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m Travelling Salesman Problem

® Bin Packing Problem

Mixed Integer Programming

® Boolean Satisfiability

I Vehicle Routing Problem I

Graph Matching
F Computing Resource Allocation I

= Job Shop Scheduling Problem

= Graph Edit Distance
® Maximal/Maximum Inde pendent Set
= Differentiable Optimization
® Maximal Cut
Cuadratic Assignment Problem

= Car hspatch
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Machine Learning for Combinatorial Optimization:
a Methodological Tour d’Horizon*

Yoshua Bengio®?, Andrea Lodi'?, and Antoine Prouvost!?

yoshua.bengio@mila.quebec
andrea.lodi, antoine.prouvost{@polymtl.ca
P poLlym

!Canada Excellence Research Chair in Data Science for Decision
Making, Ecole Polytechnique de Montréal
2Department of Computer Science and Operations Research,
Université de Montréal
3Mila, Quebec Artificial Intelligence Institute

Bengio & LodiFA&ZFEREIMachine Learning for Combinatorial
Optimization: a Methodological Tour d ‘HorizonfJiX., B& T
F AR FEIFRAKFEASIALIERR E’J_ﬂlé’;‘ﬁ?@‘\i
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Pointer Networks

Oriol Vinyals*
Google Brain

Meire Fortunato*
Department of Mathematics, UC Berkeley

Navdeep Jaitly
Google Brain

T
General 3

Making use of attention mechanism
to make sure |output| == |input|

4{

v iBEIRE-S @AM EEESERSRYESHINE (Attention
Mechanism) T k#EL BE SRR

v #bidea: 1£5HYseq2seqiRELR T AR R BB Y IRNEI CRSEE
NFFHKERISERTSRR A, BETXMER, (FEEEHE—
ERIRIRIEIE S TS, BN EHONBARYIR—It=, MM
AL BB FRANFY AR RIS RIRERMHIAICER, MWMIUEEREE,

v w7l LRERSEBUEANTENRMNER, ERHUARTE
SRR

Graph = Sequence
of nodes

» Seq-2-Seq Model of nodes

Solution: Sequence ]

I u; =
1 attention: aj = softmax(uj) je(,..., n) Pointer networks
: d = ia;ej O Vinyals, M Fortunato, N Jaitly - Advances in neural ..., 2015 - proceedings.neurips.cc
] I} o= ... » We propose a new architecture, that we call Pointer Net, which is simple and effective. It ...
: softmax probability distribution as a “pointer”. « We apply the Pointer Net model to three distinct ...
I | This wj = o” tanh(Waej +Wads) j€(1,...,n) Y¢ Save DY Cite Cited by 2363 Related articles  All 9 versions 9
1,% paper: p(Ci|Ch,...,Ci—1,P) = softmax(u’)
6 Huawei Confidential é"é HUAWEI
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> Exact combinatorial optimization with graph > Solving mixed integer programs using neural
convolutional neural networks, MILA, NeurlPS 2019 networks, DeepMind, arXiv 2020

_, node expansion . Integer programming: One of Karp's 21 NP-complete problems
order :

global lower and T . i
- upper bound 111111 C rI <—?bjet(.:t ve
O optimal node unction
Ofalhomed node ‘ B -
AT<b <+——Linear constri
<«—— ntegrality
Z; = Z \VIZ constraint
min -2x -y S
st 3x-5y=0

3x+5y=<15 . Neural MIP Solver

Xioa} SO / Noupll DI»:I g » \
R Py(z|A,b,c) == 1*:} -
RS BHHYPRYT SIREFERR iput MIP ’

P assignment
State encoding {A [), ('}—>

found

J

et sk

Branching Policy as a GCNN Model ural Br anchlng

Natural representation : variable / constraint bipartite graph
Neighbourhood-based updates: v; « Zje.\', fo(vi,eij cj) P / e &p

riable
jshicn) IS tgweé
. T o pr— x =0, x =1 un
/.\ argmin ¢ x e00\.‘:0
0.2 { = elo :
\—/\eoo\/c‘o\ subject to  Ax < b, / .| )
—
011 ) /v\/elo 7 I<x<u, /e2|/
N €20 /él\ xeZP x R"P.
0.7 (" 1—
3 e % A
&J » v;: variable features (type, coef., bounds, LP solution...)

