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HEMIL (combinatorial optimization, CO)ZREIIXIEIF T A8V,
SHESEHNIRMREE. oH. RFEalHeE, FrARNERERERRKR. &
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B 5F 2 iR{TES0IER (TSP, traveling salesman problem)
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Bl 3 RSEEERE (MVC)

ieEXLMEE G=(V,E) , lR&EAV, BERE BN
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» Gurobi, CPLEX, Matlab, Lingo, CMIP
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General IP Heuristic
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- Z Loss(@)
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Exact Solving
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Learning Heuristics
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JEEEFRE

Combinatorial Optimization with Graph
Convolutional Networks and Guided Tree Search

mEFIHHEREEIeHIS

Zhuwen Li Qifeng Chen Vladlen Koltun
Intel Labs HKUST Intel Labs

Not leaf
0
B
0
] ] O Leaf

o, Graph o, Local : | choose
. ® Reduction . ° Search the best

H % : % 0 0O =

Input Graph Reduced Graph $ i
GCN Guided Tree Search

Li, Zhuwen and Chen, Qifeng and Koltun, Vladlen. Combinatorial optimization with graph convolutional networks and
guided tree search. Advances in neural information processing systems, 2018.
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B LeY 2851 )8l &R
EEEARGE

N

IRSCEREL (L. £(Gi;0)) =) {Li;1og(f;(Gi;0)) + (1 — 1) log(1 — £;(Gi;6))}

1=1

To enable the network to differentiate be-
tween different modes, we extend the struc-
ture of f to generate multiple probability
maps. Given the input graph G, the re-
vised network f generates M probability maps:
(f1(Gi;8), ..., f™(Gi;8)). To train f to gen-
erate diverse high-quality probability maps, we
adopt the hindsight loss [18 8] 28]]:

ﬁnun:E:mmahfw@w).(m

7

Solution 1 Solution 2
Figure 2: Two equivalent solutions for MIS on a
four-vertex graph. The black vertices indicate the
solution.

Li, Zhuwen and Chen, Qifeng and Koltun, Vladlen. Combinatorial optimization with graph convolutional networks and
guided tree search. Advances in neural information processing systems, 2018.
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B La9 28-S TLTR)eI 2R K AZF
EEEARGE

Local search{fEHIRX

Method Solved MC MIS MVC Method Solved MIS
Classic 0.0% 30.03 21.53 991.72 ‘ ) | N
Classic+GR+LS 0.0% 42.83 24.64 988.61 Basic 18.8% 425.55
S2V-DON 0.0% 40.40 23.76 989.49 Basic+Tree 50260, 426.52
S2V-DON+GR+LS  0.0% 4298 2470 988.55 —_—

. ~a] searc 12 4G, 426 -
Gurobi 0.0% 39.75 2412 989.13 No local search 4 4“ 42041
ReduMIS 25.0% 44.95 24.87 088.38 No reduction 01.0% 426.81
Ours 62.5% 45.55 25.06 988.19 Full w/o parallel 08.8% 426.86

Table 3: Results on the BUAA-MC dataset. The table Full with ]JEH'EI.]]EI 100.0% 426.88
reports the fraction of solved MC problems and the average
size of MC, MIS, and MVS solutions.
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BEY37S
'S2V-DQN (NIPS 2017)
EBlFR=RFS+
(T LA 'FINDER (NMI 2020)

'DIRAC (NC 2023)
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BEY37S
'S2V-DON (NIPS 2017)
BlFRF3 +
(T LA 'FINDER (NMI 2020)

'DIRAC (NC 2023)

2023/6/19 4B A RAL B AR B LB 5 5] R

29



S2V-DON

Learning Combinatorial Optimization Algorithms over Graphs

Hanjun Dai*, Elias B. Khalil™, Yuvu Zhang, Bistra Dilkina, Le Song
College of Computing., Georgia Institute of Technology
{hanjun.dai, elias.khalil, yuyu.zhang. bdilkina, lsong } @cc.gatech.edu

Learning combinatorial optimization algorithms over graphs
E Khalil, H Dai, Y Zhang, B Dilkina... - Advances in neural ..., 2017 - proceedings.neurips.cc

... In order to represent such complex phenomena over combinatorial structures, we will
leverage a deep learning architecture over graphs, in particular the structure2vec of [9], to ...

W RFE YU SIA WEIRRE: 1237 HEXNE B 11 MRA SABibTeX 9

B NeurlPS-2017

B IRFIHSHACNBER L, S5I18HER 7 ZMREEFZRIE

T

30
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S2V-DON

BPHESR

Embed

Greedy: add
best node
1st jteration

Greedy: add

best node , /O
—’ O< \\8 21 jteration

T ™
. O A - .
o 1 8 ~(~-F0 8 o@g
_____________________ W % T
T ™
n O A ® .
fo 8 w(=-F0 8 m@}-o*%-
L '/

Embedding the graph + partial solution

Greedy node selection

2023/6/19
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S2V-DON

BISMER — BEFESI . [Dai, et ..
Eagﬁk)\ T X
O ,ugfﬂ) — relu(@lxv -+
| ueN (v)
1 = \.) 05 Zué relu (04 w(v,u)))
N0
SR
JE& TR relu(x) = max(0,x)
Q: IREISE
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S2V-DON
BAPHESS R ES

IZMIEEEI R(t): SRIZPHITEN

« RE S SJPIEER

- TE i: TRB/BRBIRT

 TNEEEREIQ(S, i): FUNRIRKRERITERIREUE

« Rl m(s): WMEEET—=
—

RO REE:
" = argmax; Q(S,1)

\.

[Minh, et al. Nature 2015]
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S2V-DON

BPIESR Rl

_ ™ ~ ~ o ZEIEEL R(t): -1
f\ Va o R S MEOE GERARTRD)
4

E . EHE i EFTF—ANT Ay

-\ .+ EOAEEEEIQCS, ): O(S,v)

+ 5REg n(s): WMANEETFT— IR

BAILTRHE:
i = argmax; Q(S,i)

[Dai, et al. NeurlPS 2017]

2023/6/19 4B A RAL B AR B LB 5 5] R

34



S2V-DON

Algorithm 1 Q-learning for the Greedy Algorithm

1: Initialize experience replay memory M to capacity N
2: for episodee = 1to L do

3:  Draw graph G from distribution D

4:  Initialize the state to empty S = ()

5. forstept=1to1'do

6 random node v € S, W.p. €
; vy = ~
g argmax, g, Q(h(S:),v; ©), otherwise
7: Add v, to partial solution: Sy 1 = (S, v¢)
8: if t > n then
9: Add tuple (St—na Vt—n, Rt—n,t; St) to M
10: Sample random batch from B WM
11: Update © by SGD over (6) for B
12: end if
13:  end for
14: end for
15: return ©

0: [BRISH
HERTS RRANIAHIE

& Rl EREIE8

v
VRLAEES S

(y — Q(h(S)), v; ©))?

