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2015

Started my PhD thesis
on “Medium-term
hydropower scheduling”
using the SDDP and
SDDIP algorithm.

Pascal Cote holds a talk on Worked at Lyse,
“Mid-Term Hydro- a hydropower
Scheduling Problem: The company in
Battle Between Stochastic Norway.
Dynamic Programming and
Reinforcement Learning”.

2018

Innovation ¢V The Research Council

Norway ‘A of Norway

2020

Started working in
a machine learning
team at Fraktal in
2020.

Started a project on
using reinforcement

learning for

hydropower

scheduling. Partners:

e Lyse

» The Research
Council of
Norway

* Innovation
Norway
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"
Refresher on the Stochastic Dual Dynamic Programming algorithm

Key concepts Stagewise formulation
C) Iterative algorithm
}} Forward iteration provides
candidate solutions Qt(Xt—1,8c-1) = max e (e, ye) + Velxp)}
(Xt Ye)EXe(X¢—1,E¢-1)
‘ { Backward iteration trains the Vi(xy) = {0; < Uy,
expected future profit function 0y < mexy + b}

To guarantee convergence

Iz  iid stochastic process

e Linear problem
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-
Reinforcement learning are based on the Markov decision process

lllustration Nomenclature
RL SDDP
as Ve Action
Tt & Ti+1 Epqq St xe State

Tt f+ Reward

O 7t Oyt+1 O V(x:) Q(x;)  State-value function

X¢ Xt+1 Xt+2 . .
Q(x¢, V) Action value function
(- |x;) Stochastic policy function
u(xe) Deterministic policy function
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I What is the objective of RL and stochastic optimization?

Maximize expected sum of rewards Minimize expected cost function
T
](Tl—) — z ]E(St at)Np [T(St, at)] (xm;n) Z pnfn(xn: Yn): (xa(n); xn; yn) € XnV n e T
t=0 , " v ney
ag

(3 T
e o o \/@ *\é

St+1, 1t
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I How are they solved?

Maximize expected sum of rewards Minimize expected cost function
T
](n) — z IE(St,at)~p7T [T(St; at)] (xr"ril,;r;) {Z pnfn(xn; .Vn): (xa(n); xn; yn) € XnV n e T}
t=0 nesy

Qn(xa(n)) = (xm;n) {fn(xnr Yn) + Qanm(xn) : (xa(n)» Xn» Yn) € Xn }

mec(n)

Q(styar) =1r(spap) + Es,,1~pn [V(St41)] Qe (xe—1) = (fft‘,iy?) {ft(xt» Ve) + IExt[Qt+1(xt)] P (o1, X6 Ye) € Xt}

Function approximation

Function approximation

* Neural networks * Hyperplanes
« Gradient ascent « Mathematical programming
solvers
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I How are they solved?

a, = argmaxg (- |S¢)
a

t

Xe, Y = argmin {f;(x¢, y) + Ve(xe) }

(xt,Yt)EX
= Qp(s0a) O
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"
Policy optimization is reinforcement learnings “version” of the mathematical solver

Formulation
Reward A
ewar
function J(m) = Z E(spap)~pr [T(Se, ae)]
t=0
C t a
ompute B
gradient Vo (me) = Vg Es,an~pn, [r(se, a¢)]
t=0
Arithmetic
T
Policy gradient Vo (1) = Eop, Z Volog(mg(ac|se))r(se, ar)]
t=0
Gradient ascent 0 =0+ 1Vy/(my)
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"
Q-learning is reinforcement learnings version of SDDP’s backward pass

Formulation

Bellman

equation Q(seyar) = (s ar) + Espyip, [V (Ses1)]

Approximate
Pb Qu(st,ar) =1(st, ar) + Qu(Ser1, Ary1)

action value
Bellman error 8p = Qo(sp,ar) —[r(se ar) + Qp(Ser1, Arr1)]
Gradient ascent ® =@ +1V0,
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 Three hydro power systems
« Small
 Medium

* Weekly time resolution over two years
o 104 stages

» Historical price and inflow scenarios
* Markov chain for training
» Actual scenarios for evaluation
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I Inflow and energy prices used in case study

Energy price Inflow
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I Hydro system “Medium”
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I Hydro System Large
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I Benchmarking against a conventional SDP/SDDP model. Performed with a Norwegian hydropower
producer.
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Results were on par when comparing weekly values

However, RL algorithm was not able to handle hourly decision adequately

e ~20% worse score
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Is there some way to combine the benefits of reinforcement learning and SDDP?

Idea Goal How

Build the value function with Leverage nonlinear neural lterative approach with
neural nets and solve stagewise nets and precision of approximated gradients
decision problem with a mathematical solvers

mathematical solver

- X, Ve = argmin {f;(x¢, ye) + Vil
(Xt,Ye)EX¢t

o = g 1)

Critic
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I Overview of the simple deterministic case study used for testing
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I The value function is approximated by a neural network
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You have the value function described by a neural network, now what?

xe,ye = argmin {fe (e, o) + Vp(xf)} (1)

(xt,yt)EXt

Algo 1

1. k=0, setx).

2. Fix V,(xf)

3. Solve (1)

4. Ifx, —xk > 6
Solve gradient ascent
Update x¥ and go to 2.

Else:

Finished.

The solution is sensitive to
the random initialization of
the neural net and

hyperparameters of Algo 1

22.09.2022
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The value function learned with Q-learning
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SDDP is still king ...

22.09.2022
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I .... but the robots are getting closer!
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Fralktal

Thank you!

Martin.Hjelmeland@fraktal.no
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