation through integration with a large-scale pre-
trained language model. This block receives structured prompts generated from
the visual input and performs high-level semantic inference without requiring addi-
tional supervised training. Its functionality is grounded in the principles of transfer
learning and contextual generalization, allowing the system to operate effectively in
dynamic environments and previously unseen scenarios.
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GPT-Based Zero-Shot Scene Interpretation

At the core of the Analysis Block is a Generative Pre-trained Transformer (GPT),
which functions as the zero-shot interpreter. Once a structured prompt is generated
by the Prompt Block, it is forwarded to the GPT model, which leverages its vast
internal knowledge to perform semantic expansion, causal reasoning, and behavior

interpretation.
The GPT model is queried with a prompt P that encodes the visual structure of
the scene. It produces a sequence of natural language tokens {1, xs, ..., zr} which

together form a high-level scene description S:

T
S = LLM(P) = arg max HP($t | ¢, P) (3.9)
L]yeeeysXT =1
This autoregressive decoding process enables the model to infer meaning and rela-
tionships that are not explicitly captured by the visual detectors. Specifically, the
LLM performs tasks such as:

e Inferring object relationships beyond direct detection outputs.

e Applying real-world knowledge to describe contextual interactions (e.g.,
“A person holding an object near a vehicle might be refueling or loading lug-

gage.”)

e Describing human behaviors based on facial expressions (e.g., “A person
detected with a neutral face may be observing their surroundings.”)

e Predicting scene evolution or detecting anomalies in spatial or behavioral
patterns.

Because the LLM is pre-trained on diverse, large-scale text domain including social,
procedural, and narrative content—it can reason about human-object interactions
and environmental context with minimal reliance on domain-specific tuning. This
makes it especially suitable for zero-shot applications in real-world, unstructured
environments.

Knowledge Transfer Mechanism

To facilitate alignment between visual inputs and the LLM’s internal semantic space,
we incorporate a knowledge transfer mechanism that maps detected visual elements
to language-based representations. This mechanism ensures that the LLM can in-
terpret new inputs in a way that is coherent with its prior knowledge.

Formally, let V = {(¢;,a;)} be the set of detected object classes ¢; and their asso-
ciated attributes a;. These are mapped to semantic embeddings by the following
function ¢:

£ = 6(V) = {é(c: a)} (3.10)

The embeddings £ are then used to condition or refine the LLM’s understanding
of the prompt, allowing for more nuanced reasoning. The key processes enabled by
this mechanism include:
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e Semantic Attribute Mapping: Aligning visual features (e.g., “person hold-
ing object”) with language-level concepts (e.g., “carrying,” “offering,
acting”).

s

1nter-

e Dynamic Context Expansion: Injecting relevant background knowledge
to enrich sparse or ambiguous scenes (e.g., associating “person near fire” with
potential hazard).

e Adaptive Reasoning for Unseen Concepts: If a novel object or config-
uration is detected, the LLM extrapolates plausible roles or functions (e.g.,
an unfamiliar object next to a suitcase might be inferred as luggage or travel
gear).

This fusion of visual grounding and linguistic inference results in robust zero-shot
generalization. The model is not limited to fixed category labels but instead operates
on conceptual relationships and learned priors, enabling flexible interpretation across
a wide variety of domains and environments.

So, Analysis Block serves as the reasoning bridge between perceptual data and high-
level understanding. It expands sparse visual inputs into rich, explanatory language
that supports downstream applications such as behavior forecasting, anomaly de-
tection, or semantic tagging—without the need for task-specific supervision.

3.3 Datasets

To develop and evaluate the various components of the proposed framework, a com-
bination of publicly available datasets was utilized. Each dataset was selected based
on its relevance to a specific submodule within the system, as detailed below.

3.3.1 Violence Detection

For training the violence classification module, the Violence Detection Dataset from
Kaggle was employed. This dataset comprises 2,000 annotated video clips, balanced
evenly between violent (1,000) and non-violent (1,000) instances [26].
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Violent Non-Violent

Figure 3.2: Distribution of video clips in the Violence Detection Dataset, with an
equal number of violent and non-violent instances.

A hybrid architecture combining a Bi-directional Long Short-Term Memory (Bi-
LSTM) network with MobileNetV2 was implemented to effectively model both tem-
poral dynamics and spatial representations. The dataset’s heterogeneity in scene
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content and environmental conditions renders it particularly suitable for applica-
tions in surveillance and public safety.

