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What makes a problem complex?



A Case Study: Traffic Light Placement

= Add/remove traffic lights in a city

» [raffic lights can be connected (green wave
" Every operation has a cost

= Budget limit

= Objective: improve traffic flow
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A Case Study: Energy Incentive Design

" Assign resources to iIncentive actions
" Reach a renewable generation quota
= Objective: minimize cost
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A Case Study: Thermal Aware Job Allocation

= Many-core CPU (Intel SCC, 2009, 48 cores
= Dispatch jobs

» | oad balancing constraints

* Objective: avoid thermal hot-spots (efficiency 10SS
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What Makes a Problem Complex?

In general, many things:

= Scale

" Different types of decisions

= Poor bounds/propagation...

But for these problems it's something else!

How do we model...

* The link between traffic light location and traffic?

= Between incentives and renewables diffusion/acceptance’?
= Between job placement and temperature/efficiency’?

This Is via

an expert-driven approach!
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Example: Thermal Aware Job Mapping

The temperature/efficiency of a core is affected by:

CORE 10

CORE®

CORE 12 E BB

m
m
CORE 11
| N
~ADE 7

CORE O CORE 1

CORE 2 E BB

the room temperature

the workload of each core
the neighbor workload
the heat sink positions...

A simulator is viable, but

Sometimes, you don’t even
have a simulator!
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A possible solution:
Empirical (Decison) Model Learning



Empirical (Decision) Model Learning

= Start from

Avg.  Std. Avg.  Std.

Load @ Load 0 Load 1 Load 1
0.9 0.1 0.7 0.3

.........................................................................................................................................................................................................................................................

Core O Core 1 Core 2

.........................................................................................................................................................................

.........................................................................................................................................................................
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Empirical (Decision) Model Learning

= Start from observations
" Approximate via Viachine Learning

h : load stats — core k efl.
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Empirical (Decision) Model Learning

= Start from
" Approximate via
- the "IN the combinatorial model

min z = f(Z, )
s.t. ¥ = h(T)

all manner of constraints

<| =|

ML model input
ML model output
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Empirical (Decision) Model Learning

In an nutshell:

Core
combinatorial
structure

ML model

EML = combinatorial problem + ML model

Why is it cool?

= Optimize over complex systems! = Choice of host optimization technology

" Faster then running a simulator " Bounding, propagation, inference, etc.

= No simulator, still fine
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Empirical (Decision) Model Learning

Walit a sec...

EML = combinatorial problem + ML model

Don’t we get an

approximate model?
Yes, but:

" All models are approximate
= \With ML this Is acknowledged...
= . ..And we can even estimate the accuracy!
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Key step:
How do we embed a ML model
iInto a combinatorial model?



Neural Networks

Let’s consider (Artificial Neural Networks)

. . J
= monotone e.g.

= non-decreasing  RelU

In MI(N)LP: write the NN equations in the model
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Neural Networks & MI(N)LP

Let’s consider (Artificial Neural Networks)

4 N\ 2
> f —
N /
y=wlx+b
For RelUs:
z = max(0, y)

c=wlx+b—s with: 2,5 >0
t=1—s<0
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Neural Networks & MI(N)LP

Sounds simple, but the devil is in the details (i.e. in the bounds):

1

Ao >

g(l) Yo

' -
True RelLU Zo LP Relaxation

There Is a trade-off:
* Poor bounds = poor relaxation )
» (Good bounds = expensive pre-processing YA tuats amen sTuDtomL




Neural Networks & MI(N)LP

Some experimental data:

Relative UB over depth

] — IP(a)
1 === 1Pl

103_: ...... |P(S)
] — IR
} ——-LP

Relative ub
=
<

=

o
=
|

Num. hidden layers

Advice: use strong bound tightening!

Closed instances

Num. of closed instances (width=25)

90 ]
80 -
70 -
60 -

— IP()

——- IP(1)-CG-2
50 4 seees IR

— LP

~—- LP-CG-2 !
40 | | | | | |

1 2 3 4 5 6 7
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Neural Networks & CP

Let’s consider (Artificial Neural Networks)

In CP: a global constraint
for each neuron!

Since f is monotone:
" Ub(y) changes«e ub(z) changes
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Neural Networks & CP

xo € [-1,1] @

However, consider this network: @

Propagation:
Xo = 1, D / D
X -1,1 = ¢ 9 y Yo
rorng € LI .21 [...,0.96]
X1 € ['1,1]')(1 — 1N y N\ /
Xo = -1/ D / D
X '1,1 = ¢ 9 y Yo
For s o € | ] : Z | 2 | » | @>96-|
X1 € [—1,1],X1 N ) - |
...,0.96]-9-26 VL1, —T...
cor ns [ ] b3 [ 1.93] | |
[...,0.96]-
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Neural Networks & CP

The true maximum is 1.51 (not 1.93)!
" [here Is a discrepancy even for small networks...
" . And It get exponentially worse for large ones

An improvement: Lagrangian relaxation

.ol This is separable!
max z(A) = b+ »  w;f(y;)+

s - X-part

(linear)

y-part
(non-linear,
further separable)
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Neural Networks & CP

Some experimental results:

Number of branches

Solution time
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Decision Irees

" |nput: tuple of atiribute values

= Qutput: a class . .
A numeric attribute

> 20

- symbolic attribute
0 1
B/
/D\ ‘
< 20 > 20 1
)

L L
0 1

branch Llabels

1 class labels =
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Decision Trees & CP

A first, simple, encoding:

< 20 > 20 A path is an implication!

