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Abstract—Understanding an image in a meaningful way re- quires more than identifying isolated objects. A useful description of a scene
must also capture actions, relations, setting, intent, and often a coarse sense of social or emotional context. This ability, which humans
perform naturally, remains a difficult

A. Background

B. 1. INTRODUCTION

challenge for machines because visual signals are ambiguous and many interpretations depend on world knowledge rather than
raw pixels alone. Recent progress in multimodal artificial intelligence, especially vision-language models, has significantly
improved the ability of machines to connect visual content with natural language. However, practical deployment still faces
issues of inconsistency, prompt sensitivity, hallucination, and variable quality across scene types.

This paper presents an extended study on a practical pipeline for vision-based context understanding using multimodal Al. The
proposed system accepts an image and an optional user query, applies image preprocessing and quality assessment, generates
a structured prompt, performs inference through a vision-language model, evaluates the response using a lightweight scoring
stage, and iteratively refines the prompt if the output appears in- complete or weakly grounded. Instead of relying on expensive
end-to-end fine-tuning, the approach treats prompting, scoring, and controlled refinement as first-class engineering
components. This makes the system better suited to academic prototypes and resource-constrained student projects.

We compare a traditional manual workflow, in which humans inspect images and produce descriptions, against the proposed
automated pipeline built around models in the CLIP and BLIP-2 family. The results indicate an approximate fourfold reduction
in time per image with acceptable factual consistency on common scene categories such as indoor environments, outdoor
views, and standard daily activities. At the same time, the study shows that fully automated context interpretation still struggles
with artistic scenes, culturally specific symbols, subtle interpersonal relations, irony, and emotionally complex situations.

Beyond model performance, the paper contributes an expanded discussion of real workflow observations, including prompt
drift, repetitive phrasing, sensitivity to illumination, disagreement across repeated runs, and the practical importance of prompt
version control. We also discuss evaluation design, de- ployment trade-offs, ethical concerns, and future extensions such as
video understanding, domain adaptation, retrieval augmenta- tion, and stronger multimodal critics. The overall conclusion is
that multimodal Al is already a valuable assistant for large-scale visual interpretation pipelines, but careful human supervision
remains necessary wherever nuance, accountability, or domain- specific judgment matters.
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Index Terms — multimodal Al vision-language models, con- text understanding, image captioning, CLIP, BLIP-2, prompt
engineering, scene interpretation, multimodal reasoning, visual grounding For decades, computer vision research has pursued
the goal of enabling machines to interpret the visual world with human- like competence. Early successes in this area focused
on classification and detection: systems learned to say whether an image contains a cat, a car, or a person, and later to identify
where these objects are located. These are foundational capa- bilities, but they are not the same as understanding a scene.
Human observers do not normally stop at naming visible items. They infer what is happening, what the environment is like,
what the likely social situation may be, and which details matter most. A cluttered kitchen is not merely a set of utensils and
ingredients; it suggests cooking activity, a domestic setting, perhaps even time-of-day or routine. A classroom scene is not just
desks and people; it may imply teaching, attention, boredom, confusion, or interaction.

The growing success of large-scale multimodal models has changed how researchers approach this problem. Architectures
such as CLIP [1], BLIP-2 [2], Flamingo [3], LLaV A [4], and InstructBLIP [5] show that image-text alignment learned from
large datasets can support captioning, question answering, retrieval, and instruction following. These systems do not merely
attach labels to regions. They are able to produce descriptive text, compare possible interpretations, and answer prompts in
a conversational style. This has made them at- tractive for practical tasks such as assistive image description, multimedia
search, content moderation support, digital asset tagging, educational tools, and human-in-the-loop annotation systems.

Despite this progress, context understanding remains a difficult and somewhat unstable capability. Current models may
produce fluent but shallow descriptions, overlook important relations between people, overemphasize visually salient yet
irrelevant objects, or hallucinate culturally loaded interpre- tations that are not actually supported by the image. In real use,
quality depends not only on the backbone model but also on the prompt wording, inference settings, image quality, and
post-processing logic. These observations suggest that practical multimodal context understanding is as much a systems
problem as it is a pure modeling problem.

C. Motivation

The motivation for this work comes from a gap between research demonstrations and real workflow needs. Public examples
of multimodal Al often show impressive one-shot outputs on carefully chosen images, giving the impression that scene
understanding has largely been solved. In practice, however, even strong models behave unevenly. A model may describe one
image richly and accurately, then give a vague or misleading summary of another image that appears equally easy to a human.
This becomes a real issue when an aca- demic project or industry pipeline must process hundreds or thousands of images in a
consistent way.

For students and small research teams, another constraint is compute. End-to-end training or large-scale fine-tuning of
multimodal models can be expensive, slow, and difficult to debug. A more realistic route is to use frozen or mostly frozen
backbones and improve output quality through better prompt structure, lightweight evaluation, and careful orchestration. This
paper therefore focuses not on inventing a new foundation model, but on designing an effective and practical pipeline around
existing multimodal models.

D. Problem Statement

The central problem addressed in this paper is the following: how can a practical multimodal Al pipeline be designed to support
vision-based context understanding in a way that is efficient, reasonably consistent, and sufficiently grounded for everyday
use, while remaining feasible within the constraints of a student-level project?

