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OutlineOutline
•• IntroductionIntroduction

•• Experimental HVAC PlatformExperimental HVAC Platform

•• PI Plus Neural Network ControllerPI Plus Neural Network Controller

•• MIMO Robust Controller DesignMIMO Robust Controller Design

•• Robust Reinforcement Learning ControllerRobust Reinforcement Learning Controller

•• Results and DiscussionResults and Discussion

•• Concluding RemarksConcluding Remarks
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MotivationMotivation
•• From the Mechanical Engineering perspective, From the Mechanical Engineering perspective, 

how can neural networks be applied to highly how can neural networks be applied to highly 
nonnon--linear, time varying HVAC systems?linear, time varying HVAC systems?

•• From the Computer Science point of view, how From the Computer Science point of view, how 
can we train neural networks with can we train neural networks with 
reinforcement learning while guaranteeing reinforcement learning while guaranteeing 
stability?stability?

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

Interdisciplinary !Interdisciplinary !
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IntroductionIntroduction
•• Characteristics of Typical HVAC SystemsCharacteristics of Typical HVAC Systems

–– Energy Transfer via Heating/Cooling CoilsEnergy Transfer via Heating/Cooling Coils

–– Air flow Regulation to Maintain Static Air PressureAir flow Regulation to Maintain Static Air Pressure

–– Central Water Supply Servicing Multiple UnitsCentral Water Supply Servicing Multiple Units

•• Current HVAC Systems Perform PoorlyCurrent HVAC Systems Perform Poorly
–– Complex Nonlinear TimeComplex Nonlinear Time--Varying SystemVarying System

–– Highly Uncertain System DynamicsHighly Uncertain System Dynamics

–– Interaction of Controlled VariablesInteraction of Controlled Variables

–– Controlled via Multiple SISO PID Control LoopsControlled via Multiple SISO PID Control Loops



Colorado
StateUniversity

Experimental HVAC SystemExperimental HVAC System

•• Simple HVAC SystemSimple HVAC System

•• Counter Flow Hot Water Counter Flow Hot Water 
to Air Heatto Air Heat--ExchangerExchanger

•• Variable Air VolumeVariable Air Volume

•• Mixing BoxMixing Box

•• Electric Hot Water HeaterElectric Hot Water Heater

•• Controlled Variables:Controlled Variables:
–– Discharge Air TemperatureDischarge Air Temperature

–– Mixed Air TemperatureMixed Air Temperature

–– Air Flow RateAir Flow Rate

–– Hot Water TemperatureHot Water Temperature
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PC/MATLAB Based Control SystemPC/MATLAB Based Control System
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PI Plus Neural PI Plus Neural 
Network ControllerNetwork Controller
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PI Controller DesignPI Controller Design

•• Nonlinear SystemNonlinear System

Heating Coil capacity vrs. water flow rateHeating Coil capacity vrs. water flow rate

–– Input Air TemperatureInput Air Temperature

–– Discharge Air TemperatureDischarge Air Temperature

–– Tune at High Gain StateTune at High Gain State

•• Parameters Controlled:Parameters Controlled:
–– Water Supply TemperatureWater Supply Temperature

–– Air Flow RateAir Flow Rate
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PI Control AlgorithmPI Control Algorithm
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Reference PI ControllerReference PI Controller
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Neural NetworkNeural Network
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TrainingTraining

•• Back Propagation on:Back Propagation on:
–– Model Data (Steady State)Model Data (Steady State)

•• Curve fit to measured flow vs. control signalCurve fit to measured flow vs. control signal

•• Effectiveness heat exchanger model based on physical Effectiveness heat exchanger model based on physical 
properties of the coil adjusted based on experimentproperties of the coil adjusted based on experiment

–– Experimental Data Experimental Data 

•• Wait for the PI controller to achieve steady stateWait for the PI controller to achieve steady state
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PI Control Plus Neural NetPI Control Plus Neural Net
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Response to Set Point ChangeResponse to Set Point Change
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Disturbance RejectionDisturbance Rejection
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Settling TimesSettling Times
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AdvantagesAdvantages

•• Improved performance compared to PI aloneImproved performance compared to PI alone

•• Simple, easy to train neural networkSimple, easy to train neural network

•• The combined PI/NN controller is comparatively The combined PI/NN controller is comparatively 
easy to understandeasy to understand

•• Can be implemented in the near termCan be implemented in the near term

•• MISO ControlMISO Control
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MultiMulti--input Multiinput Multi--
output (MIMO) output (MIMO) 

Robust Control of Robust Control of 
HVAC SystemsHVAC Systems
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Previous Work Previous Work -- ControllersControllers
•• ProportionalProportional--IntegralIntegral--Derivative (PID)Derivative (PID)

–– Low Gains, Tedious Tuning, Poor PerformanceLow Gains, Tedious Tuning, Poor Performance

•• OptimalOptimal
–– Decoupling, Disturbance RejectionDecoupling, Disturbance Rejection

–– Lack of RobustnessLack of Robustness

•• AdaptiveAdaptive
–– Potential to Adapt, Eliminating Need for TuningPotential to Adapt, Eliminating Need for Tuning

–– Stability IssuesStability Issues

•• RobustRobust
–– Potential Loss in PerformancePotential Loss in Performance

–– Limited to SISO ImplementationLimited to SISO Implementation
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OverviewOverview
•• MIMO Robust Control for HVACMIMO Robust Control for HVAC

•• Matlab/Simulink Modeling and DesignMatlab/Simulink Modeling and Design

•• True MIMO Analysis and DesignTrue MIMO Analysis and Design
–– Improved System PerformanceImproved System Performance

–– Coordinated Action for Independent ControlCoordinated Action for Independent Control

•• Many Potential System/Controller ArchitecturesMany Potential System/Controller Architectures

•• MIMO Robust Stability and PerformanceMIMO Robust Stability and Performance

•• Experimental Implementation and TestingExperimental Implementation and Testing
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Simulink Interface ModelSimulink Interface Model
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HVAC System ModelHVAC System Model
•• Dynamic Model for:Dynamic Model for:

–– ControllerController DesignDesign

–– Simulation TestingSimulation Testing

•• Nonlinear Subsystems Nonlinear Subsystems 
–– Linearization for DesignLinearization for Design

•• Combination of:Combination of:
•• 1st Principles1st Principles

•• Data fittingData fitting
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HVAC System ModelHVAC System Model
Model of Experimental SystemModel of Experimental System

Model and Experimental System OutputsModel and Experimental System Outputs

•• Dynamic Model for:Dynamic Model for:

–– ControllerController DesignDesign

–– Simulation TestingSimulation Testing

•• Nonlinear Subsystems Nonlinear Subsystems 
–– Linearization for DesignLinearization for Design

•• 1st Principles and Data fitting1st Principles and Data fitting
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Controller DesignController Design
•• Basic Design Goals:Basic Design Goals:

–– MIMO Stability and RobustnessMIMO Stability and Robustness

–– Independent Control of Key System VariablesIndependent Control of Key System Variables

–– Discharge Air Temperature and Flow RateDischarge Air Temperature and Flow Rate

•• Reference Conventional PI ControllerReference Conventional PI Controller

•• MIMO Robust Controllers:MIMO Robust Controllers:
–– “Minimal” (3x6) ~ T“Minimal” (3x6) ~ TWSWS Externally ControlledExternally Controlled

–– “Constrained” (4x7) ~ T“Constrained” (4x7) ~ TWSWS IntegratedIntegrated

–– “Full” (4x7) MIMO“Full” (4x7) MIMO
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Controller KController KPIPI SimulationSimulation
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Controller KController KPIPI ExperimentalExperimental
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Robust Robust HH∞∞ Controller DesignController Design

Find all stabilizing K such that:

Design Objective:

Use augmented perturbation structure to test robust performance

The goal of µ synthesis to minimize over all stabilizing K, the peak value of µ∆(•)

Using Using µµ--SynthesisSynthesis

,
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•DMD-1)

Robust Robust HH∞∞ Controller Synthesis Controller Synthesis 
Using DUsing D--K IterationK Iteration

No method exists to directly synthesize a robust H∞ controller, 
however, D-K iteration provides a good approximation:

The upper bound on µ can be expressed as: 

The µ optimal controller minimizes the peak value of µUB over frequency (ω ), or:  

D-K iteration  process:  

1)  Initialize the transfer matrix D (jω )  (to the identity matrix)

2)  Holding D fixed find K stabilizing that solves:

3)  Holding FL(G,K) fixed find D (jω ) to minimize at each frequency

4)  Fit D (jω ) with a stable minimum-phase transfer function and return to step 2

Iteration continues until or until H∞ ceases to decrease
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MIMO Robust Controller StructureMIMO Robust Controller Structure
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Controller KController KR3R3 Design DiagramDesign Diagram



Colorado
StateUniversity

Controller KController KR3R3 Design Design 
Interconnection StructureInterconnection Structure
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Controller KController KR3R3 Design WeightsDesign Weights
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Controller KController KR3R3 Design CriterionDesign Criterion
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Controller KController KR3 R3 ImplementationImplementation

•• 4x7 Controller4x7 Controller

•• Air flow (FAir flow (Faa))

•• Input Air Temperature (TInput Air Temperature (Taiai) ) 

•• Discharge Air Temperature (TDischarge Air Temperature (Taoao))
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Controller KController KR3R3 SimulationSimulation
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Controller KController KR3R3 ExperimentalExperimental
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Comparison of Controller PerformanceComparison of Controller Performance
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Comparison of Controller ArchitecturesComparison of Controller Architectures
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Factors Affecting PerformanceFactors Affecting Performance

SystemSystem
ArchitectureArchitecture

ControllerController
DesignDesign

OperatingOperating
RangeRange

ModelModel
UncertaintyUncertainty

RobustRobust
PerformancePerformance
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MIMO Control MIMO Control -- ConclusionsConclusions

•• Designed and Implemented MIMO Robust Designed and Implemented MIMO Robust 
Control on HVACControl on HVAC

•• Simulation and ExperimentSimulation and Experiment

•• Coordinated Control Action Coordinated Control Action –– DecouplingDecoupling

•• Robustness to Plant Variation Robustness to Plant Variation –– Theory and Theory and 
ExperimentExperiment

•• Large Performance GainsLarge Performance Gains
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Robust Robust 
Reinforcement Reinforcement 

Learning ControllerLearning Controller
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Robust Reinforcement LearningRobust Reinforcement Learning

•• MotivationMotivation

•• Review of reinforcement learningReview of reinforcement learning

•• Our previous results of reinforcement learning for HVACOur previous results of reinforcement learning for HVAC

•• Review of robust control theoryReview of robust control theory

•• Incorporating reinforcement learning agent in robust control Incorporating reinforcement learning agent in robust control 
theorytheory

•• Results, Conclusions, Planned WorkResults, Conclusions, Planned Work
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Motivation

Robust control theory

Guarantees stabilityResults in less aggressive controllers

Reinforcement learning
Optimizes the performance 

of a controller

No guarantee of stability while learning
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Reinforcement Learning Agent Reinforcement Learning Agent 
in Parallel with Controllerin Parallel with Controller

reinforcement = |e|reinforcement = |e|



Colorado
StateUniversity

Reinforcement LearningReinforcement Learning
Defines a kind of learning problem.Defines a kind of learning problem.

The action you take now may have a delayed effect on system and The action you take now may have a delayed effect on system and on on 
performance evaluation.performance evaluation.

Must find best sequence of actions, defined as the sequence thatMust find best sequence of actions, defined as the sequence that optimizes optimizes 
the sum of performance evaluations, or reinforcements.the sum of performance evaluations, or reinforcements.