—~

y = ymax, Q(h(Si+1),v";0) + (S, v)
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S2V-DON

ML Akt y=]

Minimum Vertex
Cover (RIIVPBEES)

Maximum Cut (

AR

Traveling Salesman
Problem (TSP)

YIZREIZE

Erdos-Renyi (ER) or
Barabasi-Albert (BA)

ER or BA

DIMACS generator;
uniform grid or
clustered

ILP with CPLEX

IQP with CPLEX

Concorde

2023/6/19
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S2V-DON

BOEA
\ .61 mmm S2V-DQN
E%Iﬂ%ﬂ ] PN-ACQ
E = = ngﬁggzz-(sreedy
O
; 1.4- l
9
¥
g 1.3- |
E
SRR ~ 1
o
< 11

1.0-

15-20 40-50 50-100 100-200 400-500

Number of nodes in train/test graphs
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S2V-DON

A E AR

Approximation ratio to optimal

1.61

1.5

1.4

1.3;

1.2

1.1

Emm S2V-DQN
B PN-AC

BN SDP

BN MaxcutApprox

15-20 40-50 50-100

100-200

Number of nodes in train/test graphs

200-300
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S2V-DON

TSP[AJER

Approximation ratio to optimal

1.4-

1.31

1.2

1 by

1.0-

S2V-DQN
2-opt

PN-AC
Cheapest
Christofides
Closest
Nearest
MST

15-20 40-50 50-100 100-200 200-300

Number of nodes in train/test graphs
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S2V-DQN
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S2V-DON
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wEEEZEE, B | N I
MRemmEEty | (A o
B, MEE, =

S2V-DQN reedy-Node Greedy-Edge
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S2V-DQN

° 'I,J | |g§\ % @,/?’;50'1 Oo/l\-lﬁ_l\\\

 AJLARGFIHEZ (LRI B
RAYSEH (R—o1h)

- Fsx{ifFIE(EL < 1.007

12 BB KRERSLA)
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1.001
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S2V-DQN

R

B S—HIESR, EAZME ERYRSIULA)RE

O RETHR, SRS, B— M AFEFLEr{ERI T/

mRESRIFRY, AR\ REBRRIRIRIF

B RABZUETEESZERRIRSSHNEVEIR, MLIERRE
BNAR B &MEER, BEEZUEREETRS.
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BEY37S
'S2V-DQN (NIPS 2017)
BlFRF3 +
(T LA 'FINDER (NMI 2020)

'DIRAC (NC 2023)
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FINDER

nawre, : ARTICLES
machine lntelllgence https://doi.org/10.1038/542256-020-0177-2

\ ") Check for updates l

Finding key players in complex networks through
deep reinforcement learning

Finding key players in complex networks through deep reinforcement learning
C Fan, L Zeng, Y Sun, YY Liu - Nature machine intelligence, 2020 - nature.com

... search ... (FInding key players in Networks through DEep Reinforcement learning), a generic

and scalable deep reinforcement learning framework to find key players in complex networks (...

wiRFE U9 2| WEIRRE: 139 HEXNE BB 8 PMRA SABibTeX
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FINDER

F—AMNEE, MEPHNRELTR (IPRE) —BEBiR EKNE) |
XTI RILERYEE (IEE'EIE) FZE 2 ARTVRISZI, iltlﬂ—ﬁizélh_'- iNRE]
(BT RE) RMERZFHIFEEEINRA,

L ._'_,__._—-. .
node failure ‘ '\ \(
./.
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FINDER

e OF ois & St R

ANCHIZ: -
Accumulated
Normalized
Connectivity

1BIRT RRILLH)
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FINDER

SRMERIGIEELIRERRIR

> 1. EEREE

> 2. RAREBRHRMIE
> 3. ERE

> 4, EETRNIIHE

> 5,
> 6,
> [
> 8.

IR T A
TRXJZ

BRI R [BRIEAE ISR

BRI RKE

ZSES L)

BRI TEK

=
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FINDER

SRIERIAFSII LI RERRR

> 1. AETESEE BREEEHIBENIE . oI FER B irgkEaT
> 2. RENHITETCE MR RRRD, B XEERSEHT IS, ]
> 3. KRS E}S‘ZE&M’E&&VK‘, CECEERR, B, Bl
H K= ERN,

~I
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FINDER

FRERKEBR (GCC)

® ENXN: SRIMLEAYE

ERAHIEE R T SRR FTEEH

B R PR TE RN HESHD
® S KIEE R RZEMNN SRIMEEE ERYE
HEEEEENRIR T A EEETT,

IERITARESIERE, IBARKEERNERTREMNESHIEE,

ZITHEHHIEE, ERNEEARNNRERSHIRBRRE

7389 LBR.
® YNER K
® JNERK
o NRMBITHERIBEREES:

RERHIBISHIMR. ANER—NRS

AV

af

FReR, ENIEER AR T &S AL

RREMANESHERRT REERREXNER R MENEIMPN T A,

=S i5tn, ANES LM% EFrBRITTAH
R HIRILEAT
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CRTERTEEOMPA, BRARAITETT BiR
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FINDER

O #esk—:

l, [X

O #ksk—:

O Pesk=.

RIS —EXET RZ2HAFINPYERE EA S
HAFEZ A ERERREE;

1

. |

SIS IR ARG RERETREE

i

RZR—KREER, FSIFHZEEEEHIR (ad-hoc)

2023/6/19

AR R IEF I KR o1



FINDER

O FINDER (Finding key players in Networks through

DEep Reinforcement learning), —#ER B RAIF
R STESR.

O RiFE: —BERSHMNAGR, —XIIIZRSXER,
O BE: £ S ARNMEEMRS R PR IR F28.7%.
O S T ERERRTHEI RTS8 ER.
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FINDER vs S2V-DON

FEX7!
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FINDER vs S2V-DON

FEXI—mRETD

S2V-DON
. T 1 h) «x,,YoeV;
In'p'ut'. paizg(l)?eter W T, 2 fork=1..Kdo
Initialize 1, ° = 0, forall s € V 3 | forv eV do
fort = 1to 1 do 4
fm; z_e V do e s h « o (Wk _
P = 2 jen() P
end

- 6
;Lgt) o{Wiz; + Wal, + W3 ZjeN(i) x]) .

end for g
end for{fixed point equation update } 0

return {1} }icy

end

e A S i

structure2vec

FINDER

h%/,, < AGGREGATE;({hf~!,Vu € N'(v)});

CONCAT(h¥~1, hj“w,u)))

h* < hk/|hk|s, Vo € V

+—hE Voey

GraphSAGE
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FINDER vs S2V-DON

EE§§E:nJ————4ku»§Eﬁﬁ
S2V-DON FINDER

e ZHEL, HE:T

BRENBEBAZHERRS 0 SIAEMPSERRS
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FINDER vs S2V-DON

FEX—IMEHERHQTE
S2V-DON

Q(h(S),v;0) = 0 relu(

O ) _, 1 0r MS‘”]‘)

KSHIERERHE

FINDER

Q(s,a) = W ReLU(

T . ' Wi
>z - W

e

WSHIEMFRIERIZZZFA
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FINDER vs S2V-DON

FEXF—lFIRKERE
S2V-DQN FINDER

2

Loss(6q, Okmbed) = Efse,ae.resn stan)ot/ (D) (Tt n + “,lnaxarQ(.s-Hn. a" OQ) — Q(st,0;0¢))"]