This problem has several components. The system must transform raw visual input into a context-aware textual interpretation.
It must do so without relying entirely on human annotation. It must also avoid over-trusting first-pass outputs, because
multimodal systems are known to produce confident but incomplete or incorrect descriptions. Finally, the pipeline should be
modular enough to allow model substitution, prompt tuning, and threshold adjustment without redesigning the entire system.
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E. Research Questions

To make the investigation concrete, we organize the work around the following research questions.

First, can a structured prompt-and-refine pipeline produce more context-aware scene descriptions than a single free- form
prompt? Second, how much efficiency can be gained by replacing a largely manual workflow with an automated multimodal
pipeline while retaining acceptable output quality? Third, which classes of images remain difficult even after prompt
engineering and lightweight evaluation? Fourth, what practical workflow lessons emerge when such a system is used repeatedly
rather than demonstrated only once?

F. Objectives

The objectives of the work are fourfold. The first objective is to design a modular context-understanding pipeline that com-
bines an image preprocessing stage, a structured prompting layer, a vision-language inference stage, an evaluation stage, and
a bounded refinement loop. The second objective is to compare the proposed pipeline against a manual workflow using time,
iteration count, and output consistency as key measures. The third objective is to analyze the failure modes that arise in realistic
use, including hallucination, ambiguity, prompt drift, and instability across runs. The fourth objective is to produce a project
report that is useful not only as an academic submission but also as a practical guide for students building similar systems.

G. Contributions

The paper makes several contributions. It presents a modular pipeline for context-aware image interpretation using frozen
multimodal backbones and structured prompts. It formalizes the role of prompt engineering, scoring, and refinement as
system components rather than ad hoc tricks. It reports both quantitative and qualitative comparisons between manual and
automated workflows. It introduces a more detailed discussion of category-specific behavior and practical bottlenecks. It
also records real engineering observations such as prompt versioning, metadata logging, and disagreement checks across
repeated runs. Although the architecture mainly assembles existing model families, the system-level framing and workflow-
oriented analysis form the practical contribution of this work.

H. Paper Organization

The rest of the paper is organized as follows. Section Il reviews related literature and situates the present work in the broader
evolution of multimodal Al Section III formulates the problem more explicitly and defines the design targets of the pipeline.
Section IV describes the proposed methodology in detail. Section V explains the system architecture and imple- mentation
choices. Section VI presents the experimental setup. Section VII discusses results and analysis. Section VIII offers
qualitative ablations and sensitivity observations. Sections IX to XII cover practical workflow observations, deployment
and reproducibility, ethical considerations, and limitations. Section XIII outlines future scope, and Section XIV concludes
thepaper.

II. LITERATURE REVIEW
A. From Classical Vision to Multimodal Representation Learning

The modern story of image understanding begins with deep convolutional networks. AlexNet [6] demonstrated that large
convolutional neural networks trained on ImageNet could achieve a major leap in image classification accuracy. ResNet
[7] further deepened the field by enabling much deeper architectures through residual connections. These systems were
excellent at classification but were limited in their ability to express relational or contextual meaning in language.
Transformers later changed both language and vision re- search. The transformer architecture introduced in [8] became the
dominant paradigm for sequence modeling, and its ideas were extended into vision through models such as the Vi- sion
Transformer (ViT) [9]. At the same time, multimodal pretraining began to emerge as an important direction. Early models
such as VILBERT [10] and LXMERT [11] learned aligned visual-linguistic representations using region features and cross-
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modal transformers. These models showed strong improvements on visual question answering and other bench- mark tasks,
but they were still task-oriented and relatively rigid compared to later generative systems.

B. Captioning and Early Scene Description

One of the first major attempts to turn visual content into natural language was image captioning. Show-and-Tell [12] used an
encoder-decoder structure in which a visual encoder produced features that were then used by a language model to generate
captions. This was historically important because it moved the goal from simple recognition to natural-language description.
However, the outputs of early captioning systems were often generic and template-like. They could say that a person is riding
a bike or that a dog is on grass, but they usually struggled to capture implicit context, social relations, or scene-level nuance.

Subsequent work improved captioning quality, yet a central problem remained: many captioning metrics reward lexical overlap
rather than genuine understanding. A sentence can score well while still missing the most important part of a scene. This
weakness is highly relevant to the present study because context understanding is not equivalent to producing a fluent caption.

C. Contrastive Vision-Language Pretraining

CLIP [1] marked a major shift by training on large-scale image-text pairs using a contrastive objective. Instead of generating
text directly, CLIP learned a joint embedding space in which images and matching text lie close together. This enabled strong
zero-shot transfer and made CLIP extremely useful for retrieval, prompt-based classification, and scoring. In practical systems,
CLIP is especially attractive as a lightweight evaluator because it can measure how well a generated descrip- tion aligns with
an image.

At the same time, CLIP has limitations. Because it relies on similarity in a shared representation space, it can sometimes favor
text that contains the right visual keywords even when the broader meaning is incomplete or misleading. In other words, CLIP
is useful for grounding but not sufficient as a full judge of contextual quality.