S—— S— > ¢;: constraint features (right-hand-side, LP slack...) ;Eég&*mﬁ] ¢ m;ﬂ:g‘ ;:F Emgﬂsg

w(als) s > e;;: non-zero coefficients in A

v HIEZFER: B> —EERR> EERNN v EMRE+IE(FEY . REAEREHI T EIEEAITR
v IBHEY: BEERRERIEERSIESIRNEERE, FXE W, FEARpZEIHITEEILE

Imitation Learningfl&3&5 2 %kt&(Strong Branching) v R 7EGoogle REPEF~#EE F BE BT RKFSS
WR: ERIEHIESE L EEBECKkFes PR HTEIRERA SCIPEIFEE ordli
220W73: AL 9NeurlPS 2021 MLACOEERELEL; MILA v BAES: ZAERIL
HEH TSI ESRECOle

AN

FESGPU/NET)
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NSF ARTIFICIAL INTELLIGENCE RESEARCH INSTITUTES

NSF-LED NATIONAL Al RESEARCH INSTITUTES 2020 .. 2021 .voras

The U.S. National Science Foundation (NSF) announced a $220 million investment in eleven new Artificial Intelligence (Al) Research Institutes, building
on the first round of seven Al Institutes totaling $140 million funded last year. (The default map view below shows all awards combined).

*LEAD ORGANIZATION H PRINCIPAL ORGANIZATIONS @ PARTNERS/COLLABORATORS

7

2021 the new awards, each at about $20 million over five years,
will support 11 ‘institutes spanning seven research areas:

Human-Al Interaction‘and Collaboration
Al for Advances in Optimization

Al and Advanced Cyberinfrastructure

Al in Computer and Network Systems
Al in Dynamiic,Systems e /
Al-Augmented Learning \
Al-Driven Innovation in Agriculture and the Food System.

VVVVYVYVYVY

- N

- COESLETYES . . = e e / .
“The U.S."National Science Foundationfannounced the establishment of 11 new NSF National Artificial Intelligence Research Institutes,
~._building-en"the first round of seven institutes funded in 2020. The combined investment of $220 million expands the reach of these
institutes to include a total of 40 states and the District of Columbia.” ‘

A
y

o 0 (

NSF Al Institute for Research on Trustworthy Al
in Weather, Climate, and Coastal Oceanography

NSF Al Institute for Foundations of Machine Learning

USDA-NIFA Al Institute for Next Generation Food Systems

USDA-NIFA Al Institute for Future Agricultural
Resilience, Management, and Sustainability (AIFARMS)

NSF Al Institute for Student-Al Teaming

Molecule Maker Lab Institute (MMLI): NSF Al Institute
for Molecular Discovery, Synthetic, and Manufacturing

NSF Al Institute for Artificial Intelligence
and Fundamental Interactions

NSF Al Institute for Collaborative Assistance and
Responsive Interaction for Networked Groups (AlI-CARING)

NSF Al Institute for Learning-enabled

Coticaizot tSeala /Tl OC)
g

NSF Al Institute for Optimization ]

00000 OC 0P

NSF Al Institute for Intelligent Cyberinfrastructure with
Computational Learning in the Environment (ICICLE)

NSF Al Institute for Future Edge Networks
and Distributed Intelligence (AI-EDGE)

NSF Al Institute for Edge Computing
Leveraging Next Generation Networks (Athena)

NSF Al Institute for Dynamic Systems

NSF Al Institute for Engaged Learning

NSF Al Institute for Adult Learning and
Online Education (ALOE)

USDA-NIFA Al Institute: Agricultural Al for
Transforming Workforce and Decision Support (AgAID)

USDA-NIFA Al Institute: Al Institute for
Resilient Agriculture (AlIRA)
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NSF-LED NATIONAL Al RESEARCH INSTITUTES

ZiESET:

IE2Hh

I This is an Interactive PDF and is best viewed using Adobe

Acrobat. Hover cursor over dates below or circles to the right
to display more information. If you have issues with these
features you can download a sandard PDF available here.