(1 — Qh(S1), 05 0))? =T

N
~ 1 Q Z Si.j”yi e yj:@EmbodH:g

Yy = 7y IMaXy/ Q(h(SH-l)a ‘U’; 6) + T(Sta Ut) - >

Graph reconstruction loss

NRERK ]| WEES =L 20 P S
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FINDER vs S2V-DON

FEXp—liztoRAS
S2V-DQN FINDER

-.| ’I .\.,
1t iteration \ / ‘.
I\ '
. 11 “
S /N

QO o .
(@ e o ¥ ‘ .:‘_:_-’/ \

—ZiE—1 R —Lix—it=
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FINDER vs S2V-DON

FEXp—iHRASER

ANC (=0.01) Crnime HI-II-14 Iheg Enron Gouotella3l Epimons Facebook Youtube Fhekr

FINDER 1099 5.54 B&66 430 11.10 4.99 26 84 2.37 5.46

923 34.15 11.36 6.31 43.33 3.04 5.88

=n
[

No-GraphSAGE 11.39

No-VirtualNode | 12.1H 991 13.31 1233 11.64 0.90 26.71 745 .05

No-CrossProduact | 1100 6.4 .56 HE5 10.50 217 31.55 3.95 T.77

No-ReconsLoss 10.97 580 .70 4841 10.55 5.2 47 80 2.53 6.0

S2V-DON 12.70 6.43 11.27 13.64 11.69 24.74 2095 18.92 3834
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FINDER vs S2V-DON

FEX7!

Aith ER BRI EEIRT %

iFRRNSES

NFEASHEREFN,

a b
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: —— StepRatio_0.5% : —— StepRatio_0.5% StepRatio_0.5%
5 —— StepRatio_1% —— StepRatio_1% StepRatio_1%
N —— StepRatio_10% —— StepRatio_10% StepRatio_10%
0.6 —— All-At-Once 0.6 —— All-At-Once All-At-Once
& )
®
=
T 0.4 044
o
i3
o
0.2 0.2
O 0_ T T 0 oq T T
0.0 0.1 0. 0.0 0.1 0.2 0.2
Fraction of removed nodes
d e f
1.0 1.0 1.0
Enron Gnutella31 Epinions
— StepRatio_0.1% —— StepRatio_0.1% —— StepRatio_0.1%
08 — StepRatio_0.5% 08 —— StepRatio_0.5% 08 —— StepRatio_0.5%
—— StepRatio_1% —— StepRatio_1% —— StepRatio_1%
—— StepRatio_10% —— StepRatio_10% — StepRatio_10%
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0.24 0.2
0.0 ; : 0.0
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h i
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Facebook Youtube Flickr
—— StepRatio_0.1% ] —— StepRatio_0.1% 4 ~—— StepRatio_0.1%
0.8 = StepRatio_0.5% 0.8 = StepRatio_0.5% 08 — StepRatio_0.5%
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FINDER

L o(G\{viva, -+, ui})

B iFNiElE: ANCBAZTRIETR reve }=T_ 7(G)

b 4 Key players , 67.5% Residual CN Connec tivity € 10 Key players, 13.1% Residual CN Connec tivity a 47 Key players, 4.7% Residual CN Con

nectivity

a ANC Curve - CN
°® [ [ ] °
B .
TS 4 \f. |
c .. ® .
§° ®,® o
© o
2 e 2
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b
5o .... ©
[+4 . ..
.--.
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Fraction of Key-players

B SRS AMEENE (CNND)  =MBSmRAN (TN, EN. bE
i) .ﬁﬁﬂékﬁﬁ%mo

Opair(G) = P eg 20D Ogee(G) = max{d;; C; € G}
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FINDER

CN - node-unweighted

b CN - node-degree-weighted

CN - node-random-weighted
9.22 10.77 =

Gnutella31 Gnutella3l

Facebook- 20.75 20.86 19.43 19.37 Facebook- Facebook-
Youtube-|

. Youtube

Flickr-

Flickr— 62.24

RatioCut FINDER

RatioCut FINDER HOA =1 RatioCut
Avg Score 6.36 6.62 6.68 6.04 Avg Score 36.96 3818 26.52 8.33 Aug Score 34.61 35.76 14.62 873
d CN - Crime - node-unweighted e CN - Crime - node-degree-weighted f CN - Crime - node-random-weighted
1.00 1.00 1.0
= »— HDA = ~— HDA = ~— HDA
5 cl g cl & o cl
5 sa0! *— RatioGut 5 L0 *— RatioGut =y *— RatioCut
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= e A= & e :
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5] MinSurn  BPD  CoreHD  GND HOA ci MinSum  BPD  CoreHD  GND  FINDER HDA ] MinSum  BPD  CoreHD
Aug Score 822 9.28 9.81 10.62 9.42 9.94 92 Avg Score  46.08 46.72 ad.44 44.05 46.71 26.18 17.22 Avg Score  43.17 4377 41.62 40.51 43.73 23.84 18.98
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FINDER

BRAMESEELTR, ThB

Statistics Crime HI-II-14 Digg Enron Gnutella3l Epinions Facebook Youtube Flickr
Nodes num (N) 829 4,165 29,652 33,696 62,561 75,877 63,392 1,134,890 | 1,624,991
Edges num (F) 1,473 13,087 84,781 180,811 147,878 405,739 816,831 2,987,624 |15.,473,043
maximum degree 25 286 310 1,383 95 3,044 1,098 28,754 27,224
average degree 3.55 6.28 5.72 10.73 4.73 10.69 25.77 5.27 19.04
diameter 10 11 5.72 11 11 15 15 24 24
mean shortest path length | 5.04 4.16 4.68 4.03 5.96 4.40 4.31 5.55 5.19
clustering coefficient 0.0058  0.0444 0.0054 0.5092 0.0055 0.1378 0.2218 0.0808 0.1892
assortativity -0.1645 -0.2016 0.0027 -0.1165  -0.0927 -0.0406 0.1768 -0.0369 -0.0167
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FINDER

T RSERRABI AN HER

Time () | Crime HI-1I-14 Digg Enron Gmutella3l Epinions Facebook Youtube  Flickr

HDA 0.0 0.0 0.3 25 4.5 7.9 128 1,963.8 5,098.2
Nature 2016

ClI 0.0 0.5 4.9 TOY 9.4 GGE.4 32,7232 7,0506.4 =5d

MinSum 2.0 20.0 1082 3236 225.4 G81.1 1.408.0 53,4782 35,215.2

BPD 0.3 9.0 39.0 B6.0 41.0 254.0 B30.0 462.0 17.,942.0

CoreHD 0.1 2.0 B.5 36.2 11.9 142.9 214.8 20189 36,837.3
PNAS 2019

GND 0.1 1.3 12.7 35.7 386.3 233.1 4,614.5 a2 246.2 =5

FINDER 0.3 1.2 7.l 12.7 13.3 22.6 3.4 281.22 989.66
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FINDER

(a) High Degree (HD) (b) FINDER

(c) Collective Influence (CI)

FINDERE 241 ¥ BRI RiF S Z M 42 A9 SRS

1.0

(d) ANC curve
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FINDER
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FINDER

