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. PROJECT APPLICATION
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. PROGRAMME FEATURES
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. CURRICULUM SETTING
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. CURRICULUM CONTENTS

MIMERE o
Module 1

Advanced Neural Network Training Techniques
SR EE =SSR

« A concise overview of neural network training
fundamentals

o Advanced optimization techniques and environments
with a focus on PyTorch

« Normalization techniques (layer, batch, group, and
instance norm)

o Metrics for determining NN training convergence.

Module 4

Large Language Models (LLMs)
REGESHRE (LLM)

» Specific enhancements to adapt LLMs for precision
in targeted scenarios

« Efficient finetuning techniques for LLMs domain-
specific adaptations

o Retrieval-augmented generation (RAG) and LLM
output optimization

o Mixture of Experts (MoE) and LLM ensembling
techniques
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Module 2

Theoretical Foundations in Deep Learning
REZSEICEM

o Exploration of deep learning capabilities through
Universal Approximation Theorem and Barron's
Theorem

« Advanced optimization techniques: dual descent,
sum of squares, and PAC-Bayes.

Module 5

Model Compression and Efficient ML
BRI EESESWML

o Exploration of community-driven Al projects on
Hugging Face and Paper with Code.

» Investigating techniques for compressing extremely
large LLMs and efficiently running LLMs with fewer
computational resources.

Module 3

Cutting-Edge Neural Architectures
RimREEEH

e In-depth study and implementation of modern neural
architectures: Transformers, GNNs, and beyond

o Practical implications of architectural choices in
performance and scalability

« Beyond attention mechanism: MAMBA and state-
space models

o Al for Science: Kolmogorov-Arnold Networks

Module 6

Advanced Generative Models and Training Technicques
EREMEBFI AR

« Detailed exploration of generative models including
GANSs, VAEs, and diffusion models

» Regularization techniques for reducing the hallucination
effects of such models

e Modern LLMs training techniques such as RLHF



. PROJECT TOPICS

IMERMRE o

PROJECT 1:
COMPRESSION OF LARGE LANGUAGE MODELS XiES#E8 1N ESR

Obijective:

e Students will develop and apply techniques to compress a large language model while maintaining performance metrics such as accuracy and response time.

® The project aims to make the model more efficient for deployment in resource-constrained environments.

Tasks: Deliverables:

e Literature Review : ® A detailed report documenting the compression strategies,
Students will start with a comprehensive literature review on existing model compression implementation details, and a comparative analysis of the model
techniques (quantization, pruning, knowledge distillation). performance before and after compression.

® Model Selection :

Choose a pre-trained large language model as the base model for compression. ® A presentation that includes an overview of the technique, results,

””””” - A M S S S A R R A A A N A A - A A —-——————— challenges encountered, and future work recommendations.
e Compression Implementation :

Apply multiple compression techniques to the selected model.

This may include:

» Parameter pruning and sharing.

* Quantization and reduced precision computation.

* Knowledge distillation to transfer knowledge from the large model to a smaller model.

Optimization:

Refine the compression methods to achieve the best balance between size reduction and
performance.
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. PROJECT TOPICS

IMERMRE o

COURSE PROJECT 2:

DEVELOPMENT OF A RETRIEVAL-AUGMENTED GENERATION MODEL#® 3R 1&i5 £ MIER N L

Obijective:

e Objective: Students will develop a RAG model that integrates a retrieval mechanism into a generative transformer.

® This project focuses on enhancing the model's ability to generate informative and contextually relevant responses by leveraging external knowledge bases.

Tasks:

® Background Study:
Understand the mechanism of RAG and its components, including how retrieval is
fused with generation in transformer models.

® Data and Tools Setup:
Select and prepare datasets suitable for training and testing, along with setting up
the necessary Al development tools and environment.

® Model Building:
Construct a RAG model by integrating a pre-trained transformer with a retrieval
system that queries an external database or document collection.

® Training and Tuning:
Train the model on the selected datasets, focusing on tuning the retrieval
component to improve the relevance and accuracy of the information retrieved.

® Evaluation:

Evaluate the model's performance in generating responses across various
metrics like relevance, coherence, and informativeness.
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Deliverables:

® A comprehensive report that includes methodology, model
architecture, training process, evaluation results, and a
discussion on the efficacy of the retrieval component.

e A demo session where the model’ s capabilities are showcased,
demonstrating its ability to generate enhanced responses based
on retrieved information.
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. PROGRAMME OBJECTIVE
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PROGRAMME ASSESSMENT: LAB CODING
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. INDUSTRIAL VISIT
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CULTURAL IMMERSION
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PROGRAMME SCHEDULE
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. PROJECT COST DETAIL
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. PROJECT APPLICATION AND CONSULTING SERVICES
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