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1. Executive Summary

This project develops a video understanding system based on multimodal Large Language
Models (LLMs). We frame the video understanding ability to be able to perform specific tasks
such as captioning and visual question answering (VQA) depending on the video provided.
Therefore, our main goal is to develop a system using LL.Ms with aforementioned capabilities. In
addition, as a basis for data we used CapERA dataset, a dataset with captioned Aerial Videos and
set an objective to extend this dataset to extend the understanding not only to Aerial Video but
also action recognition. These were our two main objectives.

To achieve these objectives, we experimented and designed 2 setups of training LLMs. First is
based on using the non-visual part, decoder part, of the models. This setup inputs not videos but
sampled frames processed into feature vectors via CLIP and custom Multi-Layer Perceptron. The
second setup uses the built-in visual pipeline of existing models such as GIT and Gemma-3-4b.
For VQA, we decided to use the simple first setup but adapted the input to include the question
tokens too. We have developed and trained 4 decoder-only and 2 built-in setups for captioning
with decent metric scores. To be exact, the evaluations have shown CIDEr scores in ranges from
0.65 up to 0.86.

Before training the models, however, to facilitate both captioning and VQA tasks, we created a
single multimodal dataset containing all 1,500 manually generated captions from the
UAVHuman dataset combined with the CapERA dataset. This resulted in a combined caption
dataset of 4,364 total videos. Upon completion of the merged dataset, a VQA dataset was
developed over the top of it. Ultimately, this produced 10,711 QA (question/answer) pairs with
an average of 2.45 QA-pairs per video. Therefore, the project delivers not only a video
captioning pipeline, but also a broader framework for multimodal video understanding.

The project fits into the whole computing-solution lifecycle: it creates two architectural
approaches (decoder-only with a custom temporal encoder and end-to-end fine-tuning with a
built-in visual pipeline), implements them across six model configurations with a shared training
and inference codebase, and tests them using standard captioning metrics on held-out test data,
along with VQA metrics and user feedback.

To wrap it all under a testable and observable result, we deployed the inference into a serverless
backend and wrapped it in an interface.

2. Introduction

Videos are one datatype that can be very dense in data due to the sheer size of files even though
it takes only a few seconds. The size only gets bigger the more precision in visual quality we
want. In addition, videos are prone to human error. Most people are most likely to miss some
detail or give wrong answers when asked simply because of association and visual perception
biases they form depending on the content consumed. Thus video understanding applications can
be crucial assistants in data correction, by providing an assistant to double check or process large
amounts of data faster than it is manually done. This project is significant for such use cases
because it develops a general training, testing and evaluation setup to develop video systems



capable of classifying threats on videos, simply put do surveillance in higher throughputs. It can
be reframed to any task provided that sufficient data is given.

As described above, our solution has 2 setups, decoder-only and built-in, that can be adapted to 2
tasks (captioning and VQA) and trained and evaluated on 2 datasets (original CapERA and
CapERA extended with UAVHuman). The extended dataset is generated using the same
technique described in Bashmal et al. and transformed into a QA dataset by generating the
question and answers from the captions. This paper will: identify the constraints we faced,
provide brief literature review on the existing approaches, describe the approach and execution
of the project, describe and show evaluations, and conclude with future prospects.

3. Identification of Constraints

The project was affected by a number of different types of constraints that all had an effect on
design, implementation, deployment, and operation.

Economic. The main economic problem was the cost of GPU computing. It takes a lot of GPU
memory to train multimodal video models, and cloud GPU time is charged by the hour. This
directly influenced the choice of models (smaller ones like T5-small and Gemma-3-270M when
possible), the training strategy (LoRA instead of full fine-tuning on Gemma-3-4B and GIT), and
the number of frames sampled per video (48 instead of dense sampling). It also made it so the
team could only do a certain number of ablation runs.

Environmental. Training and fine-tuning big models uses a lot of electricity, which means that
carbon emissions happen at the datacenter level. To lessen their impact on the environment, the
team chose parameter-efficient fine-tuning, cached CLIP features once and used them again and
again, and didn't do unnecessary retraining. These choices lower costs and energy use, but they
also limit the search for other architectures.

Social. The system works with videos of people and is positioned as a tool for tasks like finding
threats through surveillance. There is a social risk of misuse with this, such as monitoring certain
groups too closely or automating decisions that should be made by people. The team dealt with
this at the design level by making the system an assistant that checks human judgment instead of
replacing it and only using publicly available datasets that have been used in academic research.

Legal and political. Different places have different rules for surveillance-adjacent Al, and some
pretrained models can't be exported or used. The project relies on publicly accessible datasets
(CapERA, UAV-Human) and openly licensed models (Gemma, Qwen, GIT, T5, CLIP). The
licenses were followed, and the work was limited to academic research. A legal review that is
specific to the jurisdiction would be needed for a production deployment, which is not in the
scope of this.

