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Figure 1: A test case in the qualifying problems.

Introduction

Based on the attention operation [Bahdanau et al., 2015], the transformer architecture [Vaswani et al., 2017]
revolutionized natural language processing: its scalability allowed taking models pretrained on generic text
corpora and quickly finetune them on various supervised [Devlin et al., 2019] and generative [Radford et al.,
2018] natural language processing tasks. Scaling the models further, it was observed that new capabilities
emerge such as in-context learning [Radford et al., 2019, Brown et al., 2020].

Reinforcement learning is the machine learning training paradigm where the model only receives a nu-
merical score as feedback signal [Sutton and Barto, 2018]. Reinforcement learning on human feedback was
used to finetune generative pretrained transformers into virtual assistants [Ouyang et al., 2022].

It was observed that one can elicit useful output to more complex queries by prompting the model to
output its chain of thought [Wei et al., 2022]. This led to improved long-horizon capabilities such as coding
and mathematical problem solving via reinforcement learning on verifiable rewards [Lambert et al., 2024,
Guo et al., 2025].

Project Description

We will study how small transformer models learn to solve algorithmic tasks via reinforcement learning. This
means that we will be able to do relevant research while keeping the computational requirements modest.
You will be able to partake without a GPU or prior knowledge of transformers:



1. We will start by reviewing the transformer architecture and the reinforcement learning paradigm. Thus,
you’ll get to do research while getting acquainted with the most important machine learning model of
our time.

2. By default (that is, unless you want to experiment doing this yourselves), I will train the models on
the setups we discuss. I expect your main contribution to be designing experiments and interpreting
their results. Therefore, you can participate perfectly well with any modern laptop.

Prerequisites

Strong command of the Python numerical library numpy.

Qualifying problems

See the contents of the attached zip file. qualifying problems.py contains functions to be written, which
you can test with test.py. The script test.py has many command line interface options, in particular, it
can generate pictures that can help you debug you code or bask in the glory of your working solution.

I very much welcome partial solutions! The functions to be written are ordered in increasing difficulty.
Please try to avoid explicit Python loops. Instead, whenever possible, use numpy functions that operate on
the entire arrays at once.

You can hand in multiple versions. I will evaluate the latest submission. A valid submission must arrive
to my email address by the deadline written in the general RES course description on the BSM webpage.
You can expect me to answer a question before this time if it arrived to my email address at least 24 hours
before this deadline.

In your email, please also write me the following:
1. Your Mathematics and Computer Science background.
2. Your Mathematics and Computer Science interests.
3. What do you find especially interesting in this project?
Have fun with the problems and I hope to see you in the group!

Using Virtual Assistants

Please do not use any AI tool (ChatGPT, Claude, Gemini, etc., or derivatives such as Codex or Copilot)
when you work on the qualifying problems. The objective of the qualifying problems is to gauge your own
programming capabilities. This is important even in the age of AI as you need to be able to verify the work
of the virtual assistant.

This being said, in the group, I will highly welcome using virtual assistants as they can accelerate work
greatly.

Contact

Pál Zsámboki, zsamboki@renyi.hu, HUN-REN Alfréd Rényi Institute of Mathematics
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