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Highlights (o gasir s

» Al & Optimization: Friends and Foes.

» JUMP and Deep Learning: How to Train Optimization Surrogates?
» Julia’s Multiple Dispatch: It is Great when Things Just Work.
» JUMP and Reinforcement Learning: How to Train Policies?

» Hopes and Plans for the Future!
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» Al & ML mostly concerned with Descriptive / Predictive Problems
— RL: Failures to then positive results

» Optimization focused on Prescriptions
— Uncertainty: Stochastic / Robust Optimization




Al & Optimization: Finally, Friends? (A' Institute for Advances
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» Predict than Optimize Culmulative Wealth
— Point Prediction / Scenario Selection / Ambiguity Set Forecast
— Deterministic / Stochastic / Distributionally Robust Optimization

At I
JuMP allowed complicated Portfolio Optimization (PO) with ML Forecasts.
» PortfolioOpt. |l JUMP

» Predict than Optimize — than loop
— Application's aware objective for ML models

DiffOpt (Differential Optimization) allowed us to feedback financial PO performance
to ML-Models.



https://github.com/andrewrosemberg/PortfolioOpt.jl

Al & Optimization: Teammates! ﬁl Insitute for Advances

» Parametric - Optimization Problems
— Repetitive (Learnable) structure — What can we do?
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» Cutting Planes
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Using Value Functions Approximations

» Cutting Planes
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Input-Convex Neural Network (ICNN) ﬁ'nstiwtefpmdvances
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VL(C) (b) Example ICNN (left) and its Output (right). All ICNN weights are positive
and it defines a convex function.
Fig. 2. Fully Connected ICNN Fig. 1. Illustration of Input-Convex Neural Networks.
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» Cutting Planes
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Proxies and OPF @gn;girg;;g{gnf*dvames

Can ICNNs approximate OPF value functions?

mxin cl'x + E[Q(x,w)]
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» Demonstrated ICNN efficacy on large-scale systems, showing they
match DNNs with most optimality gaps below 0.5%.

» For AC-OPF, SOC relaxation, and DC-OPF formulations.

» Bounds on ICNN generalization error based on training data
performance.

New tool to help efficiently solve larger OPF applications!
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TABLE II
ICNN PERFORMANCE RESULTS.
Mean gap (%) Worst gap (%)
System OPF ICNN DNN DC SOC ICNN DNN DC SOC
_ . ieee300 DC 0.15 0.19  0.00 - 1.58 1.90  0.00 -
|z~ =z | SOC 031 037 543  0.00 577 496 1079  0.00
gap = —|z*| . AC 039 039 735 198 1581 1456 2195 1647

pegaselk DC 0.28 0.33 0.00 - 2.35 1.83 0.00 -
SOC 0.33 0.82 1.60 0.00 2.22 2.15 1.88 0.00
AC 0.33 0.68 2.91 1.32 2.37 1.95 3.49 1.89

pegaseZk DC 0.22 0.30 0.00 : 3.45 3.21 0.00 -
SOC 1.03 0.32 2.15 0.00 3.15 2.36 2.35 0.00
AC 0.24 0.27 3.02 0.80 8.59 8.89 8.887 9.13

rtebk DC 0.27 0.38 0.00 - 1.76 1.15 0.00 -
SOC 0.29 0.57 2.67 0.00 1.69 5.52 3.17 0.00
AC 0.25 0.33 305 033 2.71 3.08 3.67 0.36
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L20: JUMP + POI + Flux =

L20.jl Hugging Face Flux.jl
save
Input Table model
(RecorderFile=CSVFile, ArrowFile) )
Type: Problem Iterator /4 Parameters. Ex.: Flux.chain
- — \ Load. Wind. ...
nstances
e ™~ 1 | Instance 1: d1[1] ... dN[1]
b9531992-2713-11ee- - Min ¢ optimizer
Ida551.a1112e9ad1b6 D] =T} 9 2 | Instance 2 ~
e ™~ Flux. ADAM(
MOl.set sum( fp 53) + sum( fy my) UX. )
d1 0.1 d1 d1 S st ' ’
g 0 m ~— +01 <=d1 T | Instance T feature
? _
g MOLset }—>»
& dN 25 v dNE .. dN] f — —Y .
| update_model ijOI.set'"‘j sum( §n,N} ) + sum( §N,m} ) s Flux.train
N +gN <=dN Output Table Y
T @ — (RecorderFile=CSVFile, ArrowFile)
Primal and Dual Variables
‘4" (Dispatch, LMP, ... yd
) Label
L sl 1 | Solution 1: g1[1] ... gN[1] Pz loss
i . 5 | Solution 5 / Flux.mse(model(x), y)
¥ ([ value —_|
record  —_f fiterin E >>'> i | Solutionj
/ ( dual
Type: Recorder{RecorderFile} K | Solution K
primal_variables = g1 aN
dual_variables LMP1 .. LMPN
filterfn (Ex: termination_status == OPTIMAL)
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» What if | want to represent my entire NN in JUMP?