D. Generative Multimodal Systems

More recent models combine visual encoding with generative language ability. BLIP-2 [2] is particularly important for
practical research because it connects a frozen image encoder to a frozen large language model through a lightweight Query-
ing Transformer, reducing the need for full-scale end-to-end training. Flamingo [3] showed strong few-shot multimodal
performance by interleaving visual and textual tokens with cross-attention. Models such as ALBEF [13], OFA [14],and CoCa
[15] also contributed significantly to the broader movement toward unified image-text learning.

These systems brought the field closer to context under- standing because they could not only align images and text but also
generate longer descriptive outputs, answer questions, and interact through prompts. However, generation introduces its
own problems, particularly hallucination and verbosity without precision.

E. Instruction-Tuned Multimodal Models

Instruction tuning shifted multimodal models from fixed- task behavior toward general-purpose assistance. LLaV A [4] and
InstructBLIP [5] are representative examples. They behave more like chat systems that can see, which makes them useful
for context understanding tasks where a user asks open-ended questions such as “what is happening here?” or “what does
the scene feel like?” This is closer to natural human use.

At the same time, instruction-tuned models are highly prompt-sensitive. Small wording changes may alter whether the
model focuses on objects, actions, emotion, or speculative reasoning. In repeated use, this sensitivity becomes a central
engineering variable. A great deal of practical performance can therefore depend on prompt templates, role framing, and
output constraints.
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F. Evaluation Challenges

Evaluation remains one of the weakest points in the litera- ture. Traditional metrics such as BLEU [16], CIDEr [17], and
SPICE [18] are useful for benchmarking captioning systems but do not fully capture whether context was understood.

A description may use different wording from the reference and still be better, or it may be lexically similar while missing
the true social or narrative meaning of the image.

Recent surveys of multimodal large language models [19] highlight the rapid progress of the field, but benchmark-driven
reporting often underrepresents practical issues such as run-to- run instability, prompt drift, and human review burden.
These workflow-level concerns are particularly important for small projects and real deployments. This paper therefore
adopts a mixed evaluation view: automatic similarity measures are useful, but they must be supplemented with human
checks and practical observations.

G. Research Gap

Across the literature, three gaps stand out. First, many works focus on model architecture and benchmark accuracy but
provide relatively little detail on how to build reliable real-world pipelines around these models. Second, context
understanding is often discussed implicitly through captioning or VQA tasks rather than treated as a distinct systems goal.
Third, prompt engineering and iterative refinement are often mentioned casually even though, in practice, they may affect
output quality as strongly as model choice. The present work is motivated by these gaps and treats pipeline design itself as
a research object.

II1. PROBLEM FORMULATION

A. Definition of Context Understanding

In this work, vision-based context understanding is defined as the ability of a system to produce a textual interpretation of an

image that goes beyond object listing. A context-aware interpretation should address at least four layers of meaning: visible

entities, observed actions, relations among entities, and plausible scene-level setting or narrative cues. The system is not
required to infer hidden mental states or unsupported details, but it should prioritize the information a human would consider

central to the scene. N

and let the optional user query be denoted by

q€Q, (2)

where Q is the space of natural-language prompts supplied by a user. The goal is to produce an output description
YEY, 3)

such that y is visually grounded, linguistically coherent, con- textually informative, and operationally efficient to obtain.

B. Pipeline Objective

The practical objective is not simply to maximize caption quality in isolation. Instead, the system should jointly optimize four

criteria:

1) visual grounding,

2) contextual coverage,

3) consistency across repeated runs, and
4) latency suitable for workflow use.

5) D. Design Constraints
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The system is built under the constraints of a student project. These include limited GPU memory, restricted annotation
budget, small-scale evaluation resources, and the practical desire to avoid heavy end-to-end fine-tuning. Under these
conditions, the most realistic approach is to use pretrained multimodal backbones as stable cores and improve behavior
through preprocessing, prompt design, scoring, and bounded refinement.

IV.PROPOSED METHODOLOGY

The proposed methodology is intentionally modular. Rather than assuming that a single model invocation will always yield
a satisfactory result, the system treats context understanding as a controlled pipeline with explicit intermediate decisions.
The major stages are Input, Preprocessing, Prompt Generation, AI Model Inference, Output Logging, Evaluation, and
Refinement.

A. Input Stage

The input consists of an RGB image and, optionally, a short user query such as “what is happening here?”, “describe the
scene”, or “what is the mood of this image?” The optional query is important because it allows the same image to be
interpreted under different goals. A neutral descriptive request requires broad coverage, while a mood-oriented request en-
courages more emphasis on atmosphere and emotional tone.

B. Preprocessing and Quality Screening

Before inference, the image is resized to the expected resolution of the vision encoder and normalized using the model’s
preferred preprocessing routine. In addition, we ap- ply lightweight quality checks. Very dark images, severely blurred
images, and images with strong exposure imbalance are flagged. This stage does not attempt restoration; rather, it decides
whether the image should proceed normally, be tagged as risky, or be routed for human inspection.

Output Requirements

The output is expected to satisfy the following practical requirements.

First, it should mention the main entities and actions sup- ported by the image. Second, it should avoid strong speculation
unless such uncertainty is explicitly marked. Third, it should remain concise enough for workflow use while still being
informative. Fourth, it should be reproducible to a reasonable degree when the same image is processed multiple times.

