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Abstract  Network data are ubiquitous in real-world applications to represent complex relationships

of objects, e. g. ., social networks, reference networks, and web networks, etc. However, due to
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the large-scale and high-dimensional sparse representation of network datasets, it is hard to
directly apply off-the-shelve machine learning methods for analysis. Network representation
learning (NRL) can generate succinct node representations for large-scale networks, and serve as
a bridge between machine learning methods and network data. It has attracted great research
interests from both academia and industry. Despite the wide adoption of NRL algorithms, the
setting of their hyperparameters remains an impacting factor to the success of their applications,
as hyperparameters can influence the algorithms’ performance results to a great extent. How to
generate a task-aware set of hyperparameters for different NRL algorithms in order to obtain their
best performance, achieve their performance fair comparison, and select the most suitable NRL
algorithm to analyze the network data are fundamental questions to be answered before the
application of NRL algorithms. In addition, hyperparameters tuning is a time-consuming task,
and the massive scale of network datasets has further complicated the problem by incurring a high
memory footprint. So, how to tune NRL algorithms’ hyperparameters within given resource
constraints such as the time constraint or the memory limit is also a problem. Regarding the
above two problems, in this work, we propose an easy-to-use framework named JITNREv, to
compare NRL algorithms fairly within resource constraints based on hyperparameters tuning.
The framework has four loosely coupled components and adopts a sample-test-optimize process in
a closed loop. The four main components are named hyperparameter sampler, NRL algorithm
manipulator, performance evaluator, and hyperparameter sampling space optimizer. All components
interact with each other through data flow. We use the divide-and-diverge sampling method based
on Latin Hypercube Sampling to sample a set of hyperparameters, and trim the sample space
around the previous best configuration according to the assumption that “around the point with
the best performance in the sample set we will be more likely to find other points with similar or
better performance”. Massive scale of network data also brings great challenges to hyperparame-
ter tuning, since the computational cost of NRL algorithms increases in proportion to the network
scale. So we use the graph coarsening model to reduce data size and preserve graph structural
information. Therefore, JITNREvV can easily meet the resource constraints set by users. Besides,
the framework also integrates representative algorithms, general evaluation datasets, commonly
used evaluation metrics, and data analysis applications for easy use of the framework. Extensive
experiments demonstrate that JITNREv can stably improve the performance of general NRL
algorithms only by hyperparameter tuning, thus enabling the fair comparisons of NRL algorithms
at their best performances. As an example, for the node classification task of the GCN algorithm,
JITNREYV can increase the accuracy by up to 31% compared with the default hyperparameter

settings.
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Ao B F R R .

3 ERENX
AR SC RN I 246 42 775 2 3 B v 1 M e A T He A

LR T T S RO B AESE JITNREY. 7
X 45 FRATTE ST X SCE Hp T A S AR A A A

5 HEAT RE SC, PRI 5 1) k4 7 A Ak i 3.
3.1 BEXREX

EX L. MG HBRE. VEh 4 B 1 —
i, 2R N G=(V,E, Ay Ap, L), rif V FIR W 25 h
WHEMES IVIER G R AMEH. ES(VXV)
FRMGETRNNES A ERY " EIRG P AR
PEMERE o FR SR YEM 4. Ap e R R
RGP JE M AR B o ROR R Tk Y 4R
MG RABAREE v v, €V,e; € E.HAUE w; B
FTA, FHILER A w, €A, WA, €A, H w, €10,
1L LERY " FIRM S b s e s b y 8 G
O AR S T A A A B 1 2 R A
AR R SR Y B R AR BN — A
A3 Ap=Null,Ay =Null 8] L=Null #/5.