Gie

(1) FINDEREMBZEMFCRBSAFERI, EERERES,

(2) FINDERZ—MERRTKFESR, ERTARNEMES,

(3) FINDERTE/MIIMEREHIE] (50N SHBAE]) Hillgk, 7]
LERAMRESLMEE (BATRRNARSREESE) FRIAE]
SOTA, UERBERE KAV Z{LEE
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Offline Training

Real-world Application

FINDER

1220420 1743 A oo e S o ¥ (rmmewon 50 kiermty hiry Sayers i compies networks
= Finding key players in the 9/11 terrorist network, where each node rep a terrorist
1 ech ) IO re — Week's top Latest news in tha 9/11 attack, and edges represent their social communications. Node size is proportional to
p Topics its degree. Three methods: (a) High Degree (HD); (b) FINDER; (c) Collective Influence (CI). Blue

? nodes represent nodes in the remaining graph. red nodes indicate the key players identified at
the current time step, and gray nodes are the remaining isolated ones. Panel (d) illustrates the
three methods’  accumulated normalized connectivity (ANC) curves, which are plotted with the
horizontal axis being the fraction of removed nodes, and the vertical axis being the fraction of
nodes in the remaining giant connected component (GCC). Credit: Changjun Fan

o ., L [ ]
A
0

o State  Action Reward

5 In order to efficiently represent complex networks, the researchers collectively determined the
ot SR

best representation for individual network states and actions and the best strategy for identifying
an optimal action when the network is in specific states. The resulting representations can guide
FINDER in identifying key players in a network.

The new framework devised by Sun, Liu and their colleagues is highly flexible and can thus be

(S A R S} ) f 858 applied to the analysis of a variety of simply by ging its reward function
$§ o Ais B, i ‘\v It is also highly effective, as it was found to outperform many previously developed strategies for
8 o By = g identifying key players in networks both in terms of efficiency and speed. Remarkably, FINDER
Update|8z,6 A A d f t I f k t can easily be scaled up to analyze a wide range of networks containing thousands or even
R Upelfs Bl ¥ eep reinforcement iearning frramework 1o ety frsdoriey s ?

and off dency in finding key players in complex networks,” Liu said. "I represents a
nf real-worfd

identify key players in complex networks Sempaed o sising i, FIMDER shieres supeir pectormences oty ot ot

Ll S réarne
AR 24 Email FINDER achieves, goal by offline self-training on small synlhe(ic graphs only once, and shan
generalizes surp Iy well across diverse d of real with much larger
a Original Network b HD: remove 16 nodes, residual GCC size=14 o
Stal Ack The rf the
S A futur -~ liseases
x anar B > ’1 ) |-l-|~ \
Acion— & +—Stak . E— I 1— I I * n
Start A 5 End The fi 2N I network
. mode ple
mod = . eal-world
netw KJ ing to
= BT
"My | luding: (1
desig fer
graphs and even graphs from different domains: (3) Mm(lgatlng
other NP-hard problems on graphs and solving them from leaming perspective,” Sun sai
While Sun and her team at UCLA plan to work on new techniques for network science research,
Uu and his team at HMS would like to start testing FINDER on real biological networks. More
specifically, they would like 1o use the framework to identify key players in protein-protein
interaction networks and gene regulatory networks that could play crucial roles in human health

L ML and disease.

T{EiEEYM R RERE@E TechXplore AR SFfiEiRE
TechXploreZScienceXif FRIRHZ R, $IJ$JZP\]eI%><%IE BFRAK, REFAIOIBESHRR, &
BHEZE. R, RANSR EHEEAR, BE=E , 81TASEELZIAS005, 8FRFER. HRARI TE
TN
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FINDER

ARmREEBR. SEHSR, ARFE. SSHR5EFERIMIZRE,
ARSIRE, FHEFEIGZIETIH2020ELIKFERLIERENEHSA.

N8 Ba B En RE MR 5% GW BE E§ BER M BB ESv qm’“ |2
A L RS g :ﬁg BRIy I IRXR TS MRS TRER

RS R H A Ao S
WA &{\ \ J IR JRAZ QB#{% R Y o

RS EX L T

Eg n ! E EMAEEMR2020
il E%%gﬁm L 2020 FEFIRRARSRM021 EREFINARRE

SAREXIESERERAMERNAAR 0 % Eeamsaas
R s RRYIRAHAREIA, HOATERARRYIENG—EOK, SHAREINRHT
Bs0 0 '.'. [ STHRTRLYD, BEATTATARED, XRESURTANLENESNES. THILS, MO
4 - 0 EEROATHRAN, 2020ERR IRRRANRROEL2—, KRFHIH, RANASHE
0 "0’,0 000 " LN ®, MERSHEN, UTAM020FRNF—LRERADRASRAR2021 FHREYIFER
O Vosoo ™ :
eh 4
"y (2)FINDERE
€t remove 16 nodes, resdual GCC szesth I FINDER: remove 14 nodes, residul GCC sizesd I—
&b A ' .g:' . ' RENYRZEX—BESHR2— BEDE, BN-EEERERFRNENENXRAGE -
. ol \l e S\ Y, 0 e B
4 \\" ‘)(\, Lo .‘ N —ERETA. TEMBLR, REGHETA-ERER, RS FEFMLORE. B0
O oy PN 0‘ " RERLNEB A, 8, REE Nature Machine Intelligence L4 Wi X SIFEBILE
..".. " .. o ‘ ..,é.” .l e Qﬁﬁﬁr @Eﬁaﬁﬂﬁx‘# BHTHX?}‘r\gfﬁmﬁﬁ(UCLA)iUU%@E'#ﬁ(HMS)B“Jm%/\ﬁﬁi?‘ IRHMFREPNIMT A S, Bl FINDER Wik, [FNT RASSEAMNSHTL
B (AR8: hidxom) 8| 23 A& AFINDER(FindingkeyplayersinNetworksthroughDeepReinforcementlearning) )i M3 {44
T Tramam——po——- ZJ(DRLER. CHE—EARNE LETIE, RENATREHRNGR, ZEETLLRSIGNIE N - S
SARFAT—REBCTERION, BTRASRASRE, IORESIRE.  PROXEAR, CHRE (BANSEEN) HN—H0R, W E AR AT BEERE RO
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FINDER

EIRERARITL

“W &% 22 B R IR H AR
2022 4T H Bk TERE

AL “THER” WEERA A RHE L EXE
RAT AT RI B B 526 “M B R E %2 BRI, REAE
RETUEMT FOHME, FRA 2022 FLIE F R,

AEALTTEKREZ: BEeRMENE. PRRAENK
WA FraE B SN Z ek, RN

sz LIEI A EREHEEE

15 3 WA 7 TSRS Y 4 R A AT 5 T ok (
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FINDER

2023t R A TEREASTEMFICICEMIRRZZE

(e GRE T8 F, H10E)

1. ADMM-CSNet: A Deep Learning Approach for Image Compressive Sensing, #7ik, FA&IEAS, IEEE

Transactions on Pattern Analysis and Machine Intelligence 2020

2.Finding key players in complex networks through deep reinforcement learning, B8, EPRSREHAKZE, Nature

Machine Intelligence 2020

3. Identifying degradation patterns of lithium ion batteries from impedance spectroscopy using machine learning,

KB, GIBFAS, Nature Communications 2020

4. Parameter-efficient fine-tuning of large-scale pre-trained language models, T, B%XA%, Nature Machine

Intelligence 2023
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BEY37S
'S2V-DQN (NIPS 2017)
BlFRF3 +
(T LA 'FINDER (NMI 2020)

'DIRAC (NC 2023)

2023/6/19 4B A RAL B AR B LB 5 5] R

73



DIRAC
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through deep reinforcement learning
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DIRAC

BHEIIERIESRAR (Spin glass ground states )

B BN E—"NMKSESo0; e
{(+1,-1} (BBXLERR
+1, BBF0EDR-1) ;

B FRB—1MJ; €N,

(E&FRFIERD, %k
AANGR, BHEEM ;|
EI1ELL, @R RD R
BRIEEE ] jo,0;91E) .