Ethical. When you work with videos of people doing things that can be identified, it raises
privacy issues. Also, captions and answers that are automatically generated can be wrong or
biased in scenes that aren't clear. The team utilized datasets in which subjects consented to
research utilization, produced alternative captions via a filtering pipeline that verifies semantic



fidelity, and identified the hallucination risk in the Future Work section. The system has bias
because it uses pretrained models like CLIP, SigLIP, and LLMs, and it can't be completely
removed at this scale.

Safety and health. Real threat detection systems like this one would have safety risks because
they could miss threats on one side and wrongly accuse people on the other. The current system
is a research prototype and should not be used in situations where safety is important.

Sustainability. Beyond environmental cost, sustainability also covers maintainability. The
decoder-only pipeline was designed to be modular: the temporal encoder, projection layer, and
backbone LLM are each swappable, so the system can be updated as stronger models are
released without rewriting the training loop. This extends the useful lifetime of the codebase.

Collectively, these constraints produced a central trade-off: the decoder-only approach is cheap,
fast to train, and more accessible to resource-constrained teams, but it trades some caption
quality compared to the built-in visual pipeline. The project mitigates this by providing both
approaches so downstream users can choose based on their own constraints.

4. Background and Related Work

The survey on video understanding describes multiple approaches to designing video
understanding LLMs such as LLM as decoder/summarizer/regressor and others, even though
early focus was typically on assigning one class label to a short video clip (Tang et al., 2024). We
use the LLM as a decoder setup, since the more tightly coupled integration of visual
understanding with language generation is more advanced and prone to error. Even the built-in
visual pipelines use this setup for its simplicity even though the handling is different from the
usual LLM as decoder setup. However, current reviews on video based large language models
indicate that there is an increasing trend towards tightly integrating visual understanding with
language generation capabilities so that models can describe actions, track events as they occur
over time and respond to open ended questions about video content (Tang et al., 2024).

The need for strong visual-language alignment before inputting features into a language model is
supported by the example of Video-LLaVA (Lin et al.,, 2024) Lin et al. demonstrated that
misaligned visual features can lead to very inconsistent and semantically weak outputs. This
motivated the design of a custom MLP projection module for each model to map the
CLIP-extracted video feature into the embedding space of the corresponding LLM. The MLP is
the explicit alignment layer for the decoder-only setups.

Wang et al. signified the importance of data quality and scale by finding that simply increasing
the sheer volume of data does not resolve the issue of low correspondence between the video
content and the text (2024). This observation directly impacted the captioning methodology and
dataset construction pipeline in this project, forcing us to be more careful.

Domain-specific challenges are addressed by CapERA (Bashmal et al. 2023), a dataset
containing captioned aerial UAV videos. The videos have distinct difficulties such as the small
scale of humans relative to their surroundings, dynamic camera position, and environmental



conditions. But they also introduce a methodology for generating captions, using paraphrasing
and back-translation. We too adopt the same methodology when extending the dataset with
UAV-Human videos, ensuring consistency in caption quality and diversity across both sources.

To sum up, these works point to 2 core requirements: capable vision encoder, and a
well-designed alignment layer. The decoder-only approach was selected due to being fairly
simple to implement and adapt and integrate with the core requirements, using CLIP as a vision
encoder and a custom MLP as projection layer. The build-in pipeline approach, using GIT (Wang
et al., 2022) and Gemma-3-4B serves as a higher quality comparison point as these models
handle alignment internally through architectures specifically designed for multimodal
generation.

5. Project Approach

System Overview

The system is a multimodal video understanding pipeline that takes a video as input and
produces either a natural language caption or an answer to a question about the video. At a high
level, the system has four main components: a feature extraction stage, a projection layer, a
language model, and an inference backend with a frontend interface. These components are
connected in sequence. Video frames are first encoded into numerical feature vectors, those
vectors are projected into a format the language model understands, and the language model then
generates text output. The backend exposes this pipeline through an API, and the frontend allows
a user to upload a video and receive a response.

Hardware and Compute Constraints

Training was conducted on NVIDIA A100 and L4 GPUs accessed through cloud computing. The
A100 (40GB VRAM) was used for training larger models such as Gemma-3-4B, while smaller
models like T5-small and Qwen2.5 were trained on fewer resources. Inference is served on a
single L4 GPU via Modal, a serverless cloud platform. These hardware constraints directly
influenced several design decisions: the number of frames sampled per video was kept low (4—8
frames), large models were fine-tuned using LoRA rather than full fine-tuning, and smaller
model variants were preferred where possible.

Third-Party Components and Their Integration

The project relies on several pre-built models and libraries that the team did not implement from
scratch:



CLIP (ViT-L/14) - developed by OpenAl, CLIP is a vision encoder trained on image-text pairs. It
was used to extract visual features from sampled video frames. The team integrated CLIP using
the OpenAl CLIP library, passing frames through the encoder and averaging the resulting feature
vectors across frames (mean pooling) to produce a single fixed-size representation per video.

T5-small - a small encoder-decoder language model developed by Google. It was integrated in
decoder-only mode for captioning and adapted for VQA by feeding video features through a gate
mechanism alongside encoded question tokens.