Commonly formulated as a dynamic programming problem.Commonly formulated as a dynamic programming problem.

Solved by estimating the sum of expected future reinforcements fSolved by estimating the sum of expected future reinforcements for each or each 
state.  The multistate.  The multi--step problem becomes a single step decision.step problem becomes a single step decision.

Dynamic programming assumes knowledge of stateDynamic programming assumes knowledge of state--transition probabilities.  transition probabilities.  

Reinforcement learning does not.  Instead, takes a Monte Carlo aReinforcement learning does not.  Instead, takes a Monte Carlo approach.pproach.
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{ } ),(),(),(),( 11 tttttttt asQasQasREasQ ππππ γ −+=∆ ++

Subtract right side from left to get algorithm for updating QSubtract right side from left to get algorithm for updating Q

[ ]),(),(),(),( 11 ttttttttt asQasQasRasQ πππ γα −+=∆ ++

Replace expectation with sample (Monte Carlo approach)Replace expectation with sample (Monte Carlo approach)
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[ ]),(),(),(),( 11 ttttttttt asQasQasRasQ πππ γα −+=∆ ++

Reinforcement LearningReinforcement Learning

This converges on best approximation of value function for This converges on best approximation of value function for 
policy policy ππ..

To also improve the policy:To also improve the policy:[ ]),(),(min),(),( 1 tttAattttt asQasQasRasQ πππ γα −′+=∆ +
∈′

(Q(Q--learning, Watkins, learning, Watkins, 
1989)1989)

),(minarg)( asQs
Aa

tt
∈

=π

Q implicitly defines the policy:Q implicitly defines the policy:

Value function (Q) learned by critic network.Value function (Q) learned by critic network.

Policy function (Policy function (ππ) learned by actor network.) learned by actor network.
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Reinforcement Learning ResultsReinforcement Learning Results
(1996)(1996)
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Robust Control based on
Robust Control based on

Integral Quadratic Contraints

Uncertainties  (D)

Controller/Plant (M)

v w

An Integral Quadratic Constraint (IQC) describes the34.lationshi p  b e t w e e n  

signals as
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Given specific IQCs for a particular system, this inequality problem 

becomes a linear, matrix inequality (LMI) problem2
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Learns improved control, but no guarantee of stability.Learns improved control, but no guarantee of stability.

Can we formulate combination of PI control and RL within Can we formulate combination of PI control and RL within 
robust control theory?robust control theory?

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

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

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

Robust Reinforcement Learning?Robust Reinforcement Learning?
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Neural Net for Learning AgentNeural Net for Learning Agent

tanh

tanh

tanh

linear

W V

Actor Network  (Critic Network not shown)
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IQCs IQCs for Neural Network as RL Agentfor Neural Network as RL Agent

Nonlinear Nonlinear part:  part:  tanhtanh

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

TimeTime--varying part:  weight updatesvarying part:  weight updates

replace with slowly timereplace with slowly time--varying IQCvarying IQC

Replace with Replace with IQCs IQCs only for stability analysis, not during only for stability analysis, not during 
operationoperation
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IQCs IQCs for Neural Network as RL Agentfor Neural Network as RL Agent
TwoTwo--layer neural net as actor, layer neural net as actor, 

in parallel with controller.in parallel with controller.

Now with Now with tanh tanh and varying and varying 
parameters “covered” by parameters “covered” by 
IQCsIQCs..
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Reinforcement learning algorithm guides adjustment of actor’s weReinforcement learning algorithm guides adjustment of actor’s weights.ights.