HREEX: BERMHTIRE,

{ESLAT BinE{ERE:
= — ijﬂfﬂj
o

HBNASHAERE, TJLIE
latticeB Rk —FSTRRIEILSA.
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DIRAC

1. ZI R ZEFHIERIET EMERITANXE, SEEAEBRFMS
FRUESREELIARITE BIeRIBRINIESE, MNmRREREE T

o

)

TR IE
2 A TR SESMRMERE, EXeE e E R
i

3. ZIR B FHEMENC TRINAL, SXEISEREESHAR
R T ESE (cavity method) FIESE#E (Belief Propagation)
FMHITENRR, FRH—TantESREIER.
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DIRAC

[HTML] Ising formulations of many NP problems
A Lucas - Frontiers in physics, 2014 - frontiersin.org

... maps from partitioning and satisfiability to an Ising spin glass. In particular, we will describe
how “all of the famous NP problems” 5 Karp [18], Garey and Johnson [19] can be written ...

W RFE YU SIFE WIIRRE: 1639 HHXNE B 9 MRA SABbTex 99

We provide Ising formulations for many NP-complete and NP-hard problemes,

Including all of Karp's 21 NP-complete problems. This collects and extends

mappings to the Ising model from partitioning, covering, and satisfiability. In each
case, the required number of spins is at most cubic in the size of the problem. This
work may be useful in designing adiabatic quantum optimization algorithms.
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DIRAC

O DIRAC (Deep reinforcement learning for spln-glass
gRound-stAte Calculation)

Ofea:
o {FER, PERIMNARRAILIXEIEBEHIIE, HERE
R FNEER S,
o TJi BitiE, RARFARTAZI=4IL=20, XE2HEHAR
BRAHNERST;
o NIFIES EXREZES, FH—CTREXEEANFEI.

| —

2023/6/19 4B A RAL B AR B LB 5 5] R



DIRAC

Eﬂ*Eglg Offline Training Online Application

Sample an instance

a One Episod (
- = ‘ d Input
Y e i, Start by Encoder Decoder
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DIRAC

FEEIR

iEXEHE (Gauge transformation)
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Input
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(3) AVFEEHIEERANEZX
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DIRAC
B IESRRE— L, DIRACATIMAR, 10/HCIEMARRT!

Exploratory Combinatorial Optimization with Reinforcement Learning

Jij = Jijtitj, 0 = o;t;

Thomas D. Barrett,’ William R. Clements,” Jakob N. Foerster,’ Alex I. Lvovsky'*
"University of Oxford, Oxford, UK
2indust.ai, Paris, France
3Facebook Al Research
4Russian Quantum Center, Moscow, Russia

thomas.barrett @ physics.ox.ac.uk, william.clements @indust.ai, jnf@fb.com, alex.lvovsky @physics.ox.ac.uk node g.nodes():
g_temp.nodes[node]['state’] 1

edge g_temp.edges():
. . . . . . src, tgt - edge[@], edge[1]
Reversible Action Design for Combinatorial g_temp[src][tgt][ 'weight'] *- init_states[src] * init_states[tgt]

Optimization with Reinforcement Learning

energy, states, _ = sg.Evaluate(g_temp, isNetworkx=1, step-step)
temp_states - []
node range(len(g_temp)):
temp_states.append(states[node]/init_states[node])

Fan Yao Renqin Cai R
Department of Computer Science Department of Computer Science init_states temp_states
University of Virginia University of Virginia
Charlottesville, VA 22904 Charlottesville, VA 22904
fydbc@virginia.edu rc7ne@virginia.edu

Hongning Wang

Department of Computer Science A/ \ ,— b3
University of Virginia
Charlottesville. VA 22904 I —y o

hwSx@uirginia.edu
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OptiGNN: FH3

R RFINREBUCEIRE

FAASHCIEECKEET B

N

A Python package for solving combinatorial optimization problems on graphs using Graph Neural
Networks and Deep Reinforcement Learning

‘/;;'EéJ 7\)/%1 '?'

v FEFERERIFEIER:

V' SZRFMRIREL

v SOFHEIARE

/

Apache License 2.0fMY

V XEERREFINELR: PytorchZE

a2 EEURERIRIEEIR, HES
v FREMAHRIERE, AIRERRRIEE N B FINZ AN
v XFFETPipeline/5z(AY1)
A 2ISERRM I R AVTRE

R R RECE

UERE ST

A2 TT
SR,

%

Torch-Geometric, DeepHypergraph, OpenHGNN

. =
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(1) T SHHIEHES )

FRtREZ R LEK]

File o &

Mixed Integer Programming (MIP)

S,t, Agj‘ < b <«+———Linear constraints

- T | Objective
min c x function

X

) . Integrality
L E ZI: L E I constraint

objective

“Mixed” — x can also contain continuous variables
Many real-world applications!
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(1) T T S AHIHES 9
FEtREZ L R AR R SRR EFL X Best assignment founc

minimize c¢'x Input MIP T = [0’ 1,....0, 0]
subject to Ax <b { MIP
A b, c}—
J

I1<z<u Solver

Proof of lower bound

v, €L, 1€L
R HRIRERIRIRMILP (T4 S SR e,

SATIIE: ONEEEARARAALN |
MERBOTTRIEARAR, ORERE
S RIS UE NEHASAIR BRA0IER.

Nair V, Bartunov S, Gimeno F, et al. Solving mixed integer programs using neural networks[J]. arXiv preprint
arXiv:2012.13349, 2020.
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(1) s T SHHFAILHLE S ?