Microsoft GIT (Generative Image-to-Text Transformer) - a vision-language model developed by
Microsoft that includes a built-in CLIP-ViT visual encoder. It was used in two ways: with its
visual pipeline bypassed (decoder-only setup) and end-to-end with its native visual pipeline
(built-in setup).

Owen2.5 - a decoder-only language model developed by Alibaba. It was used in the
decoder-only captioning setup, with a custom MLP added to map CLIP features into its
embedding space.

Gemma-3 - a family of language models developed by Google DeepMind. The 270M variant
was used in the decoder-only setup. The 4B variant was used in both setups and, due to its size,
was fine-tuned using LoRA. Gemma-3-4B uses a SigLIP vision encoder in its built-in pipeline
and distinguishes visual from text tokens using token type IDs.

LoRA (Low-Rank Adaptation) - a parameter-efficient fine-tuning technique implemented via the
Hugging Face PEFT library. Instead of updating all model weights, LoRA inserts small trainable
matrices into the attention layers, drastically reducing memory usage and training time. It was
applied to Gemma-3-4B and GIT in the built-in pipeline setup.

Hugging Face Transformers - the primary library used to load, configure, and fine-tune all
language models. It provided tokenizers, model classes, and training utilities.

Modal - a serverless cloud platform used to deploy the inference backend. It handles GPU
provisioning, container startup, and request routing without requiring a permanently running
server.

FastAPI - a Python web framework used to build the three inference endpoints (/health, /caption,
/vqa).

Approach 1: Decoder only setup

In this setup, if there is an internal visual pipeline of the model, it is bypassed entirely. We use
CLIP ViT-L/14 to extract features from 8 sample frames per video, these features are
mean-pooled to produce 1 vector per sample frame. Before projecting features into the LM, they



are processed by a temporal encoding module, we used Bottleneck CNN and Transformer.
Bottleneck CNN compresses the feature dimension to smaller bottleneck size, and applies
convolution across the time axis for local patterns. Then Transformer applies self-attention
across frames to capture long-range dependencies in the relationship between frames. Then the
output is then mapped to LLM embedding space via Multi-Layer Perceptron. The projected
features are prepended to the text tokens and become an input to the language model’s decoder.
Despite the general approach being similar, each model has special features which require
different handling of inputs. GIT uses causal attention masks so that text tokens can attend to the
visual tokens, while Gemma-3-4B uses token type ids to distinguish between visual and text
tokens; And T5-small is a text-only model.

Overall this approach is very cheap, but it trades off quality for simplicity. The reason is the
language models were not initially trained to perceive features in this format. For instance,
Gemma-3-270m and t5-small are text only LLMs, while GIT and Gemma-3-4b have their own
visual pipeline.

For VQA, this setup was reused with a slight modification of input. The tokens for question’s
text were appended after the video features tokens, and both were label masked during loss
computation.

Text-decoder approach for video understanding
CLIP video features - temporal encoding - MLP projection - LLM embedding space

Projected embeddings

Video input CLIPvisual ~ CL7F2= potyieneck Temporal Custom MLP LLM

Raw frames

— tower CNN —  Transformer —————— — text decoder

Maps to LLM

Long-range attention embedding space A

Mean-pool over frames Local patterns

HybridBCNNTransformer (custom)

Feature extraction Temporal encoding (custom) Projection layer Language model




Pre-extracted video features
[B, T, 768] from .pkl - no image encoder

Y

HybridBCNNTransformer
bottleneck CNN + transformer - temporal encoding

Feature projector > d_model
Linear > GELU - LayerNorm - Linear

' y

Gemma-3-270m T5-small

Question tokens
vid Q A > T5 encoder
~100 | 100 | loss ~100 | -100 | loss I}
vid Q hidden
\I/ \I/ gateo encoder out

GIT transformer body Gemma causal LM body \|/
causal mask - custom beam LoRA r=16 - bfloat16 AMP T5 decoder

teacher-forced - beam=5
LM head > answer LM head > answer %

LM head > answer

Approach 2: Built-In Visual Pipeline

In this setup, raw video frames are input into the models as intended. GIT processes 6 frames
through a built-in CLIP encoder which produces visual patch tokens. The visual patch tokens are
then passed through its GPT-2 based transformer decoder. Gemma-3-4B, on the other hand,
processes 4 frames through SigLIP, producing 256 image tokens for each frame. Then, the image
tokens are concatenated with text tokens and passed into the language model. Both models were
fine-tuned using LoRA, This approach is much more expensive and compute hungry to train but
produces higher quality captions because the visual encoding and language generation are both
fine-tuned on the target domain.
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CLIP ViT image encoder (shared weights)
patch_size=16 > 142+1= 197 patch tokens per frame

!

