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Abstract - Large language models (LLMs) have demonstrated
remarkable performance in natural language understanding, yet
their deployment for real-time semantic search and
recommendation tasks remains impractical due to significant
computational demands. This paper introduces a cost-efficient
framework for fine-tuning small-scale models tailored for high-
quality semantic movie recommendation. We leverage Gemma
3, a compact generative model, to produce enriched natural
language descriptions of movies from structured metadata, and
Granite Embedder, a lightweight transformer-based encoder, to
compute dense vector representations for semantic similarity
retrieval. Fine-tuning is performed using contrastive learning on
curated triplet datasets derived from public movie data sources,
enabling the model to learn meaningful semantic distances
between similar and dissimilar movie entries.

Our pipeline developed using Python with Hugging Face
Transformers, PyTorch, Qdrant supports end-to-end generation,
embedding, and retrieval of semantically similar movies. All
experiments were conducted on an AWS EC2 instance equipped
with a 24 GB GPU, allowing for efficient training and inference
at scale. We demonstrate a notable improvement in
recommendation quality, with Recall@10 increasing from 0.56
to 0.81, and mean cosine similarity between relevant movie
vectors improving from 0.43 to 0.72 after fine-tuning. A sample
system output, such as “If you enjoyed avengers:age of ultron,
you might love efernals for its mind-bending story and similar
sci-fi execution,” showcases the model’s contextual sensitivity
and domain-specific relevance. This research highlights a
scalable, low-cost alternative to large foundation models for
semantic search and recommendation tasks, effective as of June
2,2025.
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Models, Vector Embeddings, Cost-Efficiency.

1.INTRODUCTION

Large language models (LLMs) such as LLaMA [2] and GPT-
series architectures have revolutionized natural language
processing by excelling in diverse tasks including
summarization, question answering, and classification. However,
their high computational demands and general-purpose design
present challenges in domain-specific applications like movie
recommendation ~ systems, where nuanced  semantic
understanding is critical. These systems require models to infer
complex relationships between films based on genre, themes,
narrative structure, and viewer intent tasks that go beyond basic
metadata matching.

Traditional recommendation approaches, such as collaborative
filtering [5][6] and content-based methods [3][4], have laid a
strong foundation, yet they often lack the semantic depth required
to interpret user preferences in natural language. Full fine-tuning
of large-scale LLMs to adapt them to such tasks demands over
40 GB of GPU memory [2], rendering real-time, cost-effective
deployment impractical for most applications.

Recent studies have proposed integrating fine-tuned LLMs into
recommender pipelines to improve understanding of user intent
and preference diversity [11]. These systems benefit from models
that can interpret rich natural language queries and make
contextual inferences beyond rigid metadata. Additionally, fine-
tuning LLMs on domain-specific recommendation data, such as
synthetic conversational prompts or augmented movie
descriptions, has proven effective in bridging the semantic gap
between user language and item features [11].

This study introduces a resource-efficient framework for
semantic movie recommendation that leverages small,
specialized models fine-tuned using contrastive learning.
Specifically, we employ Gemma 3, a compact generative model,
to enrich structured metadata with natural language descriptions,
and Granite Embedder, a lightweight transformer-based encoder,
to produce dense vector embeddings for similarity search. These
embeddings are stored and retrieved using Qdrant, a high-
performance vector database optimized for semantic retrieval [8].
Fine-tuning is conducted on the pabliho/movie-dataset,
augmented into triplet format to teach the model semantic
distances between similar and dissimilar movies. All components
are integrated via a Python-based stack using Hugging Face
Transformers, PyTorch, and Qdrant, allowing efficient training
and inference on a single AWS EC2 instance with a 24 GB GPU.
Our approach yields a 45% increase in Recall@10 and a 67%
improvement in mean cosine similarity, demonstrating the
effectiveness of small-scale LLMs for real-world semantic
recommendation tasks as of June 2, 2025.

2. RELATED WORKS

Movie recommendation research spans several generations of
algorithms from collaborative filtering [5][6] and matrix
factorization [7] to content-based filtering [3][4] and hybrid
systems [9]. Early systems such as MOVREC [1] relied on
structured metadata like cast and genre, providing a rule-based
but shallow understanding of similarity. However, such systems
struggled with representing abstract aspects like mood or theme,
which are critical for high-quality recommendations.

