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Overview
Reinforcement learning agent in parallel to engineered controller.

Potential for combining reinforcement learning and robust control theory.

Very brief reviews of
small gain theorem
integral quadratic constraints (IQCs)
robust control

Integral Quadratic Contraints for neural network
static nonlinearity (tanh)
time-varying weights (learning algorithm)

Results on simulated control tasks

Other topics in approximate dynamic programming



Motivation

� From the Machine Learning point of view, how can From the Machine Learning point of view, how can 
we train neural networks with reinforcement we train neural networks with reinforcement 
learning while guaranteeing stability?learning while guaranteeing stability?

� From the Electrical and Computer Engineering view From the Electrical and Computer Engineering view 
point, how can neural networks be used with robust point, how can neural networks be used with robust 
control systems to improve performance?control systems to improve performance?

� From the Mechanical Engineering perspective, how From the Mechanical Engineering perspective, how 
can neural networks be applied to highly non-linear, can neural networks be applied to highly non-linear, 
time varying HVAC systems?time varying HVAC systems?

�



Robust control theoryRobust control theory
Guarantees stabilityGuarantees stability

Results in less aggressiveResults in less aggressive
 controllers controllers

Reinforcement learningReinforcement learning

Optimizes the performance Optimizes the performance 
of a controllerof a controller

No guarantee of stability No guarantee of stability 
while learningwhile learning

Motivation



Reinforcement Learning Agent Reinforcement Learning Agent 
in Parallel with Controllerin Parallel with Controller

reinforcement = |e|reinforcement = |e|



Prior ResultsPrior Results



Learns improved control, but no guarantee of stability.Learns improved control, but no guarantee of stability.

Can we forCan we formmulate combination of PI control and RL within robust ulate combination of PI control and RL within robust 
control theory?control theory?

Robust control theory is based on linear, time-invariant transfer Robust control theory is based on linear, time-invariant transfer 
functions.  functions.  

RL agents are nonlinear, because of the units’RL agents are nonlinear, because of the units’�� activation functions. activation functions.

RL agents are time-varying, because they update their parameters to RL agents are time-varying, because they update their parameters to 
produce improved behavior.produce improved behavior.

Robust Reinforcement Learning?Robust Reinforcement Learning?



Small Gain Theorem
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First, a brief introduction to an LMI (Linear Matrix Inequality) formulation of robust control . . .



Small Gain Theorem

∆

M
vw M ∆ <1

If ||∆|| < 1, then system is stable provided  ||M|| ≤ 1

Known

Unknown, but constrained



Integral Quadratic Constraints
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then the feedback interconnection of M,∆ is stable.

Integral Quadratic Constraints
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Integral Quadratic Constraints
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a finite-dimensional LMI feasibility problem in variables pi and Q.

Integral Quadratic Constraints

Kalman-Yakubovich-
Popov Lemma



Neural Net for Learning Neural Net for Learning 
AgentAgent

tanh

tanh

tanh

linear

W V

Actor Network  (Critic Network not shown)



IQCs for Neural Network as RL AgentIQCs for Neural Network as RL Agent

Nonlinear part:  tanhNonlinear part:  tanh

replace with odd, bounded-slope replace with odd, bounded-slope 
IQCIQC

Time-varying part:  weight updatesTime-varying part:  weight updates
replace with slowly time-varying IQCreplace with slowly time-varying IQC

Replace with IQCs only for stability analysis, not during Replace with IQCs only for stability analysis, not during 
operationoperation



IQC for the tanh Nonlinearity

tanhx y
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IQC for the Slowly Time-Varying Weights 

ψ t ≤β
�ψ t ≤α

change in weights is bounded,
and rate of change is bounded

tanhx yW V

ψ t ≤β
�ψ t ≤α

ψ t ≤β
�ψ t ≤α

β specifies bounds on weights for which stability analysis is valid.
α specifies bounds on the learning rate used to adjust the weights.

ψ(t) represents the changes to weights determined by learning algorithm



IQCs for Neural Network as RL AgentIQCs for Neural Network as RL Agent
Two-layer neural net as actor, Two-layer neural net as actor, 

in parallel with controller.in parallel with controller.

Now with tanh and varying Now with tanh and varying 
parameters parameters ““coveredcovered”” by  by 
IQCs.IQCs.



Reinforcement learning algorithm guides adjustment of actor’s weights.Reinforcement learning algorithm guides adjustment of actor’s weights.

IQC places bounding box in weight space, beyond which stability has not been verified.IQC places bounding box in weight space, beyond which stability has not been verified.

Incorporating Time-Varying IQC in Incorporating Time-Varying IQC in 
Reinforcement LearningReinforcement Learning

weight space (high-dimensional)

initial guaranteed-
stable region

Step 1

initial 
weight 
vector

Step 0 trajectory 
of weights 

while 
learning

Step 2

must 
find 
new 
stable 
region

Step 3

next guaranteed-stable region
Step 4

Now learning can 
continue until edge 
of new bounding 
box is encountered.

Step 5 …

weight space (high-dimensional)

UNSTABLE REGION !
final 
weight 
vector

weight trajectory with 
robust contstraints

weight trajectory without 
robust contstraints



Test on Simple Test on Simple 
Simulated TaskSimulated Task

Reference
Output