B Neural Diving: jJIlG—MNMREREMELEMIP RIS BHTENE, FRIRKWE
HNZEEEN T —1E/NMY “FMIP" J‘Zﬁ\%‘tﬂ%ﬂﬁ%fm}ﬁﬂ’\JMIPX%E%%(QDSCIP)%X%E,
H=E— .E_.F EEIJH ST EME.
INEREMLEE, ERHKEIHITOSZIERRIESR, X945
TRIEBERNS E ?4%%‘ ﬁ“‘“gﬂ’ﬂ‘ =

-_——
— = o

- —
. +° Training r«.an;'“Ecr-~ / Neural MIP Solver \
Distribution of MIPs % o s ™, solve Noural Diving ~
o . ) %ﬂ Partial assign. 1 Botes
o ﬂaﬂ &) Generative . it » |
Modelling Assignment . > igh-quality
\ ) Predictor assignment
- i Partial assign. Km’IJ ‘
// 1
\‘ ~ Meural Branchi ™
HS- L 1
Trammg @ .. @ ® Imitation Tree search A= gt > Optimality
MPs @ g @ @ Learning over integer . gap

assignments %7
e ."'I | IE
/
I'\,__ A

Nair V, Bartunov S, Gimeno F, et al. Solving mixed integer programs using neural networks[J]. arXiv preprint
arXiv:2012.13349, 2020.
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(1) $aTTSHohsEssa

Neural DivingflINeural Branchingfy5={3E 2EIMEMLE (BESIRHERLER)

mn - c A+ ...+ cpry,

minimize c¢'x T
L DL e B i s
. s IEIE N A T - e ; | [ i
subject to Az <b ‘ L ] ]_l': L l e _} ~ Eil”;'l_?'?_. f_:_ b_l_ TN
~ T T
- Fm——F— ek == S - [mhum
r.€Z, 1€l W (21, + - A S bmr nodes

-"—I-——-.l'-'-'-
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B T EEZRRMILP

Mixed Integer Program Graph representation

mind,xy + doxo + d3ux:
X

s.t. Apjry + Ageys < by
442]."1,‘] -+ flgz:{,‘-'_)_ g bg
r ez &y~ Bernoulli(py) @, ~ Bernoulli(fe,)

H

A ... A

R e Ry ==

B EREMAESR, SIMLPEILS N R R ENIE ¢4
embedeci,ﬂ; I—]—]—]—I I—]—I—]—I
Variables e

Graph ' -
{ A’ b; C}—F[ N':‘:::?rlk ]—P Constraints . O
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(1) T SHATESTLES )

B Neural Branching

2023/6/19

Branch and Bound Algorithm, B&B

. : e (9 15)
min  —30x —30x, min  —30x-36x, sl [E-.f]-

il
s.1. ¥ +x, <6, i 5.0 x,tx, 26, 405
- 5x,+9x, <45, (RLF) Sx+0x, <45, CRI-T
min -30x,-36x, ) XX, >0 H. ¥ h e xp.0, 20, Fy¥iy 202,
st %Ex <6, See At it [2%’]
(RLP,) Sx,+9x, <45,

Wi b yteo
<2 i {ti-200, x, E‘A‘l >3
T ¥ A-200

gap = global primal bound — global dual bound.

min —30x,—36x, .
cr eareq | EERG
B ITRER it 198,
(RLP,) Sx49x,<45, | YL{EIF 4-198.
x 23, STl B
| s 3
x,x,=0.
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(1) taTT SHFAIESLES

B Neural Branching

EPXERETER, BRANFEREERAR M TRUREBNMEE LD, TEIEFEAR
REEEEFZMNOXERNMR. ATRESREKREE, EAHEMHZES, FEIstrong
branchingf R34,

Action = Branch on

variable v
4 Agent \/ /" Environment
Select a variable at a leaf node N By '_\ B Grow tree by
v ~ P(Variable | Observation) / \\ branching on
::'/ MiP \] / miP | values of
i W variable v
k‘ __/ r/'r': 1 If'\ /\.\1\_,\

Observation = Summary of node to branch on

Reward = Progress towards target optimality gap

105
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Average Primal-Dual Gap

In[l

107"

its

1.5x better gap
than Tuned SCIP

Reaches 10% gap 5x
faster than Tuned SCIP

Google Production Packing

—— Full Strong
== MNenral Branching

T Neural Branching + Neural Diving (Sequential) 2

w— Tuaned SCIP

m— Tuned SCIP + Neural Diving (Sequential)

MIPLIB

=

107!

Average Primal-Dual Gap

Average Primal-Dual Gap
S

1(]'.! T T T —— I ———— frrmmmmr s

10! 102 10° 10t 10° 10! 10° 10 104 10! 10? 10° 104
Calibrated time (seconds) Calibrated time (seconds) Calibrated time (seconds)
4
> 10*x better gap
o than Tuned SCIP
NN Verification Electric Grid Optimization
% ]n(! S S H = - E— o ]OU - H
T =] ]
] & ;
g 102 T o
D, 10 T QI 10! +——-
3 . )
£ 10 E 1p-2
QE_:' 10 E 1071
B 1070 ek LU a— q
z | | | @ L | , )
10! 10° 10° 10t 10! 10° 10° 104
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REEEEREEIE L GRIRR!
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(1) T TS5 HTHAIEHES

B&B via Learning: Recent Progress

Node selection

» [He et al., 2014]
» [Song, Lanka, Zhao, et al., 2018]

Variable selection

» [Khalil, Le Bodic, et al., 2016]
[Hansknecht et al., 2018]
[Balcan et al., 2018]

[Gasse et al., 2019]

[Gupta et al., 2020]

[Nair et al., 2020]

yvyvyvyy

Cutting planes selection

» [Baltean-Lugojan et al., 2018]
» [Tang et al., 2019]

()

Primal heuristic selection

» [Khalil, Dilkina, et al., 2017]
» [Hendel et al., 2018]

Formulation selection
» [Bonami et al., 2018]

Neighborhood search heuristics

» [Ding et al., 2019]
» [Song, Lanka, Yue, et al., 2020]
» [Addanki et al., 2020]

Diving heuristics
» [Song, Lanka, Zhao, et al., 2018]

» [Yilmaz et al., 2020]
» [Nair et al., 2020]
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(2) faTT 585K HES 9

nzmrlrch. . cllivence ARTICLES
machnine inte 12€NCC https://doi.org/10.1038/542256-020-0226-x

I) Check for updates

Finding the ground state of spin Hamiltonians
with reinforcement learning

Kyle Mills©'23= Pooya Ronagh©'*5%= and Isaac Tamblyn®236=

o
1 4
— N e e e P
gf m‘ﬂ - AR P 3 A\
FIRIEMSI¥ IR ) Dl 50 O on T ne @
s b
Convolutional feature o Dense layers  Recurrent module Qutput layers

extractor

Mills, Kyle and Ronagh, Pooya and Tamblyn, Isaac. Finding the ground state of spin Hamiltonians with
reinforcement learning. Nature Machine Intelligence, 2020.
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AAAI-21

Generalize a Small Pre-trained Model to Arbitrarily Large TSP Instances

Zhang-Hua Fu ', Kai-Bin Qiu >, Hongyuan Zha '

! Shenzhen Institute of Artificial Intelligence and Robotics for Society, Shenzhen, China
? Institute of Robotics and Intelligent Manufacturing, The Chinese University of Hong Kong, Shenzhen, China
3 School of Data Science, The Chinese University of Hong Kong, Shenzhen, China
fuzhanghua@cuhk.edu.cn, 220019002 @link.cuhk.edu.cn, zhahy @cuhk.edu.cn
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(3) 4aTTIRAIERMALRBIEYZ LRI

Aia
NERHENE—FRAEE, REXT SRS, SUSHUEFTRISGMEE S =FE
%15, AEEMBENTSPRERAE. ANENET BRZBSROBETRTSPRMR

INFFHIEEER, BEle, ROER{EARUERIVEZRA. RIEXFEH—TERIMN, @
H TSPRIERATLIANIET.