3.3.2 Face Detection and Age Estimation

The Face Age Detection Dataset (Kaggle), consisting of 19,906 facial images with
corresponding age labels, was used to train the demographic analysis module [27].
This module is integrated into the FaceAPI subcomponent and is responsible for
real-time face detection and age classification. A lightweight sequential architecture
based on MobileNetV2 was adopted to balance inference speed and classification
accuracy, facilitating deployment in resource-constrained environments. Data dis-
tribution for this dataset visualized in 3.3.
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Figure 3.3: Class distribution in the Face Age Detection Dataset, showing the num-
ber of samples across different age categories.

3.3.3 Object Detection

The object detection subsystem was developed using the Common Objects in Con-
text (COCO) dataset, which contains over 886,000 annotated object instances span-
ning 80 object categories, distributed across 82,783 training and 40,504 validation
images in the 2014 release [28].

Figure 3.4: Comparison of object instance frequency per category in the COCO
and PASCAL VOC datasets (log scale). COCO provides a more comprehensive and
dense annotation coverage across 80 categories [28].

To support real-time multi-object detection with high accuracy, a Single Shot Multi-
Box Detector (SSD) framework with a ResNet-101 backbone was employed. The
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wide range of object types and contextual variability in the COCO dataset ensures
robustness across diverse operational settings.

3.3.4 Scene Interpretation

The proposed framework leverages GPT-40 [29] as its language reasoning engine to
perform zero-shot scene interpretation based on structured visual prompts. While
GPT-40 was not fine-tuned for this specific task, its extensive pretraining on large-
scale textual data enables effective generalization to novel visual-linguistic tasks
without additional supervision. This allows our system to infer high-level semantic
insights from multi-modal inputs in an open-ended and context-aware manner.
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Chapter 4

Experimental Setup and
Evaluation

4.1 Experimental Setup

To evaluate the effectiveness of the proposed hybrid framework, a structured experi-
mental pipeline was designed. This pipeline covers the stages of model development,
deployment, and integration into a browser-based interface, with an emphasis on
lightweight, client-side execution and extensibility.

4.1.1 Model Development Environment

All models were developed using Python 3.8 with TensorFlow 2.x and the Keras
API. Following training and validation, each model was exported using Tensor-
Flow’s SavedModel format. The exported models were then converted to Tensor-
Flow.js (TFJS) format using the tensorflowjs_converter tool, enabling deploy-
ment directly in a browser environment. This approach facilitates real-time inference
without requiring server-side computation.

tensorflowjs_converter --input_format=tf_saved model ./saved model
./tfjs model

4.1.2 Activity Detection Module

The activity detection component was designed to analyze spatial-temporal features
from video streams. A MobileNetV2 backbone pretrained on ImageNet was used
as the spatial feature extractor. The final classification layers were removed, and
features were extracted from intermediate layers. These frame-level features were
processed sequentially using a Bidirectional Long Short-Term Memory (Bi-LSTM)
network to model temporal dependencies. The input frames were resized to 224 x 224
pixels and normalized before processing. After training, the complete model was
converted to TFJS for real-time activity inference in the browser.

4.1.3 Face Age Detection Module

For facial age prediction, a sequential classification model was developed using Mo-
bileNetV2 as the base feature extractor. Detected face regions, extracted via Mi-
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crosoft’s FaceAPI, were resized to 224 x 224 pixels and passed through the model.
The MobileNet backbone was partially frozen to retain pretrained spatial features,
and a dense classification head was appended to predict age groups. The labels were
discretized into predefined categories, such as young, middle-aged, and old. Once
trained, the model was converted to TFJS to support on-device inference during
real-time operation.

4.1.4 Web Application Architecture

The integrated system was deployed as a browser-based application using a React.js
frontend. Tailwind CSS was used for modular styling, and the frontend provided
support for both live camera input and offline video uploads. Real-time inference
was achieved by loading TFJS models asynchronously into the client browser. Each
incoming video frame was processed locally, and outputs such as bounding boxes,
classification labels, and facial attributes were rendered instantly. The entire infer-
ence pipeline ran on the client device, offering low latency and privacy-preserving
performance without dependence on external servers.

4.1.5 Prompt Template Generation

Scene-level interpretation was supported by a template-based prompt generation
module. Detected entities and their attributes were dynamically embedded into
natural language templates using JavaScript. The structured prompt captured spa-
tial relationships, object interactions, and human-centric cues. For example, when a
young individual is detected holding a phone, the system may generate the following
prompt:

“The scene shows a young individual holding a phone, appearing focused.
The environment is well-lit and casual.”