Temporal embedding o Position embedding
l frame-index offset extended to 1310 positions |

|

1182 visuval tokens text tokens

‘ x 6 frames

(142+1) x 6 frames - no loss computed cross-entropy loss

GPT-2 causal language model
LoRA r=16 on g/k/v - top-2 VIiT layers unfrozen - Is=0.1

| Caption prediction |

greedy (train) - beam=4 (final eval)

Loss: logits[:, n_img:-1,:] — visual token positions are skipped

Frame 1 Frame 2 Frame 3 Frame 4
224x224 224x224 | 224x224 224x224

l

SigLIP vision encoder (frozen)
Google's improved contrastive image encoder

l

Multi-modal projector
256 image tokens per frame - 1024 total

l

‘ x 4 frames

1024 tokens - 4 frames masked (-100) type=0-loss ™

image tokens (type=1) prompt caption

< image + prompt masked (labels = -100) : loss computed >

l

Gemma-3-4B language model
LoRA r=16 on g/k/v/o projections - vision encoder frozen

l

Caption prediction
greedy (train) - beam=4 (final eval)

token_type_ids (O=text, 1=image) — required in model() and generate()

Dataset Construction and Preparation

In order to help us work on the Video Captioning model, we developed a unified multimodal
dataset by integrating our own annotated version of UAVHuman into the CapERA dataset. In
developing this dataset pipeline, there were four stages involved.



The first stage was manual captioning. A total of 1500 videos from UAVHuman were manually
captioned in order to develop grounded primary captions. Next, to improve the diversity of
captions, we duplicated the method used in CapERA. For each primary caption, we generated 10
possible alternative captions: five paraphrased captions using an LLM (gpt-5.4 in our case) and
five back-translated captions from multiple languages (french, german, spanish, italian and
russian). Next, we chose the five most suitable of the ten options using a filtering pipeline that
utilized a combination of semantic similarity and diversity metrics. This allowed each video to
be paired with multiple valid descriptions while keeping the captions faithful to the original
visual content.The filtering code uses sentence embeddings and a Maximal Marginal
Relevance-style selection strategy to keep the alternatives both relevant to the primary caption
and different from one another.

Next was standardizing and merging UAVHuman dataset and feature extraction. Visual features
were extracted using 8 frames per video to match the data structure used in the CapERA dataset.
This resulted in both datasets being able to share a common training and testing pipeline. The
resulting merged dataset had 1500 captioned UAVHuman videos and 2864 captioned CapERA
videos for a total of 4364 videos, with each video having one primary and 5 alternative captions.

COMPOSITION OF THE COMBINED CAPTION DATASET

UAVHuman

Overall — 1,500 (34.37%)
Train — 1,200 (27.50%)

4 364 @ Test — 300 (6.87%)
H

total videos CapERA
. Overall — 2,864 (65.63%)

Train — 1,473 (33.75%)
@ Test —1,391(31.88%)

Finally, as the project evolved and as we added VQA capabilities to our model, it also needed a
dataset. The VQA dataset was constructed from the merged dataset constructed earlier. All
question/answer pairs were generated using gpt-5.4, directly from the primary captions. Using
information from the primary caption 5 types of questions were generated, which are: action,
object, location, interaction and number. Unsubstantiated/hallucinatory questions were removed,
duplicate pairs were eliminated, and remaining pairs were reviewed for consistency. The final
VQA set is composed of 4364 videos and 10711 question/answer pairs with an average of 2.45
questions per video.



DISTRIBUTION OF QUESTION TYPES
DATASET STATISTICS

action 3,819 (35.65%) Videos 4,364
Total QA pairs 10,711

object 3,416 (31.89%)
Avg. questions [ video  2.4544

location 2,505 (23.39%) Median questions [ video 3.0

Min questions [ video 1

interaction 568 (5.30% . i
( ) Max questions [ video 6

number 403 (3.76%)

0 1k

Number of Questions

Overall Workflow

A video enters the system and is decoded into individual frames. A fixed number of frames are
sampled uniformly. In the decoder-only setup, these frames are passed through CLIP and the
resulting features are averaged and projected via MLP. In the built-in setup, raw frames are
passed directly to the model's visual encoder. The resulting visual representations are combined
with text inputs (a prompt for captioning, or a question for VQA) and fed into the language
model decoder, which generates output token by token. During inference, this entire pipeline
runs inside a Modal container and is triggered via a POST request to the FastAPI backend.

6. Project Execution
Semester 1

The project began with researching the GIT and Gemma 3 and datasets in parallel, and
experimenting with straightforward integration approaches. We started manually captioning
UAV-Human videos, initially completing 1000 captions by the end of first semester. Early on, the
first challenge was that the videos varied in content so the captions the team members were
writing was varying in level of detail and format. We established how it would be written and
formatted before continuing. This was time consuming but necessary, as the correspondence of
data is very important for captions.

When it comes to experimenting with GIT and Gemma-3 using their built-in visual pipeline and
using them as-is, we encountered a problem. Even though our setup ran without errors,
captioning quality was very poor. The correct way to structure inputs, handle the maskings, loss
computations for video captioning were not straightforward, especially with GIT since its
implementation in the transformers library was incompatible with new versions and later on we
figured a way to fix it but not in this semester. The progress stalled at this point but we made an



effort to learn and try out new things like LoRA. Although it did not produce practical results, it
gave a working foundation to build the correct training pipeline.