The U.S. National Science Foundation (NSF) announced a $220 million investment in eleven new Artificial

Intelligence (Al) Research Institutes, building on the first round of seven Al Institutes totaling $140 million
funded last year. (The default map view below shows all awards combined).

Yk LEAD ORGANIZATION

This NSF Artificial Intelligence (Al) Research Institute fo
Advances in Optimization aims at delivering a paradigm shift
in automated decision making at massive scales by fusing Al

and " Mathematical Optimization (MO)," to achieve
breakthroughs that neither field can achieve independently.

> -

2 02 OAwards 2 02 1Awards

H PRINCIPAL ORGANIZATIONS @ PARTNERS/COLLABORATORS

Led by the Georgia Institute of Technology and partially
funded by Intel, this Institute will merge Al and mathematical
optimization to create “intelligent systems that can deliver
decision-making at’massive scales. Along with supply chains,
optimization methods powered by Al will improve decision-
making in complex systems for energy, sustainability and

//circuit design.

AWARDS

NSF Al Institute for Research on Trustworthy Al
in Weather, Climate, and Coastal Oceanography

NSF Al Institute for Foundations of Machine Learning

USDA-NIFA Al Institute for Next Generation Food Systems

USDA-NIFA Al Institute for Future Agricultural
Resilience, Management, and Sustainability (AIFARMS)

NSF Al Institute for Student-Al Teaming

Molecule Maker Lab Institute (MMLI): NSF Al Institute
for Molecular Discovery, Synthetic, and Manufacturing

NSF Al Institute for Artificial Intelligence
and Fundamental Interactions

NSF Al Institute for Collaborative Assistance and
Responsive Interaction for Networked Groups (Al-CARING)

NSF Al Institute for Learning-enabled
Optimization at Scale (TILOS)

\

NSF Al Institute for Optimization
LEAD:

Georgia Tech

PRINCIPAL ORGANIZATIONS:
University of California - CA
University of Southern California - CA
Clark Atlanta University - GA
University of Texas - TX

« Spelman College - GA

PARTNERS/COLLABORATORS:
Georgia Center of Innovation for Logistics - GA
« Amazon Robotics - MA
Georgia Dept of Economic Development - GA
UPS - GA
Girls Academic Leadership Academy - CA
Gurobi Optimization - OR
Ryder - GA
Mosek ApS - Denmark
Oak Ridge National Laboratory - TN
Midcontinent Independent Systems Operator (MISO) - IN
Los Alamos National Laboratory - NM
Lawrence Livermore National Laboratory - CA

« Atlanta Public Schools - GA

9 P

USDA-NIFA Al Institute: Al Institute for
Resilient Agriculture (AlIRA)
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l This is an Interactive PDF and is best viewed using Adobe AWARDS

Acrobat. Hover cursor over dates below or circles to the right
to display more information. If you have issues with these
features you can download a sandard PDF available here.

. NSF Al Institute for Research on Trustworthy Al
® ® in Weather, Climate, and Coastal Oceanography

NSF-LED NATIONAL Al RESEARCH INSTITUTES

The U.S. National Science Foundation (NSF) announced a $220 million investment in eleven new Artificial
Intelligence (Al) Research Institutes, building on the first round of seven Al Institutes totaling $140 million NSF Al Institute for Foundations of Machine Learning
funded last year. (The default map view below shows all awards combined). 2020045 202 1uaras ®

K LEAD ORGANIZATION M PRINCIPAL ORGANIZATIONS @ PARTNERS/COLLABORATORS . USDA-NIFA Al Institute for Next Generation Food Systems

a USDA-NIFA Al Institute for Future Agricultural
- Resilience, Management, and Sustainability (AIFARMS)