TENX 2. MEERRFE. EX S5 G =
(V.E. Ay, Ap . L) E — AW M 0, 2, €
RO H A 2, 2 vl S B R gER R . d N
VG 2 1) 2 ) A4 L DR X AT R 4 R 2 )
AR X=M,(G), Hrh 0 Jyw i sk B M 75
FREBEBEG B d€ 0, X Fom M8 KR 1)
g5

EN 3. PEfE. i P(M,.G,A) F£ R EBE R
B, B 4 R 2E ) Bk MO B A RE B M fif
FH BB 2 5000 B 0 - W 2% 25 K 8t G 1 I B0 a0 43
Mrmi A Shal ks Hoh A BT R Y 5 4 28 Bl b 1

TN A5 ELAA R .
3.2 [ EE®

I H W45 B R 2 2 A MBI TERE BB P (e v v o)
ARAL DIEETFREHLITE 1 R 45 278 2 2 5395 Deepwalk
A AT Arxiv-t Bl S e it T REALIE E P
B JEE AR A g A2 1) BE AL I8 A T 1) %0 H 5 B % T
S P BE =2 18] A9 5C 2% L 45 2P RE i T N 1 1 BrR.
MIEL T sl DUE A1 [R50 A A ) 2 50me B 2% 1

0.78

0.77

: 5 65 85
R
el | R 2 3 B ik Decpwalk ZHcH Al i
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o A () A A A o R TR N M BE A B S 25
PRI AR ATT 4 H 1 e AN [ ) 4 R 2 20 Bk )
REIEAT 2 HL A 1 ) A

FATH B AR TAT M 4% FoR % Bk M,
EEXTH A (1 9S8 0, 78 48 45 19 8 2 BB
Fl dis, 18 9% 2 B0CUME BR ) 2% 1F Lim, T 5 76 45 38
GEURBR i 25 N () T e 22 SR 0 I 45 2R 2F S 5
BB AT U N BRI e R A NLDO R ek b
P(M,.G,A) &8t P(M,.G.A) [ 545 500
B On, et PEREAE P, A6 R 9 5 2R X, -
XA ] M Py, 9E4T B S B0AS [ 55 3% 22 )
(1 R AT HE 55

4 JITNREv {EZ2

TR 3.2 5 BT A B 45 R o S B
REA T HL ) A, J AT 42 10 T 3 F A S B
W 25 3% 7 2 2 FIA PR RE A F B AR HE S JITTNRE (4N
Bl 2 ). FEX — 1 H AT E e X JITNREv AE 42
(AR EE AT 20 TR AHE S o B0 R % S
HOAb FR 43 0 £ R 2 2 Bk JoME RE PR X 3
Gy IZE 5 AT A s 2 05 HR 4l 90 45 445 #) 50 4 3
AR TR P R A, FRATT 6T T8 RS 1) 4% 45 o 40 42
AR O A P e UL AR 0 A7 A 49 6 X — 35 A B s AT
XF JITNREv HE S H R (9 1] 8] 52 2% B 94T T 4347

dis, '
; MR | X, | v
N(N,, N, FARE T A
i if iter, | <
GM,,. N,
P, KA
Xu,. Ptk

JITNREv .-~

lim,

B 2 JITNREv HE 413 (kK 45+

4.1 EMEFigIT

JITNREvV HEZE# {4y PH 3R 4544, W] DL 3 3 78 %
B ARVFRI ST 2B AT 48 28 507k M Be s fe i
MR SRR E AR A HESR fa A 2 iy B U B ) 2%
F N W LU e 2 AvF 5L I8 47T i IRE N Fl i R At
VRE S M N2 8N, & Hofh f A AL 45
(1 28 S5 B HEAR G R Z BB RS BES 0,

e B0 RAEE B R R (GRoR Ol disy). Herf Lim,
Fo RS BORAE B BRI 45 4 CIE 6 2248 A L
WA Limg I 554 58 25 5 % 3 5800 0 1C & (i) 4
Deepwalk BIEFETT SR gE R m m K JE N 4 1
FEHCT 5 S A S AT AR BRSNS 1 4
NAEHIR R4 N R R4 £ Bk Mg
Xt 4 S5 BUR AR G IR R S B B AR5 Ou, - I
PEAERBAA P, AR 05 R85 R X,