C. Structured Prompt Generation

Instead of using a free-form prompt, the system constructs a structured prompt from a template. The prompt includes:
1) arole instruction,

2) the user query,

3) achecklist of aspects to cover

4) optional caution about uncertainty.where T is a template function, r is the role description, and {a;} are required aspects
such as objects, actions, relation- ships, setting, and mood. In practice, we found that explicitly listing these aspects
substantially reduced generic outputs.

A representative template is:

“You are a careful scene-understanding assistant. Describe the main objects, the actions taking place, the relation between
visible people or objects, the likely setting, and the overall mood. If something is uncertain, state it cautiously rather than
inventing details.”

This structure encourages grounded language while still allowing flexibility.

D. Al Model Inference Stage

The core inference stage uses a vision-language model to generate a description conditioned on the image and the structured
prompt. In our experiments, BLIP-2 is used as the primary generative model because it is relatively practical under resource
constraints, while CLIP is used as a secondary scoring model. The basic generation can be written as The output yo may be a
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caption, a direct answer to the user query, or both. We keep decoding relatively conservative in order to reduce instability. In
repeated use, lower-temperature settings generally helped reduce stylistic variation, although they did not remove semantic
disagreement completely.

E. Output Logging

The raw output is stored together with metadata. This includes the prompt template identifier, decoding settings, timestamp,
image identifier, and any preprocessing flags. Although logging may seem secondary, it became essential in later debugging
and analysis. Without it, it was difficult to explain why one run behaved differently from another.

F. Evaluation Stage

Evaluation combines an automatic score with selective human review. The automatic score has two components. The first is
CLIP similarity between the image and the generated text:

where ¢, and ¢; are the image and text encoders of CLIP. The second is a lightweight heuristic penalty for uncertainty,
repetition, and weak specificity.
A simple combined score can be written as

where speech rewards specific grounded language, scheduling penal- sizes overuse of phrases such as “maybe” or “possibly”,
and step penalizes repetitive phrasing. The weights A; are chosen heuristically.

This score does not claim to measure true understanding. It merely acts as a low-cost filter for obviously weak outputs.
Human spot-checks remain necessary, especially for socially or culturally subtle images.

G. Refinement Loop

If the initial output fails the evaluation stage or contains omissions, the system enters a bounded refinement loop. The
refinement strategy does not simply ask for “a better answer.” Instead, it modifies the prompt in a targeted way. Examples
include:

1) object-first prompting,

2) relation-focused prompting,

3) people-count verification,

4) action emphasis, and

5) uncertainty control.

The loop can be written as

where p'is a revised prompt derived from observed weak- nesses in y.. The loop stops if the score improves sufficiently or
if the iteration cap is reached.

We cap refinement at three iterations because beyond that point the gains diminished while latency increased. More
importantly, long iterative histories tended to cause prompt drift and stylistic repetition.

H. Human-in-the-Loop Escalation

Certain cases are marked for review regardless of score. These include very low-quality images, disagreement across
repeated runs, low-confidence people counting, and scenes involving subtle interpersonal interaction. In such cases, the
system acts as an assistant rather than a final judge.

1. Design Justifications

Two design choices are central. First, we use frozen back- bones rather than large-scale fine-tuning. This is driven by
practical constraints, but it is also methodologically useful because it isolates the effects of prompting and refinement.
Second, we use a lightweight evaluator rather than a heavy critic model. While a learned critic could be stronger, a simple
CLIP-plus-heuristic stage is easier to reproduce and understand in a student project setting.
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V. SYSTEM ARCHITECTURE AND IMPLEMENTATION
A. High-Level Architecture
The architecture follows the pipeline described above. Fig- ure 1 shows the main components and the flow of information.

The architecture is deliberately modular. Each block is replaceable. The preprocessing stage can be updated without
retraining the model. The prompt generator can be extended with scene-specific templates. The evaluator can be swapped
for a learned critic in future versions. This modularity proved useful in practice because it allowed the system to evolve
through small controlled changes.

In each case, the system logs the incident and either escalates to human review or returns a conservative fallback description
rather than a highly speculative answer.

VI. EXPERIMENTAL SETUP
Image Input

Preprocessing
& Quality

Structured
Prompt Generator

Vision-
Language

Refinement
Loop (£ 3)

Raw Output
+ Metadata

Evaluation
(CLIP + Heuristics)

Fig. 1. Vision-based context understanding pipeline. Solid arrows indicate the main data flow; the refinement loop sends a
revised prompt back to the prompt generator when the evaluation step is not satisfied.
B. Service-Oriented Implementation

The pipeline was implemented as a set of lightweight Python services communicating through JSON messages. This is not the
only possible design, but it offers several advantages for experimentation:

1) clear separation of responsibilities,

2) easy logging and replay of requests,

3) straightforward substitution of models, and
4) compatibility with a future web interface.

The preprocessing and prompt modules are CPU-friendly, while the multimodal inference runs on GPU. The evaluator is
comparatively inexpensive. In deployment terms, the generative model is the main latency bottleneck.