. NSF Al Institute for Student-Al Teaming

. Molecule Maker Lab Institute (MMLI): NSF Al Institute

§

NSF Al Institute for Learning-enabled
Optimization at Scale (TILOS)

LEAD:
University of California - San Diego

PRINCIPAL ORGANIZATIONS:
« National University - CA

« University of Pennsylvania - PA
o MIT-MA

« Yale University - CT

« University of Texas - TX

PARTNERS/COLLABORATORS:
« Brain Corporation - CA

Planck Aerosystem, Inc. - CA

Allen Institute for Artificial Intelligence - WA
Samsung Strategy and Innovation Center - CA
Microsoft - CA

TuSimple, Inc. - CA

NVIDIA Corporation - CA

Cadence Design Systems - CA

Arm, Ltd. - CA

Xilinx, Inc. - CA

Synopsys, Inc. - NC

Mentor Graphics (Siemens) - CA

IBM - CA

Samsung Austin R & D Center - TX

Silicon Integration Initiative, Inc. - TX

Ansys, Inc. - PA

Western Digital CHIPS Alliance - CA
Facebook - CA

Sweetwater Union High School District - CA
A Reason To Survive (ARTS) - CA

TIIOS is a partnership of faculty from University of California,
San Diego, Massachusetts Institute of Technology,
NationalgUniversity, University of Pennsylvania, University

© e o s s s s e s 8 s s s s s e s s e s

of Texas at Austin, and Yale University. TILOS will pionee i Diego - CA
learning-enabled optimizations that transform chip design, @ s e
4 TraTTSTOTTITIITT g VWU RTOTCE AU e CTSTOTT SUPPUT T URE AT

robotics, communication networks, and other use domains

that are vitalito our.nation’ s health, prosperity.and.welfare. : USDA-NIFA Al Institute: Al Institute for
ra Resilient Agriculture (AIIRA)

~



Artificial Intelligence Institute for Advances in Optimization
(Al40PT)

https://www.ai4opt.org/
It unifies the data-driven and model-driven approaches at the core of A/ and Operations Research (OR). Its methodology thrusts include a ne

generation of hybrid optimization solvers that learn to optimize, end-to-end learning and optimization to tightly integrate forecasting ana

decision making, and novel machine-learning methods based on combinatorial optimization.

Gr Georgia Tech. "swwtiin:

| Lead Organization \

NATIONAL LABORATORY
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UNIVERSITY OF

A
Berkeley 2 TEXAS

Partner Organization

- Los Alamos
NATIONAL LABORATORY

EsT.1943

Partner Organization
uuuuuuuuuuuuuuuuu

Argonne & Go

.................
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" Resilience and

Logistics and Supply € ai
=’ Sustainability

r
Em%% % Chains
.

- Energy Systems
-

ddidi

= Hardware Design and
= Control

L

-

Combinatorial
@ Learning for Large

cﬁ Optimization Solvers
a Scale Datasets <

Bt

Distributed

-
Iml Optimization Optimization

!—. End to End
|

-

Reinforcement
i I Learming

Decision Making under
Uncertainty

J
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Al4OPT - BEfitiiA%
Optimization Solver Reinforcement Learning

a Classic Reinforcement Learning
Reinforcement Learning Problem Tabular Solution
node expansion
™ order m Actions
global lower and Agent  Environment
u upper bound = - 5 §
O opamalnoge ,’ g 5 - g c Deep Reinforcement Learning:
H N — & Deep learning solutions for RL problems
Qamomesnose 1111 C lr’ 1 ‘+ \ EONE P 9 B
T 4 ayy Observations, =
ISttt Sefutuitrdededul iuk Sohar nly ayn W Rewerds Actions
I ”“J' 1 ‘+ ' 6 1 Environment
min -2x-y | \ N i b Classic Deep Learning QSO X
st 331 -55ys05 -——— J. T ‘_ _———— S onstraini Categorization Problem Deep Learning Solution ) \
x+ 5y sl = 2
shf i I””'L' | + . odes , Label Guesses - O® j Y
xyeZ | 0 TERUTyTTmTmssssLmITTCT - :