Semester 2

Following discussion with the advisor, we reframed the approach. Instead of using the internal
visual pipeline, we decided to bypass them entirely and feed pre-extracted CLIP features into the
model decoder. It significantly simplified the setup and made the approach a little bit more
model-agnostic. It allowed us to focus on getting one clean pipeline to work right.

At the start of the semester, the responsibilities were divided in two. Dataset group and model
group. The dataset was expanded to 1500 videos. After the original 1500 primary captions were
generated using the same methodology as previously outlined (CapERA-style), five paraphrases
and five back-translations were added to each. From these ten alternatives, the five best ones
were selected based on semantic similarity & diversity through a filtering pipeline. The
UAV-Human subset was then standardized, merged with CapERA, and used as the basis for the
final VQA dataset. One of the major problems encountered at this point was creating a consistent
captioning format. Since there were multiple contributors to the manual captioning of the
original video frames, the original captions included varying amounts of detail, were of variable
length and often included spelling errors along with minor variations in formatting conventions.
Thus, processing and cleaning all 1,500 captions became a very significant portion of our overall
task since the quality of the additional captions depended upon the quality of the original
captions. Another decision we had made was in the methodology of constructing the VQA
dataset. Since we were nearing the end of the semester when adding VQA to our model, we went
with a much quicker data build methodology, by only using the main caption for creating all the
questions. It allowed us to complete this part of the project within the project time frame,
however, as a result the VQA dataset produced was less complex than most other QA type
datasets created from more detailed annotations or through multiple steps of editing.

The model group implemented the decoder-only pipeline across four models. Each with different
handling of masking and token structures. The team also designed and implemented the custom
HybridBCNNTransformer temporal encoding module, which processes CLIP features through a
bottleneck CNN for local patterns and a Transformer encoder for long-range dependencies
before projection into the LLM. This module was built to be swappable, allowing the team to
experiment with different temporal configurations during training. The same decoder-only
architecture was then adapted for VQA by appending question tokens after the video
embeddings. The built-in pipeline experiments with GIT and Gemma-3-4B using LoRA were
run as a second approach, producing the best overall results with CIDEr scores reaching 0.86.

Both groups collaborated on the inference backend and frontend. The Modal serverless backend
and FastAPI endpoints were built and tested together, and the local JavaScript frontend, covering
chat, metrics, and project information, was developed jointly. Evaluation and metric analysis
were also shared across the team.



What Went Well

The decision to pivot to the decoder-only approach early in semester two gave the team a
working, extensible pipeline quickly. The modular design of the temporal encoder meant
configurations could be swapped without rewriting training code. The dataset pipeline, once the
captioning quality issues were resolved, produced a clean and well-structured combined dataset
that supported both tasks.

What Was Difficult

Getting the training pipelines right for each model took significantly longer than expected,
particularly around attention masking and loss computation. The captioning inconsistencies in
semester one added unplanned cleaning work. The VQA dataset, while functional, was
constrained by the time available and is simpler than comparable benchmarks. Hardware
limitations throughout the project restricted the number of training runs and configurations that
could be tested.

7. Evaluation

To evaluate whether the system successfully solves the problem, we adopted a standard suite of
natural language generation metrics used in video captioning literature. The suite includes
BLEU-1-4, CIDEr, METEOR and ROUGE-L. These metrics were computed with references to
all five human-annotated reference captions provided in the CapERA test set. A system that
scores well across these metrics, particularly on CIDEr which is specifically designed for
captioning tasks, can be considered to have learned describing aerial events.

Our first approach produced strong results across all four models. On the original test set,
Microsoft/GIT achieved the highest BLEU scores (BLEU-4: 0.3945, CIDEr: 0.7640), while
Gemma-3-270M led on METEOR (0.4230) and produced competitive CIDEr (0.7418),
indicating richer semantic overlap with human references. T5-small proved surprisingly
competitive given its size (CIDEr: 0.6705, BLEU-4: 0.3374), and Qwen2.5 performed
consistently if slightly below the others. Training on the extended dataset (which added data
augmentation and more caption variety) yielded broadly similar results, with Gemma-3-4B
emerging as the strongest on METEOR (0.4065) and CIDEr (0.7040), confirming that larger
language models better capture the descriptive style of human annotators even with fewer
training epochs.

Our second approach, fine-tuning GIT and Gemma-3-4B end-to-end on raw video frames
through their built-in visual pipelines with LoRA, produced the best absolute numbers overall:
Gemma-3-4B reached CIDEr 0.8640, BLEU-4 0.2110, METEOR 0.2189, and ROUGE-L
0.4560, while GIT reached CIDEr 0.8319 and ROUGE-L 0.4573. The CIDEr improvement from
~0.76 to ~0.86 for GIT and ~0.70 to ~0.86 for Gemma-3-4B between the two approaches
demonstrates that end-to-end visual fine-tuning, when stabilized with LoRA and proper gradient
clipping, extracts richer aerial-domain representations than decoupled feature extraction.



CAPTIONING RESULTS ON THE ORIGINAL CAPERA TEST SET.