function NNlib.relu(ex::AffExpr) icnn = Chain(Dense(1000, 10, relu), Dense(10, 10, relu), Dense(10, 1))
model = owner_model(ex) Cyain=lenniticnn)

relu_out = @variable(model, lower_bound = 0.0)

@constraint(model, relu_out >= ex)

return relu_out

model = Model(Highs.Optimizer)
@variable(model, x[1:1000] >= 0)
@constraint(model, sum(x) == 1.0)

end @objective(model, Min, icnn(x))

JuMP.optimize!ImodelI

function NNlib.relu(ex::AffExpr)
tol = 0.00001
model = owner_model(ex)
aux = @variable(model, binary = true)
relu_out = @variable(model, lower_bound = 0.0)
@constraint(model, relu_out >= ex *x (1-tol))
@constraint(model, relu_out ex x (1+tol) + big_M * (1 - aux))
@constraint(model, relu_out big_M x aux)
return relu_out
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» Multistage Stochastic Programing

min X1,y1) + E min X9,y2) + E[ - - +
(¥1,x1)€X1(x0) f( ' Y1) [(Y2,X2)€X2(X1,w2) f( < Y2) [
E[ min f(x¢,y¢) + E[-- -]

(yt,%Xt)EX (Xt —1,we)

Vi(xi—1,wt) = )r(nl}p f(xt,¥t) + E[Vig1(xe, wer1)]
S.t. Xt = T(Xt_l, We, yt)

h’(xt7 yt) Z 0
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» Multistage Stochastic Programing

min X1,y1) + E min X9,y2) + E[ - - +
(¥1,x1)€X1(x0) f( ' Y1) [(Y2,X2)€X2(X1,w2) f( < Y2) [

E min X¢, +El-.
[(Yt,xt)EXt(xt_l,wt) f( : Yt) [ ]]]

7} ({w;}j=2..4, Xo) € arg min Fx,¥e) + Vera (x,)

Xt XYt
S.t. Xt = T(Xt—la wt, Yt)
h(xta)’t) =20
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TS-GDR vs SDDP

Table 3: Comparison of SDDP and ML Decision Rule for Bolivia with AC Implementation.

Al Institute for Advances
in Optimization

" Model Plan Imp Cost (USD) GAP (%) Training (Min) Execution (Min)
A
=& TS-DDR  AC  301851(44876) - 60 0.067
SDDP SOC 302816(£5431) 0.32(42.34) - 480
TS-LDR AC 319326(£4715)  5.79(%1.30) 226.01 0.067
SDDP  DCLL  323895(£3944)  7.30(£2.27) - 320
e DecisionRules | ) o _
owerModels.jl SDDP,jl
Network Description “-.':":""" m:,-;':“ LGy § _
Q(w;6) = min 3 Floxe,ye) + 6 - st e " e X B3R .’*"/:
o xs.t. tx,f:( T(x(),l,w,,‘l)'L)l‘ vt » \ I mor... | o d ““\:\*:“.
: J e B " g ENENENE
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What about Control Problems? fm Institutefor Advances

» Stochastic Goddard Rocket

hmax ht == NPC == TS-GDR
hy — hy_
s.t. tAtt 1=vt_1 fort=2,...,T,
Ve — Vi1 U1 — D(he—1,04-1)
= —qg(hi_1)1— wy_
At i g( & 1) Wt —1
my — M1 Ut—1
= — f =2, v 9.0
At c Ort Y ) )
h.(h —h
D(h,v) = D.v? exp <—M> :
ho
B\ 2
o) = a0 (52)
v1 = vo, h1 = hg, m; = mg, ur = 0.0,
ve > 0, my > mp, 0 <up <y for =N’ T

W € N(O, ].)1

Godspeed!
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