More recent work has focused on enhancing metadata
representations to improve recommendation quality. Tuning
metadata (e.g., plot summaries, tag weighting) to reflect richer
content signals has shown significant benefits in content-based
recommendation accuracy [12]. These strategies are closely
aligned with our method, which generates enriched natural
language movie descriptions from raw metadata.

Meanwhile, the use of dense vector embeddings has become
central to modern recommender systems. Studies have shown
that cosine similarity between embeddings derived from
descriptive  text outperforms traditional feature-based
comparisons [3]. With the rise of transformer-based encoders,
models like the Granite Embedder can project movie descriptions
into high-dimensional semantic spaces, where relevant films are
located near each other [8].
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Contrastive learning has also emerged as a key technique for
optimizing similarity metrics in embedding space. By training on
curated triplets (anchor, positive, negative), models can learn to
semantically separate similar and dissimilar items [10]. This
method is particularly effective for recommendation tasks where
fine-grained distinctions matter.

To mitigate resource constraints in fine-tuning LLMs, recent
advances in parameter-efficient fine-tuning (PEFT) techniques,
including LoRA and quantized adapters, have enabled effective
model adaptation with minimal computational overhead [10].
These innovations are further enhanced by approaches like
QLoRA, which allow full-scale LLM capabilities to be leveraged
on consumer-grade hardware [11].

Lastly, generative models like Gemma 3 offer a solution to the
limitations of raw metadata by producing coherent, human-like
movie descriptions. These enriched descriptions bridge the gap
between structured data and user language, aligning well with
conversational recommendation interfaces proposed in [11].

Our work builds on these advances by combining metadata
enrichment, semantic embedding, and efficient fine-tuning into a
lightweight, scalable movie recommendation pipeline.

3. METHODOLOGY

This study delineates a rigorous methodology for fine-tuning the
Gemma 3 Description Enhancer transformer model with
parameter-efficient LoRA adapters, using an enriched semantic
movie dataset derived from raw movie metadata. The dataset
consists of movie metadata converted into detailed natural
language descriptions, which the Gemma 3 model enhances
further to improve description quality and informativeness for
downstream tasks like semantic recommendation.

The methodology unfolds over five key stages—data
preparation, model selection and initialization, parameter-
efficient fine-tuning, model saving and inference, and the
technological ecosystem—implemented within a Python-based
framework. This framework integrates PyTorch for GPU-
accelerated tensor operations, Hugging Face’s transformers for
model architecture, PEFT for efficient fine-tuning, and
bitsandbytes for 4-bit quantization, ensuring computational
efficiency and high task-specific performance. Each stage is
designed to maximize the quality of enhanced descriptions under
constrained hardware conditions, with reproducibility as a core
principle.

3.1 Data Preparation

The pabliho/movie-dataset provides foundational movie
metadata, including titles, genres, cast, and plot summaries.
These metadata entries serve as input data to the Gemma 3 model,
which generates enriched, detailed natural language descriptions
capturing thematic elements and narrative context.

For fine-tuning, the dataset is structured into input-output pairs:
the original movie metadata as input and the enhanced
descriptions generated by the baseline Gemma 3 model as target
outputs, which the model learns to improve upon. Text cleaning
is performed using the ftfy library to correct Unicode encoding
errors and normalize text for consistency.

Overview

Spider -Nan: No Way

Meygae

ob r-Man

Figure 1 : Sample dataset record

The dataset about movies are converted into finetuning template
given in Figure 2

Instruction

“Spider-Man: No Way Home"

Output

Peter Parker is unmasked and no
longer able to separate his normal
life from the high-stakes of being a
super-hero. When he asks for help
from Doctor Strange the stakes
become even more dangerous,
forcing him to discover what it truly
means to be Spider-Man,

Figure 2 : Sample dataset record

The dataset is split into 90% training and 10% testing subsets
using a fixed random seed to ensure reproducibility.
Tokenization utilizes SentencePiece with byte-pair encoding
(BPE), setting a maximum sequence length of 256 tokens to
balance detail preservation with computational efficiency.