C. Prompt Library and Versioning

A practical lesson from the project was that prompts should be versioned like code. We therefore maintained a prompt library
with small changes tracked explicitly. Prompt vari- ants included a general description template, a people-centric template, a
mood-sensitive template, and a count-verification template. This reduced confusion during testing and made it easier to identify
which prompt changes caused measurable behavior shifts.
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D. Failure Handling

The system handles several classes of failure:

1) corrupted or unreadable image,

2) poor quality image,

3) empty or degenerate model output,

4) low score after maximum refinement,

A. disagreement between repeated runs.
B. Dataset

We used a custom set of 200 images collected from publicly available sources. The set was intentionally modest because
every image was manually reviewed. The images were divided into five broad categories:

1) indoor scenes,

2) outdoor scenes,

3) group activities,

4) single-person actions, and

5) abstract or artistic images.

The dataset was not intended as a benchmark contribution. Instead, it functioned as a realistic small-scale evaluation set for
system behavior under varied scene structures. The final category, abstract or artistic images, was included because it
exposes exactly the type of ambiguity where context under- standing becomes difficult.

C. Annotation Protocol

For the manual workflow, a primary annotator wrote a description and a secondary annotator reviewed it. Disagreements
were resolved by short discussion. This process is slower than one-person annotation, but it yields more stable manual
references and better reflects how careful human labeling is often done in practice.

For the automated workflow, the system processed each image independently. A human spot-check was applied to a 10%
sample and to any outputs flagged by the disagreement or low-quality checks.

D. Hardware and Software

The experiments were carried out on a workstation equipped with an NVIDIA RTX 3060 GPU with 12 GB memory, 32
GB RAM, and an Intel i7 processor. The software stack used Python, PyTorch 2.1, and HuggingFace Transformers for
model access. A lightweight Flask service was used to expose the pipeline components.

E. Workflows Compared

The comparison focuses on three settings:

1) Manual workflow: human description and human re- view.
2) Automated pipeline: full pipeline with no routine hu- man intervention.
3) Automated + human spot-check: automated pipeline with selective review.

This comparison is useful because the fully manual and fully automated settings represent the two extremes, while the third
setting represents a more realistic operational compromise.

F. Metrics
We report three main metrics:
1) Time per image: wall-clock time from input to accepted output.
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2) Number of iterations: how many revisions occurred before acceptance.
3) Output consistency: semantic agreement across three independent runs.

The consistency score is based on pairwise semantic similarity using CLIP. For three generated outputs yi, y», and y3, the
consistency can be written as spot-checking improves it to 0.88. This suggests that the automated system is already useful, but
it still benefits from selective human supervision when consistency matters.

A. Category-Wise Behavior

Table II breaks consistency down by image category. The proposed pipeline performs best on indoor and outdoor scenes,
where objects, actions, and settings are visually conventional. It is weaker on group activities and much weaker on abstract
or artistic images, where meaning depends more heavily on interpretation and cultural context.

t it jJUTPUT

CONSISTENCY BY IMAGE CATEGORY

here T = 0.85 in our setup. This is not a perfect metric, but it gives a practical measure of whether the system says roughly the
same thing each time.

G. Evaluation Philosophy

A key methodological choice is that we do not treat auto- matic metrics as final truth. The purpose of the automatic score is to
support triage, not to replace judgment. Human review is still the final authority in ambiguous cases. This reflects the real use
case of the system as an assistant rather than a fully autonomous annotator.

VIL RESULTS AND ANALYSIS

The main quantitative results are summarized in Table I. The automated pipeline is substantially faster than the manual
workflow, reducing time per image from 92.4 seconds to 22.7 seconds. This is approximately a 4.07x speedup. When a human
spot-check is added, the time rises to 28.1 seconds, which is still about a 3.29x improvement over the manual baseline. These
gains are operationally significant for any medium-scale annotation or review task.

TABLE I
COMPARISON OF MANUAL AND AUTOMATED WORKFLOW
Category Manual Automate
d

Indoor scenes  0.95 0.86
Outdoor scenes 0.94 0.85
Group activities 0.93 0.79
Single-person  0.95 0.83
action

Abstract / artistic 0.91 0.68

This category-wise pattern is revealing. It suggests that the proposed method is most reliable when the image contains
common objects in familiar spatial arrangements. In such cases, the model has likely seen many similar examples during
pretraining. By contrast, abstract imagery and subtle multi- person scenes demand interpretation beyond typical visual-text
co-occurrence statistics.

B. Qualitative Error Patterns

A closer examination of outputs shows recurring error pat- terns. The first is object-over-context bias: the model correctly
names visible entities but misses the main event or social meaning. The second is safe genericity: the output is fluent and
unobjectionable but too vague to be useful. The third is minor count disagreement, especially when multiple people are
partly occluded. The fourth is mood overreach, where the model infers emotional tone from weak evidence.

Table III summarizes these qualitative observations.
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Workflow Time/img (s) Iterations Consistency C. Effect of Refinement
Manual 924 1.8 0.94
Automated (ours) 22.7 2.3 0.81
i
Automated + Human spot-check 28.1 24 858 f
(0}

.
The refinement stage did not solve every issue, but it proved many borderline cases. In particular, prompts that ced the

model to first pay attention to all visible people before describing the scene reduced some relation omissions.