Graph

Sam+p]ing . s Graph qn 4 Q Monte Carlo
[ ' Fusion -2 c/‘b Tree Search
At-GCRN =il Complete o .
Input Graph . Heat Map TSP tour
[ ] L

TSP|a]gR

Sub-Heat Map

Fu, Z. H., Qiu, K. B., & Zha, H. (2021, May). Generalize a small pre-trained model to arbitrarily large tsp
instances. In Proceedings of the AAAI Conference on Artificial Intelligence (Vol. 35, No. 8, pp. 7474-7482).
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m SLERT: BRI
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Sub-Heat "Fusion»
Map
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| Y L

Sub-Heat
Map

AttGCRN+ MCTSEIEIF,
EFEIEIE (Gap) F0RIETT
AdlEl (Time) FEBE=SH]

iR, EGF

B RLES:

MCTS

=> Simulation -» Selection > Terminate? -
Lo
Complete
Heat Map
Method Tvpe TSP20 TSPS0 TSP100
b ype Length  Gap Time | Length  Gap Time | Length  Gap Time
Concorde Exact Solver | 3.8303  0.0000% 23Im | 5.6906  0.0000% 13.68m | 7.7609  0.0000% 1.04h
Gurobi Exact Solver | 3.8302  -0.0001%  2.33m 5.6905  0.0000% 26.20m 77600  0.0000% 3.57h
LKH3 Heuristic 3.8303  0.0000% 20.96m | 5.6906 0.0013% 26.65m | 7.7611  0.0026% 49.96m
GAT [9] ["RL.S 38741 1.1443%  10.30m | 6.1085 7.3438%  19.52m | 8.8372 13.8679% 47.78m
S. = ) Z ; = % ;
GAT [9] 'S(I).i”l' 3.8501 0.5178% 15.62m 5.8941 3.5759% 27.8Im 8.2449  6.2365% 4.95h
GAT (Kool et al. 2018) RL. S 3.8322  0.0501% 16.47m 57185  0.4912% 22.85m 79735 27391% 1.23h
GAT (Kool et al. 2018) RL, G 3.8413 ().2867% 6.03s 5.7849 1.6568% 34.92¢ 8.1008 4.3791% 1.83m
GAT (Kool et al, 2018) RL, BS 3.8304  0.0022% 15.0lm 5.7070  0.2892% 25.58m 7.9536 2.4829% 1.68h
GOCN (Joshi et al. 2019) SL.G 3.8552  0.6509% 1941s 5.8932  3.5608% 2.00m 84128 8.3995% 11.08m
GOCN (Joshi et al. 2019) SL. BS 3.8347 0.1158% 21.35m 5.7071 0.2905% 35.13m 7.8763 1.4828% 31.80m
GOCN (Joshi et al, 2019) SL, BS* 3.8305  0.0075% 22.18m 5.6920  0.02509%  37.56m 78719  1.4299% 1.20h
AL NP [ e & oA . 23.33s+ | . 230+ | neaga ., 394m+
AU-GCRN+MCTS(Ours) | SL4+RL 38303 0.0000% ST 56914 0.0145% m+ 1 77638 0.0370% e

1.25m

5.33m

10.62m

Fu, Z. H., Qiu, K. B., & Zha, H. (2021, May). Generalize a small pre-trained model to arbitrarily large tsp
instances. In Proceedings of the AAAI Conference on Artificial Intelligence (Vol. 35, No. 8, pp. 7474-7482).
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(3) taTTIRFAERNMNAESZHEYZ KR IN 9

feEtEE ( Configuration Model, CM )

— Efl LEc B irMEEAIIGRENE
BT E ERRERIE S TP (K)

MP(K)FRA—TERFS, S EEANEEHEIEMEEP (K FRYBELEEX

1.
2.
3. WRIERFNERS, (ERECERBEER—MWIRE;
4. FEIXEAE BRAIE] )l

ANC (x0.01) | Crime HI-II-14 Digg Enron Gnutella3l Epinions Facebook Youtube Flickr

FINDER 10.99 5.54 8.66 4.30 11.10 4.99 26.84 237
FINDER CM | 10.81 543 852 433 10.64 4.82 26.56 240
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(4) fnTTRIBE Jeth2H3R 7
DC3

Algorithm 1 Deep Constraint Completion and Correction (DC3)

1: assume equality completion procedure , : R™ — R"™™ //to solve equality constraints
2.

13
14

15:
16:

17/
18:

19

3
4
5
6.
7
8

9:
10:
11:
12:

. procedure TRAIN(X)
init neural network Ny : R — R™
while not converged do for x € X
compute partial set of variables z = Ny(z)

compute constraint-regularized 1oss £gof (7))
update 6 using Vgl (1)
end while
end procedure

procedure TEST(x, Ny)
compute partial set of variables z = Ny()
complete to full set of variables j = [z7 ¢, (2)7]

correct to feasible solution § = plte) ()
return
. end procedure

T

complete to full set of variables j = [z7 cpz(z)T]T eR"

correct to feasible (or approx. feasible) solution §j = pzt‘""“) (1)

min  f(y)
st g()<0
h(y)=0

miny, fr(y)

st. G:\¥Y) - ~

-
- =~

i) ) ’ \\
Inputx /(L35 s Un) Output

¢ 1
/ Y
K \/\.
) correction
' completion (<)

v =3

:> (D,yz.ﬂ,....y“)

neural
network

bort(9) = fa(§) + Agl| ReLU(gz ()12 + Anlha (9)]113

Donti P L, Rolnick D, Kolter J Z. DC3: A learning method for optimization with hard constraints. ICLR2021.
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(4) fnTTRIBE Jeth2H3R 7

B Simple QP:
G B § 1 T T
minimize —y Qu+p vy, s.t. Ay=x, Gy <h
yeR”™ 2
Obj. value Max eq. Mean eq. Max ineq. Mean ineq.  Time (s)
Optimizer (OSQP) -15.05 (0.00)  0.00 (0.00)  0.00 (0.00) 0.00 (0.00) 0.00 (0.00)  0.002 (0.000)
Optimizer (gpth) — -1505(000) 000(000) 000(000) 000(000) 000(000) 1335(0012)
DC3 -13.46 (0.01) _0.00 (0.00) __0.00 (0.00) _0.00 (0.00) 0.00 (0.00)  0.017 (0.001)
DC3, # -12.58 (0.04) 0.35(0.00) 0.13 (0.00) 0.00 (0.00) 0.00 (0.00)  0.008 (0.000)
DC3, « train -1.39 (0.97) 0.00 (0.00)  0.00 (0.00) 0.02 (0.02) 0.00 (0.00)  0.017 (0.000)
DC3, £ train/test -1.23 (1.21) 0.00 (0.00)  0.00 (0.00) 0.09 (0.13) 0.01 (0.01)  0.001 (0.000)
DC3, no soft loss -21.84 (0.00)  0.00 (0.00) 0.00 (0.00) 23.83(0.11) 4.04 (0.01) 0.017 (0.000)
NN -12.57 (0.01)  0.35(0.00) 0.13 (0.00) 0.00 (0.00) 0.00 (0.00)  0.001 (0.000)
NN, < test -12.57 (0.01)  0.35(0.00) 0.13 (0.00) 0.00 (0.00) 0.00 (0.00)  0.008 (0.000)
Eq. NN -9.16 (0.75) 0.00 (0.00)  0.00 (0.00) 8.83(0.72) 0.91 (0.09) 0.001 (0.000)
Eq. NN, < test -14.68 (0.05)  0.00 (0.00) 0.00 (0.00) 0.89 (0.05) 0.07 (0.01) 0.018 (0.001)

