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Syllabus:

The Transformer is a network architecture that is used to represent time series in a highly efficient
manner. It has played a major role in the success of language models such as ChatGPT. The course
will begin by covering the fundamental concepts behind the development of Transformers and the
Transformer model, in great detail. We will then delve into the most important research that has been
conducted in this field, both theoretically and practically. Lastly, we will cover how Transformers
are applied in natural language processing (NLP), speech processing, and computer vision. During
the second part of the course, students will have the opportunity to present papers that have been
selected from the field.

Learning Outcomes:

Students who will successfully complete the course will:

1. will be able to explain the Transformer architecture in detail.

2. Will be able to analyze different transformer architectures and training methods and compare
them.

3. be able to design and implement Transformers in a variety of fields.

Papers that will be discussed:

1. Vaswani, Ashish, et al. "Attention Is All You Need." Advances in Neural Information
Processing Systems (NeurlPS), 2017. [Online]. Available:
https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053clc4al845aa-
Paper.pdf.

2. Radford, Alec, et al. "GPT: Generative Pre-training Transformer." Conference on Neural
Information Processing Systems (NeurlPS), 2018. [Online]. Available:
https://proceedings.neurips.cc/paper/2018/file/3efeb0e8a55f26cd08bad4f8724bc309-
Paper.pdf.

3. Touvron, Hervé, et al. "Training Vision Transformers with Natural Images Yields Surprising
Performance.” In Proceedings of the 34th Conference on Neural Information Processing
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https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://proceedings.neurips.cc/paper/2018/file/3efeb0e8a55f26cd08ba94f8724bc309-Paper.pdf
https://proceedings.neurips.cc/paper/2018/file/3efeb0e8a55f26cd08ba94f8724bc309-Paper.pdf

4.

o'MTPNn 0"INNT 1900 N2

Systems (NeurlPS), 2020. [Online]. Available:
https://proceedings.neurips.cc/paper/2020/file/ee8912b19dc2e5d1f6d33c82bbe3fb6e-
Paper.pdf.

Chan, William, et al. "Listen, Attend and Spell." In Proceedings of the International
Conference on Machine Learning (ICML), 2016. [Online]. Available:
http://proceedings.mlr.press/v48/chan16.html.
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https://proceedings.neurips.cc/paper/2020/file/ee8912b19dc2e5d1f6d33c82bbe3fb6e-Paper.pdf
http://proceedings.mlr.press/v48/chan16.html
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Selected topics in deep learning on graphs :n'721x2 v
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Syllabus:

The course will focus on deep graph architectures. First few lectures will provide an overview of the field. We will
then switch to a seminar format where a pair of students will present 2-3 articles per week on topics such as theory,

applications, graph generation

Learning Outcomes: At the end of the course the students will be to:
1. Uunderstanding of the latest literature in the field of graph learning.
2. Experience in summarizing and writing reviews of articles.
3. Experience in delivering a presentation on a research paper.
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Lingfei Wu, Peng Cui, Jian Pei, Liang Zhao Nanmnow |1
Graph Neural Networks: Foundations, Frontiers, and Applications 190N DY
Springer "I
2022 | Ry My
_ :Naun

William L. Hamilton Nanmnow |2
Graph Representation Learning 190N DY
Synthesis Lectures on Artificial Intelligence and Machine Learning, Vol. 14, No. 3 "in

. Pages 1-159
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e Recent papers from the literature (main resource)

e Jain, Prateek, and Purushottam Kar. "Non-convex Optimization for Machine
Learning." Foundations and Trends® in Machine Learning 10.3-4 (2017):
142-363.

e Anandkumar, A., Ge, R., Hsu, D., Kakade, S. M., & Telgarsky, M. (2014).
Tensor decompositions for learning latent variable models. Journal of
Machine Learning Research, 15,2773-2832.

e Bubeck, Sébastien. "Convex Optimization: Algorithms and
Complexity." Foundations and Trends® in Machine Learning8.3-4 (2015):
231-35
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Advanced Optimization Methods for ML :nh3iN2 07127 2w

English syllabus:

Otimization is a central tool to formalizing and solving Machine Learning and “Big Data”
problems.

We will study recent advanced tools in optimization and and demonstrate how to employ
these tools in order to solve problems in statistical learning, optimization and game theory.
Topics:

Topic A: Non-convex Optimization:

-Finding stationary point

-Solving Quasi-convex optimization problems

-Strict-saddle problems in ML

-Solving strict-saddle problems

-Gradient methods with Langevin dynamics

-Tensor decomposition and its use in latent variable models

Topic B: Minimax problems:

-Minimax problems in ML and statistics

-Primal-dual and Mirror-Prox methods

-Sublinear methods using minimax approach

-Advanced methods to solving minimax games

-Primal-dual methods for robust statistics and ML

Topic C: Distributed Learning:

-Synchronous and Asynchronous methods for centralized problems
-Synchronous and Asynchronous methods for de-centralized problems
Learning Qutcomes:

After the successful completion of the course:

1. The students will know advanced techniques and algorithms in optimization,
and will be able to read and understand related papers.

2. The students will be able to design and analyze optimization methods using
the tools that we will study.