Model B-1 B-2 B-3 B-4 CIDEr METEOR ROUGE-L
T5-small 0.5855 04738 03955 03374 0.6705 0.1920 0.4092
Microsoft/GIT 0.6550 0.5401 04575 03945 0.7640 0.2319 0.4355
Gemma-3-270M 03184 0.1972 0.1328 0.0870 0.7418 0.4230 0.4238
Qwen2.5 0.2688 0.1600 0.1061 0.0684  0.6581 0.3793 0.4007

CAPTIONING RESULTS ON THE EXTENDED CAPERA TEST SET.

Model B-1 B-2 B-3 B-4 CIDEr METEOR ROUGE-L
T5-small 0.5857 04750 03983 03419 0.649%4 0.1964 04112
Microsoft/GIT 0.6743 0.5516 0.4657 04011 0.7270 0.2154 0.4192
Gemma-3-270M 03040 0.1929 0.1351 0.0923  0.6535 0.3843 0.3875
Gemma-3-4B 0.3166 0.2005 0.1424 0.1002  0.7040 0.4065 0.4093

CAPTIONING RESULTS USING BUILT-IN VISUAL PIPELINES (RAW VIDEO

FRAMES).
Model B-1 B-2 B-3 B-4 CIDEr METEOR ROUGE-L
Microsoft/GIT  0.489 03701 0.2722 0.2268 0.8319 0.2180 0.4573
Gemma-3-4B 0.527  0.387 0.291 0.211 0.8640 0.2189 0.4560

VOA evaluation using manual testing. Instead of using reference-based automatic metrics, the
team conducted systematic manual testing to evaluate the VQA pipeline qualitatively. This
decision was made on purpose: the VQA dataset was created towards the end of the second
semester, and since its responses come from primary captions rather than direct video inspection,
standard exact-match and F1 scores against these references would primarily measure agreement
with caption-derived answers rather than true video comprehension. Future Work prioritizes
metrics like ANLS and BERTScore that are more appropriate for free-form VQA.

Each of the four team members used the deployed frontend to upload a variety of videos for
manual testing, which included both unseen clips and videos from the CapERA and UAV-Human
test splits. They then asked questions that covered all five of the question types in our dataset
(action, object, location, interaction, and number). We evaluated each response based on three
factors: whether it was based on the video content rather than being a hallucination; whether it
was relevant to the question; and whether it used natural language fluently. For action and object
questions, where the answer space is strictly limited by the training captions, responses were
consistently grounded and on-topic across most models deployed on the backend (T5-small, GIT,
Gemma). Questions about locations also did well. The weakest category was interaction and
number questions; responses were still coherent and believable, but they were frequently vague
or insufficiently detailed. This is consistent with the restriction that the training signal for these
question types comes from brief primary captions rather than in-depth annotations. The



Appendix contains representative samples of each circumstance. The deployed frontend was
used during development by the team, not by outside evaluators. A formal user study is listed as
a priority extension in Future Work.

Revised Section 8: Conclusion and Possible Future Work
Summary of findings and Contributions

We successfully developed a video understanding system capable of two tasks: video captioning
and visual question answering. The work produced two concrete contributions. Firstly, a dataset
with 4,364 videos with captions and 10,711 question-answer pairs. Secondly, a modular training
and inference pipeline that was tested across six configurations and two distinct strategies.

The most significant technical finding was that end-to-end fine-tuning with the built-in visual
pipeline consistently outperforms the decoder-only approach. Gemma-3-4B with its native
SiglLIP encoder reached a CIDEr score of 0.86, compared to 0.70 when trained in the
decoder-only setup. GIT showed a similar improvement, rising from 0.76 to 0.83. These results
can be explained by the fact that jointly fine-tuning the vision encoder and language model on
the target domain extracts richer representations. However, the decoder-only approach is still
fairly competitive and significantly cheaper to train, making it a practical baseline for
resource-constrained settings.

Future Work

Priority evaluation extensions. Two evaluation gaps in the current work should be addressed first
in any continuation. First, a quantitative VQA evaluation using semantic-aware metrics such as
ANLS and BERTScore, alongside exact match and token F1, would make the VQA pipeline's
quality directly comparable to published benchmarks. To avoid the circularity noted in Section 7,
this evaluation should be run against a held-out QA set generated from detailed annotations
rather than from primary captions. Second, a structured user study in which external participants
upload videos through the deployed frontend, receive captions and VQA responses, and rate
relevance, fluency, and usefulness on a short questionnaire would provide evidence of practical
utility that automatic metrics cannot capture.

Dataset improvements. The most immediate improvement to the underlying data is richer VQA
annotations. Because questions in the current dataset were generated only from primary captions
rather than from direct video observation, the resulting QA set is simpler than established VQA
benchmarks. Future work should generate questions from more detailed annotations so that
interaction and number questions - the weakest categories in our manual testing - are supported
by a stronger training signal.

Model improvements. Stronger visual encoders specific to the aerial-video domain could improve
performance, since most current models face the UAV challenges described in Section 3. With
more compute available, a systematic comparison of temporal encoding configurations beyond



the BCNN + Transformer combination we used would be worthwhile, as would experiments
with more advanced alignment layers such as cross-attention in place of a single MLP projection.