The iteration count is also informative. At first glance, the automated method appears less efficient because it shows more
iterations than the manual workflow. However, this requires careful interpretation. In the manual setting, an iteration often
means a relatively heavy human revision. In the automated setting, many iterations are low-cost prompt refinements. Thus,
iteration count alone does not indicate inefficiency. What matters is that the extra automated iterations are inexpensive enough
to preserve the large time advantage.

Consistency is where the trade-off becomes clearer. Manual outputs are more stable, with a consistency score of 0.94. The
automated system reaches 0.81, and with the addition of humans we observed qualitatively that refinement was most useful
when the first output was nearly correct but incomplete. It was less useful when the image itself was highly ambiguous or
visually degraded.

D. Latency Distribution

The time distribution inside the automated pipeline is also informative. Approximately 70% of the total latency is spent in
the main vision-language inference stage, around 15% in CLIP-based scoring, and the remaining 15% in preprocessing,
orchestration, and metadata handling. This means that future optimization should focus primarily on the generative model,

TABLE III
QUALITATIVE ERROR TAXONOMY OBSERVED IN THE AUTOMATED PIPELINE

Error Type Typical Symptom Likely Cause itigation Used in This WorkObject-
over-context bias Correct object labels but weak activity or relationship description

Safe genericity Fluent but bland captions that omit central meaning

Count disagreement Different runs disagree on number

of visible people or objects

Mood overreach Emotional tone inferred too strongly from limited evidence

Lighting confusion Indoor scene described as outdoor

or shadows treated as objects

Prompt drift Later refinement rounds become repetitive or stylistically inflated

Strong low-level recognition with insufficient relational emphasis in prompt
Conservative generation defaults and broad prompt wording

Occlusion, crowding, or low-contrast boundaries

Language prior dominates visual evidence

Mixed illumination and reduced feature clarity
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Accumulated prompt history biases generation style Relation-focused refinement prompt and action checklist. Structured
prompts requiring objects, actions, setting, and mood Count-verification prompt and repeated-run agreement check add caution
instruction and uncertainty-aware phrasing Histogram-based quality check and human escalation for flagged images, reset
prompt at each iteration in- stead of appending full conversation history.

for example by using a smaller checkpoint, quantization, batching, or asynchronous execution where appropriate.

E. Interpretation of the Main Trade-Off

The core trade-off revealed by the results is clear. Automa- tion brings substantial speed gains and acceptable performance on
common scenes, but it also introduces variability that is difficult to eliminate fully. The most realistic conclusion is therefore
not that automation replaces human interpretation, but that it shifts the human role from primary author to reviewer, verifier,
and exception handler.

VIIL ABLATION AND SENSITIVITY ANALYSIS

Although this project did not conduct a large numerical ab- lation study, repeated practical testing revealed several strong
sensitivities.

A. Prompt Structure vs. Free-Form Prompting

The single most important design variable after model choice was prompt structure. Free-form prompts such as “describe this
image” often produced outputs that were gram- matical but shallow. When the prompt explicitly asked for objects, actions,
relations, setting, and mood, descriptions became richer and more useful. However, richer prompting also increased the chance
of mild hallucination when the model tried too hard to fill every requested slot. This suggests that prompt design is a balancing
act between coverage and restraint.

B. Prompt History Management

An early version of the system appended new corrections to the full previous prompt history. This produced a subtle failure
mode: later outputs became wordier and more repetitive, sometimes with exaggerated stylistic flourish. Resetting the prompt
each round while preserving only the latest correction dramatically improved clarity. This is a practical finding that may appear
trivial in hindsight, but it had a large effect on output quality.

Temperature and Stability

Lower generation temperature reduced stylistic variety and made outputs more stable, but it did not completely remove
semantic disagreement. This indicates that some instability is not merely a decoding issue; it reflects ambiguity in the
model’s internal interpretation of the image. Therefore, decod- ing control helps, but it does not solve the deeper consistency
problem.

C. Quality Screening

The addition of very simple quality screening was more valuable than expected. Several severe failures occurred on images
that were underexposed, blurred, or dominated by shadow. Rather than trying to rescue every bad image, the system
performed better by identifying risky cases early and sending them either to special prompts or human review. This supports
the general systems principle that input validation often improves reliability more than complex downstream correction.

D. Threshold Choice

The threshold used in CLIP-based filtering must be chosen carefully. A threshold that is too lenient lets weak outputs pass.
A threshold that is too strict triggers unnecessary re-generation and increases latency. In practice, threshold setting depends
on the application. A large-scale internal tagging system may prefer higher throughput and accept some noise, whereas an
accessibility or documentation use case may prioritize precision.
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IX.DISCUSSION

The results support a balanced interpretation of multimodal AI. On one hand, the proposed pipeline clearly demonstrates
that useful context-aware visual interpretation can be auto- mated to a significant degree. The time savings are large, and
the outputs are often good enough for first-pass annotation, indexing, or review support. This is especially true for every-
day scenes, common activities, and images whose meaning is strongly grounded in visible structure.

On the other hand, the results also confirm that visual context understanding is not solved in the human sense. The system
remains weaker whenever meaning depends on culture, humor, symbolism, subtle interpersonal cues, or emotionally loaded
inference. In such cases, the model may be grammatically confident while semantically shallow. This is precisely the kind of
error that can be dangerous in real applications because fluency may conceal weakness.

