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Formulation, SOTA, and Challenges

Optimal PID Control
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Why PID?

of the industries uses PID Control
PID - parameterization
Achieves

to model uncertainty

Challenges

SOTA PID tuning methods are heuristic, no
optimality

RL does not employ PID policies

PID policy gradient expressions unavailable
Policy gradient (PG) theory difficult to adapt
to deterministic policies and dynamics
Non-convex optimization landscape
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Formulation, SOTA, and Challenges

Optimal PID Control
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Contributions

Technical Innovations

Closed-form policy gradient expressions in
the PID parameters

Deterministic dynamics and control policies -
novel concept of "stochastic wrappers”,
extending classical PG theorem to
deterministic policies with stochastic
updates

Non-convex optimization landscape: weak
gradient dominance, convergence, and
sample complexity guarantees
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Model based RL - PG4PID

Novel PID Policy
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Model free RL - PG4PI

Stochastic Wrappers for Exploration
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Convergence

* First convergence guarantees for PID policies

* PGAPID - Cost J,, approaches optimal];; ast —» o



Convergence

* First convergence guarantees for PID policies

* PGAPID - Cost J,, approaches optimal];; ast —» o

Theorem (Informal): With appropriate steps size n and
constant k € (0,1), we have the following contraction

Ju(Be) = Ji < 6 (Ju(Ko) = Ji)

* PG4PI - Cost J,; with optimal value J; with weak gradient dominance



Reward

_50 -

—100 -

—150 -

—200 -

—250 -

—300 -

—350 -

~400 -

Benchmark vs. PPO

PGA4PID vs. PG4PIl on an LA University Hospital
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Benchmark vs. LQR : Tracking

PID achieves perfect tracking even in the model-free setting, while LQR has non-zero steady state error

Model Free LQR vs. PG4PIl on a Chemical Reactor PG4PIl on a Chemical Reactor
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States

Benchmark vs. LQR : Robustness

PID is robust to model error while LQR is fragile even for an error in the matrix A as ||AA4]|| < 0.05

Model Based LQR on a Chemical Reactor Model Free Pl on a Chemical Reactor
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Conclusions

* What if we pick an intelligent policy parameterization in RL?

PID policies widely used in industrial applications

An RL formulation with PID policies

Novel PID policy gradient expressions
Model-based PID tuning algorithm (PG4PID)
Stochastic wrappers for model-free Pl tuning algorithm (PG4PI)

Gradient dominance conditions in PID parameter space
Optimality and Convergence guarantees for both PG4PID and PG4PI
PID policy in RL yields faster learning than PPO for tuning PID

PID more robust than LQR, achieves better tracking performance  Paper  GithubRepo
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