JITNREv PA5 0 0 7 2085 AE 22 v i) R [ A
B AR A Oy S AT 3 B2 68 T HE 2R 1 P Je RAE K.
FEAHE SR F Bl RS HORE W 4 R 2 Lk
07 FH P BE PPA R 2 2 BOR AR B AR GX 4 384 41
J. RS BORAE J TE 4 1 % U PR 2% 1 N 2 5
R R B P T A S R AT R K
2K FRF 2 TR UL DORFEAG B 1 B R S B N
BN BT BRI A W 45 R 2 2 Bk AR R
102 7R 2 o 45 5L 5 7 PP RE DR A AR B 2 DA FH I R
= 3 T VR I FE R P o 2 2 45 51 1 45 S AT
i RS ECRA N B AL HUR DL 1 B R S 8
SRAPLE TR T 8RR 2 ) 25 AT VA A5 2 ) o
REAFE 1 A A 38 2 B A 14 O i /N B 2 5 B0 SR
TR AR BEUR SRR I 25 1 N TR R4 T R A, AR B H A
TR 3 r AL VR I e KN AE N, B JITNREv
HEZR BT VDR AR ASE B o 8 JRORASE 4040 45 0 47 i Ak
B 7E R B i ABCHE 25 0 05 8 0 B A b He 4 R
Wl P9 A o S 4 e 3R AT R S R T T 1 i
Ayt [ # A HE SR8 3 PR R ) E R A 3his 17, 8
0 o A ) 5080 43 AT AT 55 7 0 U PR 2% 1R R R BIR
Ivi) 00 265 & 78 2 20 55 125 1) S A R B DA S B I 45 R
) Rk Z I MR RE I A AR
4.2 BLSHLE

WA RS BUE I W50 R T RS BORFE
ISR RS LG 3 7 A4S B 7 AR I 2 2 B0 R
FES [ disy LA RO IR R 2518 N Ja . RS BUR #
BT B A L — RGN W I RFEREAS. 26X % S 8K
HEATSRAE I FRATT T B0 AL AR AN 24 (1) X
2% Fe R A 2 B v R [R) 2 A 1 R S 8RR IS S
F W% RRF T TR SR Z AL FE A
TR SRV SR AT MO 7 H S A S 8 T
AT P THT i) ) 2% 3% 7 2 20 B0 1) B 20 5 B0 A 2
AutoNEY" Jf R R 3 5 %7 4F 5 52 26 R S 401
JE A RUE O T AR UEAE 42 9 38 A M JITNREvV () #8
RSPRHBERTFE LR ELXLBRSEG (2 e



904 it "

TEA RFEA S P 8, i1 T JITNREvV HEZEBR & T
TEHAT RS BOREH  5I8 N B8 s 17
W 2% F2 7 2 2] B B OBCSE L TR I S SR S BCR
R SR R S L A A B R % 7 A IR 38 17 U Bl
S 2 i .
FEF S FOR B (0 W 45 e m 24 2] kM RE A
- b A8 ) RBAR I S — A DA S BOR KR T8 BB R i
PRI [) PR B H B 09 55 A0 Ak [] L X F 1 g 1 A
T 18RI A3 3 & 5 R R AT A S B L &AL
L2 TR 1 AR 2o i AR K BLAR M B R, B
A N SN R NSy | B s W D R L
BNz 0 L PR FRATTH 0 45 7R 2 2] B i 1 g
e A AT A 2B G A Ak n) AL PR R Ak i A v Dy ik
WAy N R« — R I T AR A AR A T 125
WL Ak 5 55— 2808 T R Oy kL i an B AL
SRl X s SR A 4 L 3 2K T 1 AT L v R DL B A Ak
TE V2 JA 31 B B SO A AR 114 i 22 % RE ASE L Ay 8 3
A5 ] o AEL 2 S A X 22 i 1 FE A {5 8 R 47 78 4
FH. UL FRATTAE % T SCHRL I3 e 48t i I v A e Tl
[ [ 4% 3% 78 2 2] S 1k R G S Bt Ak ) R
FATUAHL T 857 J7 R A (LHS) fE 2 JITNREv
MRS BORFEB Y SE R 7 k. RSB 2 h
T ORUEREUE TE A BRI (1) Py Wi S50, FRATT 0 I A SR A
W Bk T R R ) AR S RO BB — D
MRS 1 RFENLE dis, » Vi€ [1.n]RI40 N & AN
B o 78 B — 1 [ BG SR 4 — RE A, v & B AT AR
i N1 PR 04T 35 L F R S R I A SR 1)
AETRE T WS SHE ) [R) ) 2 Bl 4 7 25 4 R R 1
SR E RN 3 B A MR K I RS R T i DX
AR R, FATT L B Bk )k B R R AT R )
RSB W 1 3R AT B B AL E 7
HIKFE 7R Deepwalk 8325 1 M BB A7 57 W] 2 52 1.
I FRATTAS T X0 A AR [ B AL 8 3 91 B2 {E AN
AN TA)“BEALIEAE 7 50 5 B 7 1 41 A T 2T, r DA
TEH n DSBS HCERN 73R kA TG AT A 55
FURAE R AREASEFT I, B AT DL R Ryt 03
FrRMEARES S,
Sy=1{S,.S, .S, } (D
S, #S,; Vp.q€[1. k], Yi€[1n]  (2)
BanE 3 R B SE X F Y FRAT 5 500
T80 53 K 6 AN TR1 B J o 38477 B 22 4 IR & 7 Bt LR
£ 6HFEARFEATIIER, X MY A9 — /0] FE . 48
Hol —HEEAR BT 5 R T F R
FEA L E A ) i)