A further point is that automation changes the nature of human work rather than eliminating it. In the manual work- flow,
humans create descriptions. In the automated workflow, humans supervise, verify, and correct. This changes the skill profile
required. Reviewers must learn to identify subtle model errors, incomplete grounding, and misleading omissions. In some
settings, this may be a clear productivity gain. In others, especially where stakes are high, the need for expert review may
remain substantial.

From a research perspective, the study suggests that system design around the model matters greatly. Prompting, scoring,
logging, disagreement checks, and escalation policy are not secondary conveniences. They shape whether the model can be
used reliably at all. For small research groups, this is encouraging because it means meaningful improvement is possible
without training a new foundation model.

X. PRACTICAL OBSERVATIONS FROM REAL WORKFLOW

This section is intentionally more experience-oriented than benchmark-oriented. During repeated day-to-day use of the system,
several practical observations stood out.

The first and most obvious lesson was that prompt wording matters far more than it initially seems. Two prompts that appear
almost equivalent to a human reader can produce noticeably different model behavior. Short prompts tend to en- courage broad
but shallow captions. Richer prompts encourage more detailed descriptions but can also increase unsupported speculation. We
eventually stopped thinking of the prompt as a fixed instruction and started treating it as part of the model interface itself.

A second lesson was that prompt drift is real. When a refinement loop accumulates too much text history, the model begins to
follow the style of previous outputs rather than the image. The result is not always a visible failure in benchmark terms, but it
becomes obvious to a human reader: the model repeats phrasing, over-explains, or develops a strange rhetori- cal rhythm.
Resetting the prompt each iteration solved much of this issue.

A third observation was that repeated runs on the same image can disagree in surprisingly specific ways. It is not just that
wording changes; sometimes the number of people, the main action, or the emphasis of the description changes. This matters
because a system that appears correct on any single run may still be hard to trust operationally if it is inconsistent. That is why
we added repeated-run agreement checks for risky cases.

Lighting and exposure proved more important than expected. Mixed indoor lighting, shadows, reflective surfaces,and very
warm illumination sometimes altered the model’s sense of setting. Some scenes that were clearly indoors to humans were
described as outdoor scenes. In other cases, dark background regions were interpreted as objects or structural elements. The
lesson here is straightforward: even powerful multimodal models are still vulnerable to basic image-quality issues.

Another practical observation concerns clutter. Interestingly, the model was often better than we expected at ignoring
irrelevant background detail and focusing on the most salient subject. This was one of the more encouraging findings. In
several busy scenes, the generated descriptions captured the central activity while ignoring distracting objects that human
annotators initially mentioned. This suggests that multimodal models can add value not only by saving time but also by
regularizing attention toward salient elements.

We also found that metadata logging is indispensable. It is extremely difficult to debug multimodal systems if prompt
versions, thresholds, decoding parameters, and preprocessing flags are not recorded. A model output that seems mysterious

© Author(s). This work is peer-reviewed, openly published, and permanently archived
This article is openly accessible and reusable with proper attribution.

https://ijsmt.org/ , Email: editor@ijsmt.org 13


https://ijsmt.org/
mailto:editor@ijsmt.org

Volume 02 Issue 05 May-2026 | ISSN: 3108-1762 (Online) | Impact Factor: 3.8
s An International, Peer-Reviewed, Open Access Scholarly Journal Indexed in recognized academic databases

éj? International Journal of Science, Strategic Management and Technology open s AccEss
|Es+ai

often becomes understandable once the exact prompt and settings are inspected.

Finally, we learned that prompt version control should be treated as seriously as code version control. Small wording
changes can affect behavior enough to change experimental outcomes. Without a changelog, these effects become hard to
trace. For student researchers, this may be one of the most transferable lessons of the entire project.

XI.DEPLOYMENT AND REPRODUCIBILITY CONSIDERATIONS
A. Deployment-Oriented Trade-Offs

A prototype that works in a research notebook is not auto- matically ready for repeated use. Deployment forces additional
decisions. One must choose between throughput and caution, between richer descriptions and lower hallucination risk, and
between full automation and selective escalation. For example, in a low-stakes media-tagging scenario, a fast automated
pass with occasional review may be sufficient. In assistive or documentation settings, stronger review requirements may be
necessary.

B. Model Replaceability

A major benefit of the proposed pipeline is that the back- bone model can be replaced without redesigning the surround-
ing logic. This is important because multimodal Al is evolving rapidly. A future system could swap BLIP-2 for a smaller
instruction-tuned model, a domain-adapted checkpoint, or a stronger closed model while preserving the same preprocess-
ing, prompting, and evaluation strategy.

C. Reproducibility Checklist

To improve reproducibility, the following items should be tracked:
1) model checkpoint name and version,

2) image preprocessing configuration,

3) prompt template version,

4) decoding parameters,

5) CLIP threshold,

6) refinement cap,

7) escalation rules, and

8) dataset split and image identifiers.

Without these details, repeated experiments may appear inconsistent for reasons unrelated to the underlying research question.

D. Scalability Outlook

If the system were to be scaled to thousands of images, the main concerns would be GPU throughput, storage of logs and
outputs, and reviewer interface quality. Batching, model quantization, and asynchronous evaluation could help reduce latency.
However, scaling also increases the importance of failure triage, because even rare errors become frequent in absolute terms
at large volume.