Observations,

\

t@
|

Unit Activities

(RFBE: ERMNAKESEREBE ZMATF TR i °0e
#el: TIWIRAAAERRSMITE, JE8ERIR, = i
FIFSEZIRAMMRENRE v ERUEFIEEMTEK. Kin, BEHRESEEIRA
HHERR: ﬁ?fﬂt‘]@%ﬂiﬁ%ﬂ%ﬁ@*ﬁ@ ]9 2% v Value Function Approximation, Deep Q Learning, A2C
RRAER: EEIOKERERER (Lo XXER) B | | v EWAR: Off-Policy RL, Safe RL, Representation
FZIMRIR Learning for RL

v BRI R EIERABMERNEFEE

ANERN

<N

Tuo Zhao

GEORGIA INSTITUTE OF
TECHNOLOGY

131 Learnngmv%pﬁ qf fopfarch. Elias B. Khalil, Bistra Dilkina, George L. Nemhauser, Shabbir Ahmed, and Yufen Shao. In JCAL International Joint Conferences on Artificial Intelligence Organization, pages 659-666, 2017. g" H UAWE I
[2] Learning combinatoria opt/m/zat/on algorithms over graphs. Hanjun Dai, Elias B Khalil*, Yuyu Zhang, Bistra Dilkina, and Le Song.In NeurlPS: Advances in neural information processing systems, 2017. - -

[3] Learning to branch in mixed integer programming. Elias Khalil, Pierre Le Bodic, Le Song, George Nemhauser, and Bistra Dilkina. In AAAI Conference on Artificial Intelligence, 2016.
[4] Yordle: An Efficient Imitation Learning for Branch and Bound. Qingyu Qu, Xijun Li, Yunfan Zhou. In NeurlPS2022 ML4CO Competition
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Combinatorial Learning for Large Scale Datasets End to End Optimization

Parameter Update

Step-3
Model

building for
aiecs Performance

| ]
Reservoir Screening

i 5 Error Sigrlcﬂ ------- Optimization
v He8FEIPNFEIFEZSHELLRO, BRHERESS (9. gradient)

RIR BRI
v Opt47?EA|:;U%{%ﬁﬁ%ﬁ%@ﬂéﬁt{t}iﬂi (MIPZ) $8FtAIS) | | ¥ Optimization Proxies: FIFSHLEEF B BREEL

SRR v ImElRFS: Integrating optimization layers as parts of
v Meta Algorithms: EIZNENLSIE, ERIERLARS the deep-learning pipeline o
v Z3i{L: Replacing components of optimization
models by machine-learning models

Bistra Dilkina Santanu Dey Paul Grigas Tuo Zhao

pai

14‘1] The mJ;lHﬁ\A@tstélQﬂm@hng on the accuracy and running time of decision trees. Jonathan Bodine and Dorit S Hochbaum. In Proceedings of the 12th International Joint Conference on Knowledge Discovery, Knowledge Engineering and KnowledgmeMME lages 59-70, 2020.
[2] Sparse and smooth signal estimation: Convexi- fication of 10 formulations. Alper Atamturk, Andres Gomez, and Shaoning Han. Journal of Machine Learning Research. (to appear). - -
[3] Safe screening rules for [0-regression from perspective relaxations. A. Atamturk and A. Gomes. Proceedings of the 37th International Conference on Machine Learning, pages 1-10, 2020.
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Decision Making Under Uncertainty

Distributed Optimization
U Risrlt(g_‘ " Indicator Threshold value of indicator
ncertain
o00Ruges ¥ value Lead time 1
P ?
==y o (e.gsealevell  poision point??
rise) f
' 1 i e
/ . 1 ) P
A r -
[n ] Probabilities and Some knowledge Probabilitiesand
of probabilities expected
expected outcomes
and expected outcomesare
are unknown :
outcomes known
Time

