Proposal for a New Course

Department of intelligent systems
Indian Institute of Technology, Kanpur

Course No: ISXXX

Course Title: Safe Learning and Control under Uncertainty

Per Week Lectures: 3 (L), Tutorial: 0 (T), Laboratory: 0 (P), Additional Hours [0-2]: 0 (A),
Credits (L+T+P+A): 9

Duration of Course: 26 Lectures

Proposing Department/IDP: Dept. of Intelligent Systems

Other Departments/IDPs which may be interested in the proposed course:

Electrical Engineering, Aerospace Engineering, Computer Science Engineering,

Mechanical Engineering, Mathematics

Other faculty members interested in teaching the proposed course:

Proposing Instructor(s): Dr. Ashwin Verma

Course Description:

Objectives:

This course develops mathematical methods and computational algorithms for learning control policies
subject to safety requirements. It connects constrained Markov decision processes with robust
reachability, control barrier functions, and optimization-based safety filters. Students will learn to
formulate safety specifications, distinguish expected constraint satisfaction from trajectory safety, and
incorporate model uncertainty into controller design. The course also introduces conformal prediction and
conformal risk control for statistical calibration of uncertainty and risk. Analytical exercises and
computational case studies will develop students’ ability to evaluate the assumptions, guarantees, and
performance limitations of safe learning methods.

B) Contents (preferably in the form of 5 to 10 broad fitles):

S. No Broad Title Topics No. of
Lectures
1 State-space models, control-affine systems, stochastic dynamics, 2
Dynamical systems|bounded disturbances and parametric uncertainty, state and input
and safety constraints, probabilistic and robust safety specifications.
2 Markov Decision Process (MDP), value functions and Bellman| 6

RL foundations |equations, dynamic programming, value and policy iteration,
policy-gradient methods, REINFORCE and variance reduction.




3 Constrained MDP, occupancy measures, linear-programming 4
Constrained RL [formulations, randomized policies, Lagrangian relaxation and
duality, primal-dual policy optimization, constraint satisfaction
in reinforcement learning.
4 Backward reachability, reach—avoid problems, robust 3
Reachability and |predecessor operators, controlled invariant sets and viability
invariance kernels, dynamic games (brief), introduction to HIB and HJI
reachability, numerical reachability methods.
5 Lyapunov stability and control Lyapunov functions, forward 5
Safety-critical |invariance, Control Barrier Functions (CBF), CBF-QP
control formulations, robust CBF, input-constrained feasibility, discrete-
time barrier functions, sampled-data safety.
6 Learning with  [Safety filtering and action projection, filtered MDPs, policy 3
safety filter  |optimization with safety filters, action aliasing, safe exploration,
safety—performance tradeoffs.
7 Conformal Split conformal prediction, exchangeability and prediction 3
Methods coverage, conformal risk control, finite-sample risk guarantees,
trajectory uncertainty quantification, distribution shift and
statistical safety guarantees.

Total Lectures per week: 2

C) Pre-requisites, if any

1.
2.
3.

Modern control theory, including state-space models and stability analysis.

Knowledge in Probability and Statistics along with MATLAB simulation experience is required.
Familiarity with basic constrained optimization is expected; preparatory material will be provided for
students without this background.

D) Short summary for including in the Courses of Study Booklet: This course develops mathematical and
computational methods for learning safe control policies under uncertainty, integrating constrained decision-
making, reachability, control barrier functions, safety filters, and conformal methods for uncertainty and risk
calibration.
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