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

Incorporating TimeIncorporating Time--Varying IQC in 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
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Test on Simple Test on Simple 
Simulated TaskSimulated Task

Reference

Output
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Trajectory of Weights and Bounds Trajectory of Weights and Bounds 
on Regions of Stabilityon Regions of Stability

BB

CC

DD

EE

AA

initial weight vector
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Distillation ColumnDistillation Column

Example of task Example of task 
for which control for which control 
variables variables 
interact in interact in 
complex way.complex way.
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Decoupling ControllerDecoupling Controller

Good responseGood response

NominalNominal PerturbedPerturbed

Terrible responseTerrible response
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Robust ControllerRobust Controller

Less aggressive responseLess aggressive response

NominalNominal PerturbedPerturbed

Much improved responseMuch improved response
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Robust Reinforcement LearningRobust Reinforcement Learning
Perturbed case, no learningPerturbed case, no learning

(from previous slide)(from previous slide) Perturbed case, with learningPerturbed case, with learning

Through learning, controller has Through learning, controller has 
been finebeen fine--tuned to actual tuned to actual 
dynamics of real plant without dynamics of real plant without 
losing guarantee of stability !losing guarantee of stability !

Sum Squared ErrorSum Squared Error

Nominal ControllerNominal Controller 0.6460.646

Robust ControllerRobust Controller 0.2860.286

Robust RL Controller   0.243Robust RL Controller   0.243
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Reinforcement Learning Reinforcement Learning 
without without IQCsIQCs

Ultimately achieves same good performance, but Ultimately achieves same good performance, but 
during learning periods of instability occur.during learning periods of instability occur.
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ConclusionsConclusions

•• IQC bounds on parameters of IQC bounds on parameters of tanhtanh and sigmoid and sigmoid 
networks exist for which the combination of a networks exist for which the combination of a 
reinforcement learning agent and feedback control reinforcement learning agent and feedback control 
system satisfy the requirements of robust stability system satisfy the requirements of robust stability 
theorems. (static and dynamic stability)theorems. (static and dynamic stability)

•• Resulting robust reinforcement learning algorithm Resulting robust reinforcement learning algorithm 
improves control performance while avoiding instability improves control performance while avoiding instability 
on several simulated problems.on several simulated problems.
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Current WorkCurrent Work

•• Applying robust reinforcement learning to HVAC model Applying robust reinforcement learning to HVAC model 
and real HVAC system.and real HVAC system.

•• Developing continuous versions of reinforcement Developing continuous versions of reinforcement 
learning.learning.
•• Continuous state, action needed for highContinuous state, action needed for high--

dimensional control problemsdimensional control problems

•• Investigating valueInvestigating value--gradient method (based on gradient method (based on Werbos’Werbos’
heuristic dynamic programming, 1987).heuristic dynamic programming, 1987).
•• Uses known or learned model of system dynamics.Uses known or learned model of system dynamics.
•• Can result in much faster learning.Can result in much faster learning.
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P l a n n e d  W o r k

•

C a n  s i m i l a r  b o u n d s  b e  p l a c e d  o n  o t h e r  a c t i v a t i o n              

f u n c t i o n s ?

D i r e c t l y  a d d  r o b u s t  c o n s t r a i n t s  t o  f u n c t i o n  b e i n g  

o p t i m i z e d  

b y  
 3 i n f o r c e m e n t  l e a r n i n g .

•

E x t e n d  t h e o r y  a n d  a l g o r i t h m s  t o  i n c l u d e  d y n a m i c ,  

r e c u r r e n t  n e u r a l  n e t w o r k  a s  a c t o r .

•

M e a s u r e d  v a r i a b l e s  f r o m  s y s t e m  m a y  n o t  f u l l y  

r e p r e s e n t  s t a t e  o f  t h e  s y s t e m .

•

R e c u r r e n t  n e t  c a n  l e a r n  a  s t a t e  r e p r e s e n t a t i o n .

•

I n v e s t i g a t e  a l t e r n a t i v e  w a y s  o f  q u i c k l y  a d a p t i n g  t h e  

i n t e r n a l  r e p r e s e n t a t i o n  o f  t h e  n e u r a l  n e t w o r k .