This mechanism serves as an efficient zero-shot reasoning interface, providing context-
aware descriptions in real time.

4.1.6 System Extensibility

The proposed system was designed with modular extensibility in mind. New visual
recognition modules—such as emotion detection or gesture classification—can be in-
tegrated into the pipeline with minimal configuration. All models follow standard-
ized preprocessing routines and input specifications. TFJS compatibility ensures
that additional modules can be incorporated using the same browser-based deploy-
ment strategy, allowing the system to adapt to broader vision-language applications.

4.2 Results and Discussion

This section presents the evaluation of our proposed hybrid framework, covering
three core tasks: activity detection, face age prediction, and real-time scene inter-
pretation. We report both quantitative metrics and qualitative insights obtained
from the complete system pipeline and the end-user interface.
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4.2.1 Activity Detection Evaluation

To identify activity, like road crossings, accidents, violent or aggressive behavior in
video sequences, we implemented a hybrid architecture that combines spatial and
temporal features using MobileNet V2 and Bidirectional Long Short-Term Memory
(Bi-LSTM) layers. The MobileNet backbone was pretrained on ImageNet and used
for spatial feature extraction, while the Bi-LSTM captured temporal patterns from
frame sequences.

The model was trained using a standard activity detection dataset with a 70-20-10
split across training, validation, and test sets. The model was optimized using cate-
gorical cross-entropy loss and Stochastic Gradient Descent (SGD) as the optimizer.
Table 4.1 presents the model parameters, and Table 4.3, Table 4.4 summarizes the
accuracy results and the classification report respectively.

Parameter Type Count
Total Parameters 2,257,984
Trainable Parameters 1,681,536
Non-trainable Parameters 576,448

Table 4.1: Model parameters for activity detection using a custom Bi-LSTM with
MobileNet V2.

Layer (type) Output Shape Param #
time_distributed (TimeDistributed) (None, 32, 2, 2, 1280) | 2,257,984
dropout (Dropout) (None, 32, 2, 2, 1280) 0
time distributed_ 1 (TimeDistributed) (None, 32, 5120) 0
bidirectional (Bidirectional) (None, 64) 1,319,168
dropout_1 (Dropout) (None, 64) 0
dense (Dense) (None, 256) 16,640
dropout_2 (Dropout) (None, 256) 0
dense_1 (Dense) (None, 128) 32,896
dropout_3 (Dropout) (None, 128) 0
dense 2 (Dense) (None, 64) 8,256
dropout_4 (Dropout) (None, 64) 0
dense 3 (Dense) (None, 32) 2,080
dropout_5 (Dropout) (None, 32) 0
dense 4 (Dense) (None, 2) 66

Table 4.2: Model architecture summary for the activity detection module, integrat-
ing MobileNet-based feature extraction with a Bi-LSTM sequence classifier and fully

connected layers.
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Dataset Split | Accuracy (%)
Training 99.02
Validation 90.83
Test 90.54

Table 4.3: Classification accuracy for activity detection across training, validation,
and test sets.

Class Precision Recall F1-Score Support
Normal 0.94 0.91 0.93 102
Abnormal 0.91 0.94 0.92 98
Accuracy - - 0.93 200
Macro Avg 0.93 0.93 0.92 200
Weighted Avg 0.93 0.93 0.93 200

Table 4.4: Classification report for activity detection

The model achieved early convergence, with training and validation losses stabilizing
around the 15th epoch. The high training accuracy and close alignment with valida-
tion and test scores indicate effective generalization and low overfitting. The system
performed well across various scene complexities and motion dynamics, demonstrat-
ing its reliability for real-time activity analysis as indicated in Figure 4.1.

(a) Training vs Validation Loss (b) Training vs Validation Accuracy

Figure 4.1: Performance of the Activity Detection model over 50 epochs: (a) loss
and (b) accuracy.

4.2.2 Face Age Prediction Evaluation

For face age classification, we utilized a sequential classification model incorporating
MobileNet V2 as the backbone for feature extraction. The FaceAPI module was
used to crop and preprocess detected face regions. Input face images were resized
to 224 %224 and normalized before being passed through the model. The final dense
layers were trained to classify each face into one of three predefined age categories:
Young, Middle, and Old.