1 <10 > 10
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Decision Trees & CP

A second, stronger, encoding:

A : :
A path is a set of feasible
i =29 =0 assignments!
<10 > 10
C
: 1 °
A
]
1 <10 > 10
. ]
0 1
A:
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Decision Trees & CP

A second, stronger, encoding:

A path is a set of feasible
assignments!
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Decision Trees & CP

A second, stronger, encoding:

A path is a set of feasible
assignments!
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Decision Trees & CP

Some experimental results (including other encodings)

#Solved inst. over time, feat1l8u

100
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Decision Trees & SMT
What about using SMT?

60 -
" Fasy to encode implications
= No table constraint... 50 -
= _..But SMT has conflict learning!
40
¢
;30
Some experimental results: 3
20 -
10 -

— YICES(WRules)

— == OptiMSAT(WRules)

—-= YICES(ITE)

—— OptiMSAT(Rules)

—== MSAT(ITE)
MSAT(WRules)
MIP(VZY)
Z3(WRules)
Z3(Rules)
Z30PT(WRules)
Z30PT(Decl)

—-= CP(CTuples)

1 = CP(Decl)

2000 3000
Instances Solved




Does it Work? Let’s see on the Thermal-Aware Dispatching
True (simulated) core efficiencies, after 60s optimization

Inst. #0 Inst. #1 Inst. #2 Inst. #3 Inst. #4 Inst. #0 Inst. #1 Inst. #2 Inst. #3 Inst. #4

e
L e - . -0 A L. e | B Y |
L I | (| | L | [ S . |
Inst. #15 Inst. #16 Inst. #17 Inst. #18 Inst. #19
L TR :: R . . .
e . i | B . T B .

Linear Model
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Af course, the whole picture is bigger...



Of Course, There Are Related Approaches

A bunch of them, In fact:

= Black-box optimization (with surrogate models)
= System identification

» | ocal search/GAs + actual simulation
* Machine Learning model verification...

We made a survey!

http://emlopt.github.io

= A reference web site for all EML-related stuft
= Survey, a (crude) library
" And a decent tutorial with on “epidemic control”...
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Food for thought



Morsel #1

EML allows optimization over complex systems

This includes !

* The ML can learn the behavior of the system and the optimizer!
* E£.g. In thermal aware dispatching we included an on-core scheduler

EML can be used to build

= CON: no overall optimality guarantee
= PRO: no direct communication, no cuts, etc.!

£
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Morsel #2

In EML, higher accuracy is not always better!

Complex ML models ; Simple ML models
* More accurate " | ess accurate
* Run-time overhead . = Quicker to evaluate
= \Weaker inference (bounds, etc.) » More effective inference
Risk: ' Risk:

There Is between

= How to deal with large models?
* How to characterize it? 1B TR STIBioN




Morsel #3
A typical training set iIn ML looks like this:

A

Historical data

Output values

Input configurations
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Morsel #3

The ML model provides a prediction for every input value

A

Predictions

Output values

Input configurations
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Morsel #3

The optimizer will search for the best one (HP: prediction = cost)

0p)
(D,
D)
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o Final solution

Input configurations
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Morsel #3

f this is far from known examples, there may be a large error

True
0p)
4 va lue
= ®
G 4
C .
4
-
o
4
-
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Input configurations
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Morsel #3

What can be done:
= \When building the training set
= Factorial design, Latin hypercube sampling...
" At search time:
= Active learning, It you can run experiments
" Connection with preference elicitation and black box optimization

so far in EML

* Training efficiency?
" How to ensure significant model changes” GATER) ALMA MATER STUDIORUM
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Morsel #4

Some ML models provide well-defined uncertain output
» DT report misclassified examples

= Regression trees have standard deviations

= NN classifiers yield full probability distributions

Some ML models can deal with uncertain inputs
= Both DIs and R1s support them nicely

Can we take advantage of this?

* \We could do chance constraints via ML
» Reasoning with stochastic information® FAIED) ALMA MATER STUDIORUM
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Morsel #5

= Optimization researchers like clean declarative models
* ML researches seldom use decisions as input for their models
" |n other fields, simulation and what-it analysis Is the way to go

We need to !

» Bring together researchers in CP, ML, OR, physics, social sciences...
= Show that optimization on complex real world system is doable!

...ANnd this requires effort from everybody
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That's alll
You (also) got questions?

http://emlopt.aithub.io

www.unibo.it


http://emlopt.github.io