XII. ETHICAL CONSIDERATIONS AND RESPONSIBLE USE

Any system that generates interpretations of images raises ethical questions. First, multimodal models may inherit biases from
web-scale training data. They may associate occupations, emotions, or social roles with demographic cues in problematic ways.
Even if the system is used only as an assistant, biased outputs can influence human judgment.

Second, context understanding can easily slide into over- interpretation. Inferring what a person is doing is one thing; inferring
intent, personality, or private state is another. This paper therefore emphasizes cautious phrasing and explicitly discourages
strong unsupported claims. The system should describe what is visible and clearly mark uncertain inference. Third, visual
interpretation tools could be misused in surveillance-heavy or privacy-sensitive contexts. A system designed for benign
annotation or accessibility could be repur- posed for intrusive monitoring. For this reason, any practical deployment should
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define scope, consent, and logging policy carefully.

Fourth, the appearance of fluency can create false confi- dence. Users may trust a polished model output more than they should.
This is why human supervision remains a central design principle in the present work, especially for high- stakes domains
such as healthcare, law enforcement, safety inspection, or emotionally sensitive content moderation.

XIII.  LIMITATIONS

The limitations of this study should be stated clearly.

The dataset is small and was chosen for manageability rather than statistical representativeness. As a result, the re- ported
results should not be interpreted as general benchmark numbers. The scene categories are broad, and the image set is likely
biased toward web-visible content rather than specialized domains.

The evaluation strategy mixes automatic scoring with qualitative review. This is appropriate for a workflow-focused prototype,
but it does not provide the same statistical rigor as a large controlled user study. In particular, the consistency metric based on
CLIP is itself model-dependent and may not perfectly reflect semantic agreement.

The system uses English prompts and English outputs only. Multilingual behavior was outside the scope of the current
work. The project also does not include large-scale fine-tuning, retrieval augmentation, or domain-specific adaptation, so
its performance in specialized fields such as medicine, satellite imagery, or industrial inspection should not be assumed.
Finally, the refinement loop is bounded at three iterations for practical reasons. This cap works well enough operationally,
but it is not theoretically optimal. Some difficult images may require a stronger evaluator, external knowledge, or human
involvement rather than more prompt iterations.

XIV.  FUTURE SCOPE

There are several promising directions for future work.

A natural next step is to extend the system from single images to short videos. Temporal context would help disambiguate
many scenes by revealing motion and action progres- sion. A person holding a pan could be cooking, washing, or simply
posing; a short video often resolves such uncertainty immediately.

Another direction is lightweight domain adaptation. Meth- ods such as LoRA [20] make it possible to adapt language- heavy
systems without retraining the entire backbone. A domain-adapted context-understanding pipeline could become useful in
specialized settings such as retail shelf analysis, edu- cation, laboratory documentation, or manufacturing inspection.

A third direction is to replace the heuristic evaluator with a learned critic trained to predict human agreement or error
likelihood. This would make the refinement loop more princi- pled. Similarly, retrieval augmentation could help the system
interpret culturally specific symbols, artifacts, or scene types by consulting a small task-specific knowledge base.

On the human side, the review interface deserves more attention. A side-by-side interface comparing multiple candidate
descriptions, highlighting uncertain phrases, and showing dis- agreement signals could improve reviewer speed and
accuracy. This is a systems problem with significant practical value.

Finally, future work could explore multilingual outputs, multimodal explanation traces, and stronger fairness auditing. These
additions would help move the pipeline from a useful prototype toward a more robust general-purpose assistant.

XV. CONCLUSION

This paper presented an extended study of a practical pipeline for vision-based context understanding using multi- modal
Al The central idea was not to replace all human judg- ment with a single powerful model, but to build a controllable
workflow around a frozen vision-language backbone. By combining structured prompting, lightweight evaluation, metadata
logging, and a bounded refinement loop, the proposed method achieved strong efficiency gains over a manual workflow
while preserving acceptable factual consistency for common scene categories.

The results show that multimodal Al is already very effective as a first-pass assistant for everyday visual interpretation. On
common indoor, outdoor, and activity-centered images, the system is fast and often informative. At the same time, the work
makes clear that context understanding remains fragile in the presence of ambiguity, cultural specificity, unusual composition,
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emotional subtlety, and artistic abstraction. These are precisely the cases where human supervision continues to matter most.
A broader lesson of the project is that practical multimodal performance is shaped not only by the backbone model but also by
the surrounding engineering choices. Prompt struc- ture, refinement policy, logging discipline, quality checks, and escalation
rules all materially affect the usefulness of the system. For B.Tech students and early-stage researchers, these components are
attractive research targets because they can be improved without requiring large-scale training resources.

In that sense, the main contribution of this paper is twofold. Technically, it offers a reproducible system-level pipeline for
context-aware image interpretation using multimodal Al. Practically, it documents the workflow lessons, trade-offs, and
limitations encountered during repeated real use rather than only benchmark-style evaluation. The study therefore argues for a
balanced position: multimodal Al is already a valuable operational assistant for large-scale visual understanding tasks, but
reliable deployment still depends on careful orchestration and meaningful human oversight.
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