The model followed a 70-20-10 data split and was trained using categorical cross-
entropy with the Adam optimizer. The summary of model parameters is shown in
Table 4.5 and detailed layer information are reported in Table 4.6, and the final
accuracy metrics across training, validation, and test sets are reported in Table 4.7.
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Parameter Type Count
Total Parameters 21,429,035
Trainable Parameters 21,369,643
Non-trainable Parameters 59,392

Table 4.5: Model parameters for face age prediction using a fully connected hybrid
sequential MobileNet V2 architecture.

Layer (type) Output Shape | Param #
xception (Functional) (None, 8, 8, 2048) | 20,861,480
global average pooling2d (None, 2048) 0
(GlobalAveragePooling?2D)

batch normalization 4 (None, 2048) 8,192
(BatchNormalization)

dense (Dense) (None, 256) 524,544
batch normalization_ b (None, 256) 1,024
(BatchNormalization)

dropout (Dropout) (None, 256) 0
dense_ 1 (Dense) (None, 128) 32,896
batch normalization 6 (None, 128) 512
(BatchNormalization)

dropout_1 (Dropout) (None, 128) 0
dense_2 (Dense) (None, 3) 387

Table 4.6: Model architecture summary for the face age prediction module using
Xception and fully connected layers.

Dataset Split | Accuracy (%)
Training 92.43
Validation 86.14
Test 87.04

Table 4.7: Final classification accuracy for face age prediction across training, vali-
dation, and test sets.

Class Precision Recall F1-Score Support
Middle 0.87 0.90 0.89 1075
Young 0.73 0.80 0.76 225
Old 0.90 0.82 0.86 691
Accuracy - - 0.86 1991
Macro Avg 0.83 0.84 0.84 1991
Weighted Avg 0.87 0.86 0.86 1991

Table 4.8: Classification report for face age prediction

The model demonstrated strong generalization performance and consistent accuracy
across a diverse range of age groups and environmental variations.
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(a) Training vs Validation Loss (b) Training vs Validation Accuracy

Figure 4.2: Performance of face age prediction model: (a) Loss across training and
validation, and (b) Accuracy across training and validation epochs.

As shown in the Figure 4.2, the training curves show consistent improvement in
both accuracy and loss throughout the 16 epochs. Although training performance
improves steadily, validation metrics show fluctuations due to variability in facial
expressions, poses, and lighting, with the generalization observed around epoch 12.

4.2.3 Qualitative Evaluation

Although quantitative metrics provide insight into overall model performance, qual-
itative evaluation enables visual inspection of model behavior in various real-world
scenarios. This includes reviewing the accuracy and confidence of predictions in un-
seen data, especially under challenging conditions such as varying poses, occlusions,
or lighting.

To evaluate the practical integration of the proposed modules, a real-time user inter-
face was developed. The system supports both offline video upload and live camera
streaming, enabling end-to-end testing of detection, prediction, and captioning ca-
pabilities within a web-based environment (Figure 4.3, 4.4).

Figure 4.3: Live interface for scene descriptions.
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Figure 4.4: Live interface for scene descriptions.

The user interface provides the following core functionalities:

e A training module with customizable parameters, including learning rate,
number of epochs, and data partitioning.

e Real-time frame-by-frame analysis of video input using pre-trained detection
models.

e Display of key results such as detected activity, location of facial regions, and
classification of age groups.

e Dynamic Scene Caption Generation Based on Detected Objects and Face At-
tribute.

Figure 4.5: Live interface with bounding box visualizations and dynamically gener-
ated scene descriptions.
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As shown in Figure 4.5, the system successfully processes real-time camera input
and annotates the scene accordingly. In one instance, the model detects a young
male subject holding a smartphone indoors. The captioning engine, powered by a
large language model, generates a coherent narrative describing the scene’s environ-
ment, lighting, objects, and mood. This result demonstrates the system’s ability to
not only recognize discrete features (e.g., age, object presence) but also synthesize
them into human-readable interpretations. These qualitative outputs offer valuable
insight into the contextual understanding enabled by the system. Our framework
maintained smooth performance and responsive feedback during live testing with
minial hardwares. The activity detection module consistently localized relevant
events, while the captioning module exhibited robust generalization in generating
context-aware summaries from unseen scenes.

4.2.4 Qualitative Comparison

To evaluate the effectiveness of the proposed scene captioning framework, we con-
ducted a qualitative comparison against Gemini 2.5 Pro [30], Google’s state-of-the-
art multimodal large language model. Both systems were presented with the same
visual input extracted from a live camera frame (shown in Figure 4.5), and prompted
identically with:

"Consider this as a scene and describe what you see.”