2 il 2022 4
Lo BASECRAEER
I e R
g CITT ST~
o] IR S it il i St St
O IR [ 1 | i S

B e 4o T i
= I S U EUSI SR I
P .
,,,,,,,,,,,,,, b4

Poé

HMHSHX

[ 3 JITNREv d @9 2 HOR K7 150

XF T/ BN [F) 28 AU g 2 BORR A T /oK
JITNREv J8 2 4 ik 26725 5 5% Al 3] 7% 22 ) B0 {8 =5[]
R EAT U)o RFE . RATEL GON Hraf DLiE £
HI S K Bl ) GCN fEis 47 ] DLk % =
s U7, [

Model & {‘gen’ , ‘gen_chebyshev’ , ‘dense’ ) (3)

FATUL mdl A Ry 48 7 728 &, BB H B G L oy
L0.3) B A [0, 1) I XN “gen” s FEHUE K1, 2)
I XTI “gen_chebyshew’ ,BUE R 2,3) I8 H ‘dense’, B

J‘gcn’, mdl€[0,1)
Model=< ‘gcn_chebyshev’, mdl&€[1,2) (4)
l‘dense’ , mdlE[2,3)

PRSP 3R 5 AT SR A L XA B S Oy 5[]
FERT LA T 3 A5 £ 57 R 288 3 1) 722 i v DA R
PSR Z R P 1 ) R

TERE RS BOR AT B AL B e rh FE AT ¢ 5] 1
FP I 2% e 2 20 SR I P R T 1 R Y A SR A
1% 7o 0 2 50 B 30, P R UG Y g S T B
A AE S B R A M. BRI AR AT e P G 181 3 s i
AT BT RL

BETER W RS BRI EAL S Soth . 0,40
A BT B PEREAE W FRATTIN R 7E BT R AFE 25 8] Py AT
REHH A S0 4711 RE 1 B 20 2 BIC B 4 A O E 3 5 K,
HEMR RN EA S EMC A NBAS R E
LA WAT . AL 3 FiR A F 48— 2R
MR SEL 0 BATE e B E 5 REMITAFEA
0, (R E—RNERNBESIEES 0, TBHR
ZH0 W BUED /NI KAE - id N

0! =max{S,; S, <0, .pE[1.k]} (5)

kb5 R A REAS KL 6] I 8 5 LG 0, R 1Y)
/M 0; . iEH

0:=min{S, S, >0, .p€[1.k]} (6)

XFETERAFEZS (0] disy ™o AYEFE 1) BE—AHERE 4
W —NBERSE0.H0E TH LT RO .00 B
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0. €[0:.0!], Yie[1.n] 7

PR LGB — 56 R AR B RS B A =S [ R

Q=[01.011X[0,,0:1X+X[0,,0,] (8

XRELESEACUEL iter, <N, 1951 F R AT5E
3 TR RS BRI disy = Q. I8
KAEIEHE disy SN B RS BRI g -7 F —
LR AW

AR AR R R R A A AL O B A R =
BRI RS FL AT L GON B335 i) AR 15238 47 ) B+
KES SR HN, ‘dense” BRI M fE e fE , iR 4E L
TR AER TR SR A B AR 1 7 3K md L A R — R
T REE ] RAERABAEL2,3) 9 B I AR 18 =K (4) 7] %0
‘Model” Z 30 W BUEAT N “dense” , it P T 55 1AL
DS BORAE B A [ P Ak T .