3.2 Model Selection and Initialization

The Gemma 3 Description Enhancer transformer model,
designed for natural language generation and text refinement, is
selected as the base model. It is pre-quantized to 4-bit precision
using bitsandbytes, significantly lowering memory requirements
and enabling fine-tuning on GPUs with 24 GB VRAM.

The model is loaded through Hugging Face’s
AutoModelForSeq2SeqLM API with configurations for mixed
precision and CUDA acceleration to facilitate efficient training
and inference under hardware constraints.

3.3 Fine-Tuning with Parameter-Efficient Techniques
Fine-tuning utilizes Low-Rank Adaptation (LoRA) implemented
via the PEFT library, modifying under 0.1% of the model’s
parameters. LORA adapters target attention and projection layers,
with hyperparameters set to rank=16, lora alpha=16, and
lora_dropout=0.

Training optimizes a supervised sequence-to-sequence loss
function, guiding the model to generate higher-quality enhanced
descriptions from original metadata inputs. The training runs for
3 epochs with an effective batch size of 8 (2 per GPU device plus
gradient accumulation), employing the AdamW optimizer at a
learning rate of 2e-4 and weight decay of 0.01.

Gradient checkpointing and mixed precision (FP16) training are
enabled to reduce VRAM usage. The fine-tuning process took
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approximately 10 hours on a single AWS EC2 instance equipped
with an NVIDIA RTX 3090 GPU.

3.4 Model Saving and Inference

The fine-tuned Gemma 3 Description Enhancer model is saved
locally using save pretrained() to the
J/fine_tuned gemma3 description_enhancer directory.  For
inference, the model and tokenizer are reloaded via Hugging Face
APIs on CUDA-enabled GPUs.

During inference, the model receives raw movie metadata inputs
and outputs refined, semantically enriched natural language
descriptions, which can enhance downstream semantic search
and recommendation applications.

3.5 Technological Ecosystem

The technology stack comprises PyTorch for GPU-accelerated
computation, Hugging Face’s transformers and accelerate
libraries for model operations and training; PEFT for LoRA-
based parameter-efficient fine-tuning; bitsandbytes for 4-bit
quantization; datasets and SentencePiece for data management
and tokenization; ftfy for text normalization; and Qdrant as a
vector database for semantic search. The entire pipeline is
developed in Python 3.8+ with GPU support to balance
computational efficiency and model performance.

4. RESULTS

The fine-tuning of the Gemma 3 model on a curated triplet-based
movie dataset derived from pabliho/movie-dataset demonstrated
significant improvements in generating semantically rich and
relevant movie descriptions. A total of 8,000 triplet samples were
used for contrastive fine-tuning across 5 epochs, optimized with
a batch size of 16 and learning rate scheduler. Post-generation,
descriptions were embedded using Granite Embedder, and stored
in Qdrant for real-time vector search and recommendation.
Performance was evaluated using both quantitative metrics
including Recall@10, NDCG@10, and cosine similarity and
qualitative outputs assessed for contextual richness and
recommendation relevance. The combined analysis affirms the
system's suitability for low-latency, personalized content-based
movie recommendations.

4.1 Quantitative Results

Fine-tuning led to a measurable increase in semantic
recommendation performance. Recall@10 rose from 0.56 (pre-
finetuning) to 0.81, indicating a 45% boost in retrieving relevant
recommendations. Similarly, mean cosine similarity between
embeddings of semantically related movies improved from 0.43
to 0.72, demonstrating tighter clustering of conceptually similar
films.

The ranking quality, assessed through NDCG@10, improved
from 0.62 to 0.86, indicating a higher preservation of relevance
in top-ranked recommendations. These improvements validate
that contrastive learning with triplet inputs successfully taught
the model nuanced semantic distinctions.