The input was a real-time frame captured from the user interface. Below are the
scene descriptions generated by each system:

System Scene Description

Gemini 2.5 Pro | I see a person with dark hair who appears to be sitting.
They are holding a smartphone in their hand, and the
screen of the phone is visible. The person is wearing a
green shirt. The background is somewhat plain, with a
white wall and some visible concrete structure. (Figure

4.6)
Proposed The scene portrays a young man indoors, holding up a
Framework smartphone prominently displaying its lock screen. The

setting appears to be a simple, modern room with a con-
crete ceiling and a large window on the left, allowing nat-
ural light to illuminate the space. The light creates a soft,
relaxed atmosphere, highlighting the neutral tones of the
walls and the man’s casual attire. His expression is neutral,
adding a calm ambiance to the image. The phone screen
shows the time as 7:01, with a grayscale image as the wall-
paper, depicting two people who seem to be smiling at each
other. The phone is held upright, drawing attention to its
contents. The overall mood is laid-back and informal, sug-
gesting a moment of personal reflection or sharing.

Table 4.9: Qualitative comparison of scene descriptions between Gemini 2.5 Pro and
the proposed framework.
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Figure 4.6: Gemini 2.5 Pro’s response to the scene captioning prompt.

The comparison in Table 4.9 highlights several key strengths of our proposed frame-
work:

Evaluation Criterion Proposed Gemini 2.5
Framework Pro
Attribute-level understanding (e.g., v x
age, expression)
Scene context and environment v x
description

Object-level semantic analysis (e.g., v X
lock screen content)

Personal interaction/mood Y x

inference

Prompt augmentation using v X
detection modules

Natural language fluency v v

Speed of generation v v

Table 4.10: Qualitative feature comparison.

Moreover, our proposed system produces contextually aware, semantically grounded,
and human-like scene descriptions, outperforming Gemini 2.5 Pro in both detail
and interpretability. This evaluation demonstrates that our modular, detection-
enhanced approach results in more expressive and meaningful scene captioning,
particularly in real-time and unconstrained visual conditions.
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4.3 Benchmarking

This section specifies how we evaluate the two supervised components; activity de-
tection and face—age classification and how we report efficiency, uncertainty, and
reproducibility. We follow standard metrics and evaluation protocols to enable fair
comparison and replication.

4.3.1 Tasks, Datasets, and Splits

Activity detection. We use the Kaggle Real-Life Violence Situations dataset
(2,000 short clips; 1,000 violent and 1,000 non-violent). The model is MobileNetV2
feature extraction with a Bi-LSTM sequence head. We adopt a 70, 20, 10 to train,
validation, test split, enforcing scene disjointness to reduce leakage.

Face age classification (3 classes). We evaluate on the Kaggle Face Age dataset
(19,906 images), discretized into Young, Middle, and Old after FaceAPI cropping.
We use a 70/20/10 split with subject de-duplication where possible. Our primary
model uses an Xception backbone with a light classification head (TFJS-targeted).
On the held-out test set, we obtain Accuracy 85.89%, Macro-F1 0.81, and Weighted-
F1 0.85; the 95% confidence interval for accuracy is [84.4%, 87.4%).

4.3.2 Metrics

Classification metrics. We report Accuracy, Precision, Recall, and F1 per class,
along with Macro-F1 (unweighted mean of class F1).

Uncertainty. For top-line accuracy we report 95% confidence intervals using the

normal approximation:
(17
Closs, ~ p + 1.96\/u,
n

To contextualize the results, we compare against lightweight baselines trained under
the same preprocessing, resolution, optimizer schedule, and early-stopping on the
shared validation split:

e MobileNetV2 + Linear (Activity detection).

4.3.3 Baselines

e ResNet-18 + GRU (Activity detection).
e MobileNetV2 (Face age detection).
e EfficientNet-B0 (Face age detection).

4.3.4 Results

Activity detection On the test set (N=200), Accuracy is 90.54% and Macro-F1
is 0.92 (Table 4.11). The 95% CI for accuracy is [86.4%, 94.6%].

p=0.9054, SE=/%950096 " Clgs &~ 0.9054 & 1.96 - SE.
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Face age classification. On the test set (N=1,991), Accuracy is 87.04%, Macro-
F1 is 0.84, and Weighted-F1 is 0.86 (Table 4.12). The 95% CI for accuracy is
85.5%, 88.5%].

p=08589, SE = /08800111 (. ~ (.8589 + 1.96 - SE.