2023/6/19

4B A RAL B AR B LB 5 5] R

114



(4) fnTTRIBE Jeth2H3R 7

B Simple non-convex:

minimize

1
ayTQy —IrpT sin(y), s.t. Ay =z, Gy < h,

yeR"
Obj. value Max eq. Mean eq. Max ineq. Mean ineq.  Time (s)
Optimizer -11.59 (0.00)  0.00 (0.00)  0.00 (0.00) 0.00 (0.00) 0.00 (0.00)  0.121 (0.000)
¢S -10.66 (0.03)  0.00 (0.00)  0.00 (0.00) 0.00 (0.00) 0.00 (0.00)  0.013 (0.000)
DC3, # -10.04(0.02) 0.35(0.00) 0.13(0.00) 0.00 (0.00) 0.00 (0.00)  0.009 (0.000)
DC3, £ train -0.29 (0.67) 0.00 (0.00)  0.00 (0.00) 0.01 (0.01) 0.00 (0.00)  0.010 (0.004)
DC3, £ train/test  -0.27 (0.67) 0.00 (0.00)  0.00 (0.00) 0.03 (0.03) 0.00 (0.00)  0.001 (0.000)
DC3, no soft loss  -13.81 (0.00)  0.00 (0.00) 0.00 (0.00) 15.21 (0.04) 2.33(0.01) 0.013 (0.000)
NN -10.02 (0.01) 0.35(0.00) 0.13 (0.00) 0.00 (0.00) 0.00 (0.00)  0.001 (0.000)
NN, < test -10.02 (0.01) 0.35(0.00) 0.13(0.00) 0.00 (0.00) 0.00 (0.00)  0.009 (0.000)
Eq. NN -3.88 (0.56) 0.00 (0.00)  0.00 (0.00) 6.87(0.43) 0.72 (0.05)  0.001 (0.000)
Eq. NN, < test -10.99 (0.03)  0.00 (0.00) 0.00 (0.00) 0.87 (0.04) 0.06 (0.00)  0.013 (0.000)
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(5) T EXAKRIEBLES )
BlackBox: $§CORMEELE RS SR AT I EE LR

learned solver
; representation output
Input (e.g. image)
w U('“.'J
- —» Loss
B ~ - I
- df df dL
L dw dy  dy
| : » NN layers
NN layers / convolutions Blackbox combinatorial solver more . AyErs
’ (optional)

/ 1 0 - 0

. 1 0 --- 0
; » ‘(c;wl;lnli{zgmu 1 » »
00 - 1
0o 2 4 6 8 10 kx k}b/_\%EBE
ST e (Flabelffilossy e LEVATHORIEE

Poganci¢ M V, Paulus A, Musil V, et al. Differentiation of blackbox combinatorial solvers[C]//International Conference on
Learning Representations. 2020.
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Poganci¢ M V, Paulus A, Musil V, et al. Differentiation of blackbox combinatorial solvers[C]//International Conference on

Input

(a) (b)

Figure 6: Visualization of the PM dataset. (a) shows the case of PM(4). Each input isa 4
x 4 grid of MNIST digits and the corresponding label is the indicator vector for the
edges in the min-cost perfect matching. (b) shows the correct min-cost perfect matching
output from the network. The cost of the matching is 348 (46 + 12 horizontally and 27 +
45 + 40 + 67 + 78 + 33 vertically).

Learning Representations. 2020.
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Network Planning with
Deep Reinforcement Learning

Hang Zhu
Johns Hopkins University min 3(Cy x costrp + 3 costy) optimal
leL fe¥y;

s.t. Z Y(l,0,4) - Z Y(l,w,A) = Traf fic(w,n
Ll c=n

Iild_ﬂ=ﬂ

search space

Varun Gupta
Facebook Inc.

Satyajeet Singh Ahuja . ij’ ;Q\;i 2 z
Facebook Inc. o e
] Z Cr X ¢y <S¢ . ) . .
Yuandong Tian jehs Figure 2: Two-stage hybrid approach in
Facebook Inc. Gy NeuroPlan. The first stage uses RL to find an
Ying Zhang initi_al soluti(_)n, and ti_1e Sfecond stage uses ILP
Facebook Inc. to find the final solution in a sub search space
o near the initial solution bounded by the relax
~Xindin factor a.The factor a provides a knob for the
Peking University trade-off between optimality and tractability.

Zhu, Hang and Gupta, Varun, et al. Network planning with deep reinforcement learning[C]//Proceedings of the 2021
ACM SIGCOMM 2021 Conference. 2021.
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BEE

VRAR

B First-stage I NeuroPlan Il ILP

1.5
I
3
- 1.0t
b}
N
©
£ 0.5
o
=

0.0

A-0 A-025 A0S A-0.75 A-1
Network topology

Figure 8: NeuroPlan can produce optimal solutions for
small-scale problems. The cost results are normalized with
that of ILP on each topology.

AHR

B First-stage I NeuroPlan B [LP-heur B8 [LP
20

Normalized cost

A B C D E

. ) Network tmpl-::%y L
Figure 9: ILP fails to scale to large topologies, indicated

by the crosses. NeuroPlan outperforms ILP-heur on large
topologies and avoids human efforts to tune the heuristics.
The cost results are normalized to that of ILP-heur on each

topology.
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(6) 4nTT IR F B3 KB LG TN

ChatGPTHESIERRE AE S RO
SRETE R R

A E-H,. IR, SaEEREIRES B 84FT53 T,

R RIA. BHlERINT, INTHIES B /aEa2/NgFI1/NT;

QEJ“ZJWU"_ SFEA. B. C=FMI28INT, INTRNE/AEEaE—INT.,
HEARR T IN TR ERIED BIAAYIEE10/NET,  BH1=288/\IgFICH =257

/] \Eﬂ“

[Tzl NEFH, ZHRSILE, ZReEFIEREK?

from gurobipy import *

# glEEE

m = Model("TSP")
= S
ZEEEE

x1= m.addVar(vtype=GRB.INTEGER. name="x1") 8 £=B{ &
x2 = m.addVar(vtype=GRB.INTEGER, name="x2") 8 £ FXE

# BIZ EREER
m.setObjective(4000°x1 + 3000°x2, GRB.MAXIMIZE)

& BIENESEN

m.addConstr(2°x1 + x2 <= 10} # ? = PENES
m.addConstr(x1 + x2 <= 8) # BYIZEEIE 2R
m.addConstr(x2 <= 7):;(2?}“5*5 ERESEES

m.optimize()

FEOERE
for v in m.getVars{):
print(*%s %ag" % (vvarName, v.x))

print{'Cbij: %g' % m.objVal)
x14

X2 4
Obj: 28000
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