(b) Fully decentralized

(a) Fusion-centric

v SHREENS N BN AKRERAIR VR SHIE
v SIIEERAEERIAIEZ MR IR
1) ZIMERIUEIERTRIRENE. FNEBE. X

ML
v HARARE: 1) IECESAIEDIME; 2) DBIEAR | | v Ay
fiitiat; 3) Multi-agent learning SZE Aitradeoff; 2) RASRESTHIEIE LR,
3) FIERE RIS E EKR S N R AR AL,

Paul Grigas George Lan N
|A)R

Justin Romberg

FE
R

AR

FE
R

AR

DEPUTY DIRECTOR
ORGIA INSTITUTE

N

2 HUAWEI

S

151 Finite-ﬁﬂ‘ldawisiﬁﬂﬁﬁdﬁfﬂiiaid stochastic approximation with applications in multi-agent and multi-task learning. S. Zeng, T. Doan, and J. Romberg. arxiv:2010.15088, October 2020.
Lifelong multi-agent path finding in large-scale warehouses. J. Li, A. Tinka, S. Kiesel, J. Durham, S. Kumar, and S. Koenig. In Proceedings of the International Joint Conference on Autonomous Agents and Multiagent Systems (AAMAS), pages 1898-1900, 2020. % ~=

[2] Communication-efficient algorithms for decentralized and stochastic optimization. G. Lan, S. Lee, and Y. Zhou. Mathematical programming, 180(1):237-284, 2020.
[3] Task and path planning for multi-agent pickup and delivery. M. Liu, H. Ma, J. Li, and S. Koenig. In Proceedings of the International Joint Conference on Autonomous Agents and Multiagent Systems (AAMAS), pages 1152-1160, 2019.
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Hardware Design and Control

PCB Fabrication

Board Bring-up
Block Diagram
Generation

Req uirement
Gathering

I
Al
il

h B
LA R,

L’D

Schematics and

v 1S 1) AMEE. NS, ;aéﬁa;ﬁaﬁ%agﬁamw;; 2% B I
EF'EI’JZ_ M, 3) FeeRaES N ESE MR RIRRE N 50N Cont Optmeation - “:;1,“;;;;:;:;':9 O N BT ki Il“\!
azk

v RREZe: 1) mElmFEIMN, 2) I 3) A _ N
TEMME FROR SR AR v g 1) $IRIKIREESE, 2) EILESES (AMS);

3) KRS, 4) SERE
v RAREZ: 1) B, 2) BEES; 3) NHHERK

Borivoje Nikolic

- R

= Geergs tan Siva Theja Maguturi Ariji¢ Raychowdiu
161 Learmﬁd Uaﬂﬂa%mfﬁllarge Scale Security-Constrained Economic Dispatch. Wenbo Chen, Seonho Park, Mathieu Tanneau, and Pascal Van Hentenryck. In the Proceedings of the 22nd Power Systems Computation Conference (PSCC), June 27 & HM(AWBE I

[2] A Linear Outer Approximation of Line Losses for DC-based Optimal Power Flow Problems. Haoruo Zhao, Mathieu Tanneau, and Pascal Van Hentenryck. In the Proceedings of the 22nd Power Systems Computation Conference (PSCC), June 27 —July 1, 2022w PG, Portugal.
[3] Data-Driven Time Series Reconstruction for Modern Power Systems Research. Minas Chatzos, Mathieu Tanneau, and Pascal Van Hentenryck.Data-Driven Time Series Reconstruction for Modern Power Systems Research. In the Proceedings of the 22nd Power Systems Computation Conference (PSCC), June 27

2022 in Porto, Portugal.
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Resilience and Sustainability

Covid-19 impact on the supply chain during Phase 1

o INTEGRATED PLATFORMS

" B AND MARKETPLACES

RETAIL LAST PHYSICAL LOCATION

w " "

s e

Surge in demand and less operational failures thanks to a more inlegrated approach