Model Acc (%) Acc 95% CI Macro-F1 Weighted-F1
MobileNetV2 + BiLSTM (ours) 90.54 [86.4, 94.6] 0.920 0.922
MobileNetV2 + Linear Regression 83.00 [77.8, 88.2] 0.830 0.841
ResNet-18 + GRU 77.50 [71.7, 83.3] 0.769 0.770

Table 4.11: Activity detection benchmarking

Model Acc (%) Acc 95% CI Macro-F1 Weighted-F1
MobileNetV2 + Xception (ours)  87.04 [85.5, 88.5] 0.84 0.86
MobileNetV2 (baseline) 56.77 [53.6, 59.9] 0.32 0.47
EfficientNet-B0 (baseline) 54.69 [51.5, 57.8] 0.24 0.39

Table 4.12: Face age classification benchmarking
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Chapter 5

Conclusion

This research presents a lightweight yet robust framework for real-time scene under-
standing by leveraging zero-shot learning principles and prompt-engineered vision-
language integration. The proposed system addresses the need for efficient, on-device
visual interpretation by combining modular computer vision pipelines with struc-
tured language generation strategies. It effectively bridges the gap between visual
perception and natural language expression using task-specific detection models and
a browser-executable language prompt engine.

Through the integration of activity recognition, face age classification, and object
detection subsystems—each converted to run efficiently via TensorFlow.js in the
browser—the system successfully interprets dynamic scenes without relying on back-
end inference or cloud-based models. The prompt-based captioning engine enables
coherent narrative generation by embedding detected entities (e.g., age, objects,
spatial configuration) into semantically rich template structures.

Experimental results demonstrate high quantitative performance, particularly in ac-
tivity classification (90.54% test accuracy) and age group prediction (87.04% test
accuracy), with accompanying qualitative evaluations showing context-aware and
human-like scene descriptions. In comparison to Gemini 2.5 Pro, a leading multi-
modal language model, our framework generated descriptions that were more spe-
cific, attribute-rich, and tailored to the immediate visual content. This validates the
strength of prompt-engineered visual grounding, even in lightweight setups.

5.1 Limitations

Despite its effectiveness, several architectural and methodological limitations re-
main. First, the use of static prompt templates, though efficient, restricts ex-
pressive variation and adaptability in language generation. The framework lacks
a feedback loop between the language model and vision modules, potentially limit-
ing semantic coherence in edge cases. Additionally, the detection models—though
performant—operate in isolation, with no shared feature space or joint optimization,
which may introduce inconsistency across modalities.

Another constraint arises from the limited temporal modeling in the activity detec-
tion module, which currently operates on short, fixed-length frame windows. This
may hinder the understanding of longer, complex actions. Furthermore, although the
system performs well under controlled conditions, its generalization under diverse
lighting, occlusion, and background scenarios remains a challenge due to dataset
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bias and limited environmental variability in training data.

5.2 Future Work

To address these limitations and expand the system’s capabilities, several future
directions are proposed. One major avenue involves replacing static prompt logic
with dynamic, transformer-based language generation models capable of real-time
inference on edge devices. These would allow for greater linguistic diversity and
adaptive scene interpretation beyond template constraints.

e Unified Visual-Linguistic Reasoning: We plan to implement a shared em-
bedding space or a cross-attention mechanism that jointly encodes visual and
linguistic features, enabling more coherent and unified scene understanding.
This architecture may also facilitate end-to-end training or fine-tuning through
weak supervision or human-in-the-loop feedback.

e Enhanced Temporal Modeling: To improve action understanding, we in-
tend to incorporate long-range temporal modeling using transformer-based
video encoders. This addition will capture temporal dependencies across
frames and improve the granularity of activity recognition. Furthermore,
model interpretability will be enhanced by aligning language outputs with
relevant visual regions.

e Benchmark Evaluation and Expansion: Future versions of the system
will be evaluated using standard multimodal and video-language benchmarks
such as MSR-VTT [31], ActivityNet Captions [32], and Charades [33]. This
will help establish the system’s generalizability and robustness in diverse real-
world scenarios. We also aim to explore integration with larger vision-language
models via prompt chaining or retrieval-augmented generation (RAG) to sup-
port more complex scene understanding tasks.

To conclude, this research study demonstrates the feasibility of real-time, prompt-
driven scene interpretation using modular vision-language pipelines. The framework
opens up promising pathways for accessible and semantically expressive multimedia
applications in domains such as surveillance, education, human-computer interac-

tion, and embedded Al
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