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Water Distribution System
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The Pump Scheduling Problem




Pump Scheduling
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Pump Scheduling @

B Which pressure is necessary to deliver a certain amount of water into the system?

e Water demand has to be delivered

e Storage tanks must not overflow or run out of water

e A minimum water reserve has to be in the tanks

e A minimum pressure must be guaranteed in the pipe network
e Pumps must be operated efficiently

e Guarantee water exchange in tanks ,
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Water Consumption per Month in 2014

Pump Schedul

Average Electricity Consumption per Month in 2014
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Tank Level per Month in 2014
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Autonomous control




Autonomous Control
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Markov Decision Process (MDP)
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Markov Decision Process (MDP)
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—
G-E-')
D Andrey Markov
ctate ¢ ) ctate ¢’
reward r
- o I
RN . returne = v(0) + Y ¥ (1) + Y%#(2) .. K
/
\ ’



Markov Decision Process (MDP)
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Q-Learning [watkins & Dayan (1992)]




Reinforcement Learning (RL) [sutton & Barto. 2018]

__________________________________________________

state —— % — Q(s, a)

\ Deep Q-Networks [Mnih et at. 2013]



RL in Real-World [pulac-amold et al. 2017]

Observations? @
Rewards? !
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Pump Scheduling: POMDP @

e State: < Tank level, Water Consumption, Time of Day, Month, Last Action, Time Pumping, Quality >
e Actions: {NP1, NP2, NP3, NP4, NOP}

e Reward:

re = e/ QMY _ B yqp +log(1/(P 4+ w)) (1)

ri = —eTVR) B ycqp 4 log(1/(P + w)) (2)



Pump Scheduling: POMDP

Efficiency




Pump Scheduling: POMDP

Safety

Conctrainte

re = e/ QAW By u+ log(1/(P 4+ w)) (1)

ri = —e VR _ B yoh 4 log(1/(P + w)) (2)




Pump Scheduling: POMDP
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Pump Scheduling: POMDP

ri = /R _ B yah +log(1/(P +w)) (1)

re =i—e /) Bacgp+log(1/(P + w)) (2)

Electricity




Water Distribution Simulator
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Water Distribution Simulator
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Water Distribution Simulator
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Safety through Intrinsically Motivated Imitation
Learning




Imitation Learning
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Imitation Learning
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Safety through Intrinsically Motivated Imitation Learning (SIMIL)

state K-Nearest Neighbors augment the reward according to the state
* likelihood under the demonstration distribution
o0 Lo
[ O [ O choose the action most often >
Ol ] E]D ¢
O D = apply this action re =1+ pn(s)

0 = '7“; + ymaxy Q(s¢+1,a") — Q(s¢,a4)




Offline RL Algorithms

e Compare performance with Offline RL Algorithms

1 Random Ensemble Mixture (REM) 1 Batch Constrained deep Q-Learning (BCQ)




Offline RL Algorithms

e Compare performance with Offline RL Algorithms
e Generate the same amount of data
e SIMIL + REM

e Evaluate the policies using the water distribution simulator

o 1 year for learning, 1 year for evaluation

e \We average the mean cumulative return of 5 policies



Results
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Average Cumulative Reward
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Comparison Real-World

Policy Electricity Consumption (kW) (%)
REM T4 -1.11£9.78
SIMIL + REM M1 -4.05 +1.97
BCQ I+ -3.54 £ 2.71
REM M2 4.08 +7.93
SIMIL + REM N2 -3.33 £ 5.77
BCQ N2 -1.40 £ 3.33




Knowledge Transfer for Compositional
Representations through Curriculum Learning




/// \\
Curriculum Learning [Bengio et al. 2009]
1+1+1=3 3x1=3 3x(1+3)=12
5-1-2=2 5x1-3=2 7+2=35
7-3+4=8 8+2x2=8 x+2=8+4
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Knowledge Transfer for Compositional Representations .
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Knowledge Transfer for Compositional Representations .
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Knowledge Transfer for Compositional Representations .
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Knowledge Transfer for Compositional Representations .
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Pump Scheduling: State S and Action A
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Pump Scheduling: 3 steps curriculum

Second tack



Qs = {avg(NOP),NP1, NP2, NP3, NP4} !
softmax(max(Qs), max(Qx)) |
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Pump Scheduling
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Results: Pump Scheduling

Returns
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Summary

e POMDP for Pump Scheduling

o Lead to electricity savings while meeting constraints

e SIMIL

o Improve policy’s performance over baseline learning algorithm

e Curriculum Learning

o Can lead to better asymptotic performance compared to standard exploration
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