LAST-MILE DELIVERY DISTRIBUTION & FULFILLMENT WAREHOUSE EQUIPMENT

= ii L)

Either shut down or become Focus on the state of
averloaded, with strict warehouse equipment and
sanitary measures machines

Massive growth of e- e deliv ory mos sy, wil H uge peak in na
commerce, especially food & lﬂ * Gelve -yf \ rate than ssive custom q s m
grocary dalivery

L drop, starting s 1o expand along Overslocks due to the
with air freight, whose rates the value chain with storage desynchranization of global
1pply chains.

are reaching record hights space

Citical need of tray ncy
o assess the. |lnn it of e
rrrrrr hipping

Digitizat tmnl hghlymluim

Q.
o m ==k by | m
a =N
SUPPLIER MANAGEMENT FREIGHT FORWARDING LONG-HAUL FREIGHT LOGISTICS HUB STORAGE

v IZETYMiddle-mile networks; 2) Bf&tit; 3) BF
—BEUERS; 4) ARARESEIEREE (Covid19)

v BRI 1) FUEIREEUMLAEIR; 2) imElimitit; 3)
AHREMIMNE TARSRHIEE; 4) BHES

FE
AR

=
=

Network
module

Actuators
Input/output

Communication

-------------------

Sensor Nodes 1
(T, RH, CO,, Light)

//\

)

)X

‘,Q //<\

9,

Outdoor sensors
(Weather Nodce)

v g5 1) B3
Agrlculture)

LEEY

Ml (Controlled Environment
2) SIKMERS; 3) BREEMURS
v FBRE&ZE: 1) 7_ &L, 2) m=E>; 3) FURIKENAIIL

l Applicatior
Son\\ar ‘}
1 Computer
RS //‘ Gul l Server
M. w

FE
AR
AR

171 Constrihtievapbirangidestiadiuling, Pascal Van Hentenryck. Global Scheduling Seminar Series, April 2022.

&2 HUAWE]

[2] Fast Approximations for Job Shop Scheduling: A Lagrangian Dual Deep Learning Method. James Kotary, Ferdinando Fioretto, and Pascal Van Hentenryck. In the Thirty- Sixth AAAI Conference on Artificial Intelligence (AAAI-22), February 2022.



TILOS: The Institute for Learning-enabled Optimization At Scale

https://www.tilos.ai/

TIIOS is a partnership of faculty from University of California, San Diego, Massachusetts Institute of Technology, National University,

University of Pennsylvania, University of Texas at Austin, and Yale University. TILOS will pioneer learning-enabled optimizations that transform

chip design, robotics, communication networks, and other use domains that are vital to our nation’ s health, prosperity and welfare.

g <
FA RIS w
UC San Diego I n e
I I I Aiz \nsys I’ brg_'QOCD cadence
s A Mlanee  facebook EE??__; Menior  Micresoft
4 SAMSUNG  SAMSUNG g  Synoesys
e a e NVIDIA. s'
4 TEXAS tu/simple € XILINX  WestemDigital
N
N AIG=S Chip Design Networks Robotics
J
4 Distributed, parallel, and Optimization on A
Discrete and federated optimization manifolds
Bt continuous . .. Nonconvex
optimization Dynamic decisions optimization in
under uncertainty d learnin
\_ eep learning )
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P N BN
i @
g’,’,’—‘—\\\\:
[ ] &
[ Comenaes ratees = o oy = E 7 . Vi S
v i Higitsplace-and-routeF AR ER Y gg%@%gg&ggg IZFHEI AR
AR S RIS ER ‘ v SRR SR AT R A AT b v g 2B 25, Grassmannians
v HL?%)\?&%Q|n}%ﬁ¢4ﬁlﬁﬁ9‘%}ﬁ%§&%ﬂtﬂ%ﬂﬁ FitEse iR and Riemannian?dt: FIFTTH I Bt ER
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MERFI75EERERIMIPK AR 75X [