Additional tasks. Beyond captioning and VQA, the pipeline could be extended to other video
understanding tasks. Event detection, where the system identifies salient moments or transitions
within a video, and temporal retrieval, where the system locates the time at which a queried
event occurs, are natural next steps given the same backbone architecture.



9. References

Bashmal, L., Bazi, Y., Al Rahhal, M. M., Zuair, M., & Melgani, F. (2023). CapERA: Captioning
events in aerial videos. Remote Sensing, 15(8), 2139. https://doi.org/10.3390/rs15082139

Lin, B., Ye, Y., Zhu, B., Cui, J., Ning, M., Jin, P., & Yuan, L. (2024). Video-LLaVA: Learning
united visual representation by alignment before projection. Proceedings of the 2024 Conference
on Empirical Methods in Natural Language Processing. Association for Computational

Linguistics. https://doi.org/10.18653/v1/2024.emnlp-main.342

Li, T, Liu, J., Zhang, W., Ni, Y., Wang, W., & Li, Z. (2021). UAV-Human: A Large Benchmark
for  Human Behavior Understanding with Unmanned Aerial Vehicles. arXiv.

https://doi.org/10.48550/arXiv.2104.00946

Mou, L., Hua, Y., Jin, P., & Zhu, X. (2020). ERA: A Dataset and Deep Learning Benchmark for
Event Recognition in Aerial Videos. arXiv. https://doi.org/10.48550/arXiv.2001.11394

Tang, Y., Bi, J., Xu, S., Song, L., Liang, S., Wang, T., Zhang, D., An, J., Lin, J., Zhu, R.,
Vosoughi, A., Huang, C., Zhang, Z., Liu, P., Feng, M., Zheng, F., Zhang, J., Luo, P,, Luo, J., &
Xu, C. (2024). Video understanding with large language models: A survey. arXiv.
https://arxiv.org/abs/2312.17432

Wang, Y., He, Y., Li, Y., Li, K., Yu, J., Ma, X., Li, X., Chen, G., Chen, X., Wang, Y., He, C., Luo,
P, Liu, Z., Wang, Y., & Qiao, Y. (2024). InternVid: A large-scale video-text dataset for
multimodal understanding and generation. International Conference on Learning Representations

(ICLR) 2024. https://doi.org/10.48550/arXiv.2307.06942

Wang, J., Yang, Z., Hu, X., Li, L., Lin, K., Gan, Z., Liu, Z., Liu, C., & Wang, L. (2022). GIT: A
Generative Image-to-text Transformer for Vision and Language.
https://doi.org/10.48550/arXiv.2205.14100



https://doi.org/10.3390/rs15082139
https://doi.org/10.18653/v1/2024.emnlp-main.342
https://doi.org/10.48550/arXiv.2104.00946
https://doi.org/10.48550/arXiv.2104.00946
https://doi.org/10.48550/arXiv.2001.11394
https://arxiv.org/abs/2312.17432
https://arxiv.org/abs/2312.17432
https://doi.org/10.48550/arXiv.2307.06942
https://doi.org/10.48550/arXiv.2205.14100
https://doi.org/10.48550/arXiv.2205.14100

10. Appendix

a Al Video Overview Dataset Use Cases Guidance

Demo made

Al-Powered Video Analysis : ‘

Text - Video - Both Structured answers

A playground for an Al pipeline that handles text prompts, video uploads, or

both. Built to finalize UX before connecting a real model trained on the UAV-

Human dataset. .

Y datsed Browser-only Prototype

MewBinag

® Model-agnostic ‘::’.v Composable UX
Designed to work with any video understanding stack. Swap the Modular components and clear state management allow quick
backend without redesigning the Ul iteration and changes

w Safety by default ¥ Fast iteration
Clear guidance and conservative assumptions keep the localStorage history and dummy answers enable rapid UX testing
experience consistent. without a backend.

What to build next

° When ready to replace dummy outputs, keep the UX states and swap the request/response layer.

a Al Video Overview  Dataset UseCases  Guidance

Training Data

UAV-Human Dataset

Our medel is trained on the UAV-Human benchmark — one of the most comprehensive aerial
human activity datasets captured by unmanned aerial vehicles. We extended it with manually
written captions for over 1,000 video clips, creating rich text-video pairs that teach the Al to

understand human behavior from a bird's-eye view.

on GitHub Try the model -

1,000+ 155 67,428 119

Manually captioned videos Activity categories Multi-modal samples Human subjects
What is UAV-Human? Our contribution
UAV-Human is a large-scale benchmark for human behavior We manually authored detailed natural language captions for over 1,000
understanding from aerial perspective. Captured using low-altitude video ¢lips from the UAV-Human collection. Each caption describes the
flying UAVs, the dataset covers diverse real-world scenarios including scene context, human actions, spatial relationships, and temporal
daytime, nighttime, and varying weather conditions across multiple progression visible in the clip.
environments. X i .