•

E v a l u a t e  w i t h  m o 
 3 6 c o m p l e x  c o n t r o l  s y s t e m s .
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Significant Project OutcomesSignificant Project Outcomes

•• Developed models of HVAC SystemDeveloped models of HVAC System

•• Built Experimental HVAC SystemBuilt Experimental HVAC System

•• Developed and Implemented PI Plus Developed and Implemented PI Plus 
Neural Network ControlNeural Network Control
••Improved performance Improved performance 
••Simple to implement and trainSimple to implement and train
••MISOMISO
••Applicable to many processesApplicable to many processes••Applicable to many processesApplicable to many processes
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Significant Project Outcomes Significant Project Outcomes (cont.)(cont.)

•• Designed MIMO Robust ControllersDesigned MIMO Robust Controllers

•• Implemented MIMO ControlImplemented MIMO Control
•• Reduced TReduced Taoao Settle Time by over 300%Settle Time by over 300%

•• Decoupling of  Controlled VariablesDecoupling of  Controlled Variables

•• Simultaneous, Coordinated Control ActionSimultaneous, Coordinated Control Action

•• Controllers are Insensitive to Model UncertaintyControllers are Insensitive to Model Uncertainty
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Significant Project Outcomes Significant Project Outcomes (cont.)(cont.)

•• Tested Controller on Standard ProblemsTested Controller on Standard Problems
–– For the first time, a control neural network can be For the first time, a control neural network can be 

trained while guaranteeing robust stabilitytrained while guaranteeing robust stability

–– A potential breakthrough in the application of neural A potential breakthrough in the application of neural 
networks to controlnetworks to control

–– Training is by reinforcement learning, obviating the Training is by reinforcement learning, obviating the 
need for training data sets.need for training data sets.

•• Designed Robust Reinforcement Learning Designed Robust Reinforcement Learning 
ControllerController
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Impact of ProjectImpact of Project
•• Dramatic Improvement versus Current HVAC ControlDramatic Improvement versus Current HVAC Control

–– Improved EfficiencyImproved Efficiency

–– Stability and RobustnessStability and Robustness

–– Coordinated MIMO ActionCoordinated MIMO Action

•• MIMO Robust Control MIMO Robust Control 

•• First Guarantee of Stability During Reinforcement First Guarantee of Stability During Reinforcement 
Learning.Learning.

•• Potential Cost SavingsPotential Cost Savings

•• Installation and MaintenanceInstallation and Maintenance

•• 6 Publications6 Publications

•• Currently Pursuing 2 PatentsCurrently Pursuing 2 Patents

•• 4 Masters and 2 PhD Students4 Masters and 2 PhD Students
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Future DirectionsFuture Directions

•• Dissemination into IndustryDissemination into Industry

•• Implementation of Robust Learning Control on Implementation of Robust Learning Control on 
MIMO HVAC SystemMIMO HVAC System

•• Large Scale Experimental PlatformLarge Scale Experimental Platform

•• GainGain--Scheduled ControllersScheduled Controllers

•• Nonlinear Modeling Nonlinear Modeling –– PDE ApproachPDE Approach

•• Robust Reinforcement Learning Control Robust Reinforcement Learning Control 
Theoretical AdvancesTheoretical Advances

•• Advanced Robust Learning AlgorithmsAdvanced Robust Learning Algorithms
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Significant Project Outcomes

•

B u i l t  E x p e r i m e n t a l  H V A C  S y s t e m  

•

D e v e l o p e d  Models of HVAC system

•

D e s i g n e d  M I M O  R o b u s t  C o n t r o l l e r s

•

I m p l e m e n t e d  MIMO Control

•

R e d u c e d  T

a o S e t t l e  T i m e  b y  o v e r 0 3 0 0 %

•

D e c o u p l i n g  of  Controlled Variables

•

S i m u l t a n e o u s ,  Coordinated Control Action

•

C o n t r o l l e r s  a 
 3 6 I n s e n s i t i v e  t o  M o d e l  U n c e r t a i n t y

•

R e a d y  for Robust Learning Control