Method Selection | Learning Network Representation | Remark

[Gasse et al., 20191 Variable | Reinforcement | GCN Bipartite graph | Imitate strong branching
[Gupta ei al., 20201 Variable | Supervised GCN Bipartite graph | Accelerate via dynamic embedding
[Sun et al , 20201 Variable | Reinforcement | PD policy Subproblem set | Evolution strategy for training
[He et al., 2014] Mode Reinforcement | Standalone Standalone Imitate optimal oracle

[Yilmaz ef al., 2020] MNode Supervised MLP Handcraft Prune leaf

[Khalil er al., 2016] Variable | Supervised SVM Handcraft Learning to rank

[Shen et al , 20211 Variable | Supervised GCN Bipartite graph | Combined with DFS

[Huang et al., 2021h] Cutting Supervised MLP Handcrafit Large scale

[Zarpellon et al., 2020] | Variable | Reinforcement | MLP Handcraft Imitate strong branching

[Tang et al., 2020] Cutting Reinforcement | Attention & LSTM | Handcraft Evolution strategy for training
[Nair et al., 2021] Variable | Reinforcement | GCN Bipartite graph | Imitate strong branching

[Ding et al., 20191 Variable | Supervised GCN Tripartite graph | Extract connection information
[Alvarez ef al., 20141 Variable | Supervised ExtraTrees Handcraft Imitate strong branching

Applications

B8 /iR FREAISAT R RS /5% (@

Methods Netwaorks Learning Solver Type Instance Type
|Biinz and Lamm, 20171 GNN Supervised Standalone 3-5AT
NeuroSAT [Sclsam et al., 2019] GNN & LSTM Supervised Standalone SRin)
QuerySAT [Ozoling er al., 20211 GNN & Recurrent Unsupervised Standalone £-SAT & Combinatorial
DG-DAGRNN [Amizadch er al , 2018] DG-DAGRANN Unsupervised Standalone £-8AT & Combinatorial
NewroCore [Selsam and Bjgrner, 20191 GNN Supervised CDCL SATCOMP
[Jaszczur er al., 2020] GNN & Attention Supcrvised DPLL & CDCL SRin)
Graph-(}-SAT | Kurin et al., 2020] GNN Reinforcement CDCL 3-5AT
MNeuroGlue [Han, 2020a] GNN Supervised & Reinforcement CDCL SATCOMP
FVE [Zhang and Zhang, 2021 GNN Reinforeement CDCL SATCOMP
NeuroCuber |Han, 2020h] GNN Supervised Cubc-and-conguer Combinatorial
NewroComb [Wang e al, 2021] GNN Supervised CDCL SATCOMP
[Yoleu and Pécens, 2019] GNN Reinforcement SLS 3-5AT & Combinatorial
NLocalSAT [Zhang et al., 2020] GGCN Supervised SLS Random
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[1] Jiayi Zhang, Chang Liu, Junchi Yan, Xijun Li, Hui-Ling Zhen, Mingxuan Yuan: A Survey for Solving Mixed Integer Programming via Machine Learning. CoRR abs/2203.02878 (2022)

[2] Wenxuan Guo, Junchi Yan, Hui-Ling Zhen, Xijun Li,
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[1] Li, Xijun, Qingyu Qu, Fangzhou Zhu, Jia Zeng, Mingxuan Yuan, Kun Mao, and Jie Wang. "Learning to Reformulate for Linear Programming." arXiv e-prints (2022): arXiv-2201.
[2] Qu, Qingyu, Xijun Li*, and Yunfan Zhou. "YORDLE: An Efficient Imitation Learning for Branch and Bound.” NuerIPS 2021 ML4CO competition
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[1] Li, Xijun, Qingyu Qu, Fangzhou Zhu, Jia Zeng, Mingxuan Yuan, Kun Mao, and Jie Wang. "Learning to Reformulate for Linear Programming." arXiv e-prints (2022): arXiv-2201.
[2] Qu, Qingyu, Xijun Li*, and Yunfan Zhou. "YORDLE: An Efficient Imitation Learning for Branch and Bound.” NuerIPS 2021 ML4CO competition
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