These text-video pairs form the training foundation for our Al model,

It includes annotations for action recognition, pose estimation, person enabling it to generate structured, context-aware descriptions of aerial

ra-idantification and attrihiita recaanitinn — makina it ana Af the richact fantane and racnand ta natiral lananana Anariac ahant vidan Fantent



AIVideo Overview  Dataset  UseCases  Guidance

Use Cases

Examples designed for the current Ul — text prompts, video uploads, and
hybrid inputs.

- @
Video summarization Event detection
Turn raw aerial footage into clean, structured Find specific moments matching a condition —
summaries with timeline and key moments. timestamps with evidence for each
occurrence.

Videa  Hybrid

Open Chat

Try in Chat &

Quality checks

Validate whether a video meets specific
requirements with pass/fail and improvement
tips.

Prompt  Mybrid Prompt
B ?
Explain what happened Instruction extraction Q&A on video content
Plain-English explanations for non-technical Convert tutorial videos into numbered steps, Ask targeted questions and get direct answers
users with simple terms. prerequisites, and warnings. with references to timestamps.
Hybrid video  Hybrid Prompt  Mybrid
a Al Video Overview  Dataset  UseCases  Guidance Open Chat +

Guidance

Best practices for writing prompts, uploading videos, and interpreting outputs.

Clear prompts Safe uploads Structured outputs

Prompt + Video combined Personal data and private info Clear, structured answers
Write better prompts Upload responsibly
Strong prompts lead to better outputs. Treat video as sensitive data by default
* Specify the output format (bullets, timeline, JSON structure) * Avoid faces, names, addresses, and ID documents,
® State the audience (beginner, expert, internal reviewer) *® Keep clips short and focused for better results.
* Define constraints (length, number of points, strictness), * Add a clear warning in the prompt for sensitive content.
* If you need timestamps, ask for them explicitly. * Production; add retention policy and deletion tools.
Interpret answers correctly Recommended output structure
Teach users what to trust and what to verify. A consistent format helps both Ul and users.
® Ask for evidence: timestamps, quotes, or visible cues. *® Short summary (2-3 sentences)

* Request multiple hypotheses for ambiguous content. * Key moments with timestamps



Al Video Chat ~ carTion Gemma v

people swimming in a pool in a treelined garden

swimming pools and a small lake with a big fish next to a small building

group of people swimming in swimming pool in yard surrounded by trees

Frontend pages

Cloar

History =

gemma  Caption

Swimming_047 .mpa

group

in yard surrounded by trees

f people swimming in swimming pool

What is going on here?

swimming pools and a small lake

fish next to a small building
aqwen  Caption
Swimming_047 .mp4

peaple swimming in a pool in a treelined
garden

What is happening in the video?

swimming pool

awen  Captian
Swimming_047 .mp4

people swimming in a ool in a treelined
garden

What is happening in the video?

swimming pool

What is happening in the video?




raramewer s wanue |1 neac ]

Name Description
question * "7 Question to ask about the video
tri , o .
? ”A"g What is happening in the video?
query)
model Model to use: 15
string
(query) 15
Request body i l multipartform-data v
video *
Choose File | Soccer_001 .mp4
string

[ e )

Responses

Curl
curl -X "POST" \
'https://ss:
-H 'accept: applica on" \

-H "Content-Type: multipart/form-data" \

e=video/mp4*

run/vgqa?question=What%20is%20happeningt2@8int2@thet2@videotIFimode

Server response

Code Details

Response body

is happening in the video?",

"answer”: "people are playing football in a stadium”,
“runtime_ms":

i

Calling Inference for t5 VQA from backend API



Name Description

question * Question to ask about the video
string
. Y T

T What is happening in this video?
model Model to use: t5 | gemma | git
string .
(query) git
Request body multipart/form-data ~

video * "

3 Choose File | Soccer_001 mp4
string

Responses

pplication/
multipart/form-data’ \
r_001 .mp4;type=video/mps’

Request URL

https://ssayat? caption-fastapi-app.modal. run/vqa7question=What%20is%20happeningA20in%20thisi2evidectk3Fsnodel=git

Server response

Code Details

20 Response body

ield surrounded by trees and adjacent to several other fields”,

Response headers

alt-svc: h3=":443"; ma=2592000

content-encoding: zstd

content-type: application/json

date: Wed,01 Apr 2026 11:31:45 GMT
modal-function—call-: 1KN4CZEIHISTTXTNVIRFRNYWH

vary: accept-encoding

Calling Inference for t5 VQA from backend API

Link to Repository:

https://github.com/saikodall/sp2025 vid llm/blob/main/README.md?plain=1

Extended Dataset:

https://drive.google.com/drive/folders/1nS5SRERy03z9BFveut7RkbwOfdOIWNVhd?usp=sharin
g



https://github.com/saikoda11/sp2025_vid_llm/blob/main/README.md?plain=1
https://drive.google.com/drive/folders/1nS5RERyo3z9BFvgut7RkbwOfdOlWNVhd?usp=sharing
https://drive.google.com/drive/folders/1nS5RERyo3z9BFvgut7RkbwOfdOlWNVhd?usp=sharing
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