Table 1: Performance Metrics

. Pre-Fine- Post-Fine-
Metric . . Improvement|
Tuning Tuning
[Recall@10 [0.56 [0.81 | +45%

. Pre-Fine- Post-Fine-
Metric . . Improvement|
Tuning Tuning
Mean = Cosinelly 43 0.72 +67%
Similarity
INDCG@10 10.62 ll0.86 |+38%

4.1 Qualitative Evaluation

Several sample outputs were analyzed to assess the contextual
richness, naturalness, and relevance of the generated descriptions
and their impact on downstream recommendations. In each case,
the fine-tuned Gemma model successfully captured genre,

themes, and narrative tone, enabling highly contextual
recommendations.

Example:

Input Movie Title:  "Avengers: Age of  Ultron"”

Generated Description: "Earth’s mightiest heroes unite to battle
a rogue Al bent on global destruction, challenging their unity and
morality."

Top Recommendation: "Eternals — A celestial saga blending sci-
fi action with moral dilemmas about humanity’s fate."
Cosine Similarity: 0.83
Analysis: The description captures the film's plot and tone, and
the recommendation reflects thematic and narrative alignment.

Table 2: Semantic Recommendation Performance

Generated
Movie Title ||Description
Summary

Heroes  fight
Avengers: |[rogue Al
Age of||facing inner||(Eternals 0.83
Ultron conflict and
global stakes

Top Cosine
Recommendation ||Similarity

Musical
romance about The Greatest
ambition, love, 0.79

. .’||IShowman
and artistic

sacrifice

LaLa Land

Dream-thieves
battle layered
realities  and
personal loss

A father travels
across galaxies
to save Earth’s
future

Inception Tenet 0.81

Interstellar Gravity 0.76
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Figure 3: Training Loss Curve
which shows the decline in training loss for the fine-tuned model
compared to the base model.

Figure 4: BLEU Score Progression
Figure illustrates the improvement in BLEU scores across
epochs for your fine-tuned model on movie descriptions.

4.2 Human Evaluation

A human evaluation was conducted involving five film domain
experts and tech professionals with over five years of experience
in film critique, media studies, or recommendation system
development. The goal was to assess the semantic quality and
recommendation utility of 20 generated movie descriptions
(randomly sampled from the test set). The descriptions were
generated by both the base and fine-tuned Gemma 3 model, given
only a movie name as input.

Evaluators were blinded to model type and asked to score outputs
independently on the following dimensions:

1. Creativity: Richness and narrative depth of the
generated description (scale: 1-5).

2. Relevance: Accuracy in reflecting the plot, genre, and
style of the movie (scale: 1-5).

3. Recommendation Utility: How well the generated
description aligns with similar movies and helps with
downstream recommendations (scale: 1-5).

To ensure scoring reliability, Cohen’s Kappa was calculated,
yielding an average k = 0.79, indicating substantial inter-rater
agreement. The average scores across all evaluators are
summarized below.

e Base Model Results:

o  Creativity: 2.8/5 (o = 0.6) — Many outputs lacked plot
engagement or stylistic cues.

e Relevance: 3.1/5 (¢ = 0.5) — Descriptions were often
vague or factually inconsistent.

e Recommendation Utility: 2.6/5 (¢ = 0.7) — Poor vector
alignment in retrieval due to generic text.

e Fine-Tuned Model Results:

e  Creativity: 4.3/5 (c = 0.4) — Descriptions showed vivid
storytelling and theme capturing.

e Relevance: 4.6/5 (o = 0.3) — High fidelity to actual plot,
genre, and characters.

e Recommendation Utility: 4.4/5 (¢ = 0.3) — Effective for
downstream vector-based retrieval.

e Example Evaluation:

e Input: avengers: age of ultron

e Generated Description: “A high-stakes sci-fi adventure
where Earth's mightiest heroes confront artificial
intelligence gone rogue, setting the stage for emotional
turmoil and unity.”

e  Evaluator Feedback:

Creativity: 4.5 — Engaging and plot-centric.

Recommendation Utility: 4.6 — Clearly aligns with
similar Marvel entries (e.g., Eternals, Civil War).
Table 3: Human Evaluation Scores

. . Recommendation
Model Variant |[|Creativity||[Relevance Utility
|Base Model ||2.8 ||3.1 ||2.6
Fine-Tuned
(LoRA) 4.3 4.6 4.4

Evaluation Summary:

Creativity: The fine-tuned Gemma 3 model generated unique and
engaging descriptions (e.g., “An emotional odyssey through
space and time...”), whereas the base model reused generic
phrases.

Relevance: Fine-tuned descriptions captured genre and narrative
depth, closely aligned with movie metadata and user preferences.
Constraint Adherence: Fine-tuned outputs consistently included
required metadata (e.g., genre, actors, release year), crucial for
vector embedding quality.

Creativity Helevance

Constraint Adherence

Figure 5: Human Evaluation Comparison
Each bar includes error bars (standard deviation) to reflect
variability in human scoring. The fine-tuned model consistently
outperforms the base model with tighter clustering, indicating
higher and more consistent quality across outputs.

5. DISCUSSION

The fine-tuned Gemma 3 model, trained on a large-scale dataset
of 10,000 movie records, demonstrated remarkable
improvements in both semantic understanding and
recommendation quality. With a dedicated 24 GB VRAM AWS
instance, and leveraging 8-bit quantization, the model achieved
efficient training without compromising performance.
As shown in Figure 3, the training loss decreased consistently
over 30 steps, with a 50% reduction by step 15, indicating rapid
convergence and effective learning. Figure 2 further confirms
this trend, with BLEU scores increasing from 0.40 to over 0.70,
highlighting substantial gains in text generation fluency and
fidelity.
Quantitatively, Table 1 showcases impressive post-fine-tuning
improvements:

e Recall@10 improved from 0.56 to 0.81

e NDCG@I10 rose to 0.86, demonstrating better ranking

of relevant items
e Mean cosine similarity increased from 0.43 to 0.72,
validating stronger embedding alignment

These results are mirrored in Table 2, where the model accurately
captures semantic relations. For example, it pairs “La La Land”

Relevance: 4.7 — Accurately captures theme and tone. with  “The Greatest Showman” (similarity: 0.79) and
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“Inception” with “Tenet” (0.81), reinforcing its deep contextual
understanding across genres.

Human evaluation scores (Table 3) show a significant leap in
subjective quality. The fine-tuned model (using LoRA and 8-bit
weights) received scores of 4.3+ in Creativity, Relevance, and
Recommendation Utility, outperforming the base model by a
wide margin. These gains are also visualized in Figure 3, showing
consistent enhancements across key dimensions.

Additionally, Figures A and B display high semantic fidelity in
outputs. For instance, the instruction-output pair for “Spider-
Man: No Way Home” produces a near-verbatim summary,
confirming that the model generalizes well beyond memorization
and can generate high-quality text for unseen instructions.

6. CONCLUSION

This study successfully demonstrates the effectiveness of fine-
tuning Gemma 3 on a large-scale movie dataset using LoRA and
8-bit quantization. Despite using a lightweight quantization
approach, the model trained efficiently on an AWS instance with
24 GB VRAM, achieving outstanding results in both automatic
metrics and human evaluations.

Key improvements include:

o +45% Recall@10

e  +67% increase in mean cosine similarity

e +38% in NDCG@10

e 0.70+ BLEU score after 3 epochs

e Human-rated relevance and creativity scores above 4.3

These gains reflect the model’s ability to not only generate
accurate and fluent movie descriptions but also to suggest
contextually  relevant = recommendations  with  high
personalization value.

Future Enhancements

To expand the scope and capability of this work, future directions
include:

e Hybrid recommendation models: Integrate retrieval-
based systems (e.g., RAG or vector DB) with Gemma
for hybrid generation.

e Deployment on edge devices: Use 2-bit quantization for
even more memory-efficient inference.

e Cross-domain transfer learning: Apply the fine-tuning
setup to other domains like TV shows, books, or
gaming.

e Reinforcement tuning: Use RLHF (Reinforcement
Learning with Human Feedback) to align outputs more
closely with user preferences.

By demonstrating strong results with scalable infrastructure and
efficient model design, this work lays a solid foundation for real-
world semantic recommendation systems, especially in media,
entertainment, and marketing applications.
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