FEASHE LA AZ DA I 1 TR ML
SACESAS T 2 U PR A 2% 4 S 2 T A G 1
RSHEE O, - A PEREME Py, F172 2] 18
B LR G5B Xy, . JITNREv 38 i % 5 # [6 f1
N, A F AT 0 B b 25 G ABCHE 20 B L AR
] 9 2 FRoR 2 2] Eps M) P, HEAT HOER S S5 B0
RN E ) B ERE R AT L.

ik 1. JITNREv HERL 98 2 R sk PG Y.

BN s BEURBR A S50 N, 5 P28 25 M B8R G5 48 w2 )

LM BB E RS BE S 0 FER AR
disy s BRSERMGZ A Limy s W1 UR SRR ALK k

1. According to 0, dis; and lim,. sample £ hyperpa-
rameter configurations into set S;;

Run M on G with S; and select the best 6, ;
iter,— —=k+1;

WHILE (iter,+1<<N,) DO

=~ w Do

5. Trim hyperparameter space around 6, , and generate

new sampling space disy
pung sp U

6. Lk=Fk/2]

7. Sample £ configurations into set Sy , according to
disy and lim,

8. Run M on G with Sy and select best 4.

9. 6,=0,

10.  dter,y T =k+1

11. END WHILE;

12. 0w, =0,

13. RETURN 0y,
4.3 MBRTFIFERERAMEETM

T JITNREv 3 i 5 2 00 4 1) 3 1] 1
G BN ) FUE R A OB AE L 10 2 22 2 )
IR 1 4L A R E A 2 28 SO S T 5

AutoNE A [A]  F AT o LA T[] 25 0 265 09 19 i 3R
) BN AR P LU S BOR FE R RS 1Y
RSB S S A -l a4 47 98 A A J5 X
B AT IR A ) 26 R o 2] B R A B 4 ) 4
XAt i 2 o PP RE A AR B, i T ixX — BB iy 38
B AT LB P 5 T 5 A 1 R 48 R OR
B EAT R AR BL T JITNREV HE 42 4 3 1 1E.

IO FH P E T Al A5 e LU 24 i ) 4% 3R 2 ) Tk
M e FI SO0 E T = B4R X A
Wk xE Xo 7 T i BE e B A i R B AT R
iR MRS B EE S S, MBS G
A PERE P2 Z 5 R 2 2 JOR R 3 T A A8 e 4
PEfE R

HY T 10 28 278 o o Sk i PR BE S a4 L ]
R FH P RE DI 5 bR 8 AT 3 D) G 2R O T RS Il
FEVRA 53 BEAT P RE VAl » AR 08 i 25 I 45 1Y i R
o BRI S BT S AT LK A B0 R SR R
3 0 B TR 23 Ak - B T BB BILE S R T i 2 ) 4%
X3 R ATIERX 3 RAEL kT R HAK
PR AR RS JEME R CREAR {5 B 0L 5. 2.1 99) . JF
TREE T 5 FH A 42 100 05 (00 JHC Al 190 2% 37 o ~) B0k it
Fr AR RIS AR 0 46 7 2 o) Bk AR 1 A
HA BT AP A RS 4 L T S AP 4 bR AT TR
PO U e TR S/ 6 B &icds 4 . 2 Fh bz
FHAN 3 Bb 3 I 45 AR 4 BAE JITNREV HE 28 o, H AR
JITNREv HEZL A £ B 1 45 1108 T 58 2 1% E 3 0
F A8 5 DL B R 5 1 5 i, 56 T JTTNREY HE S
DA Bt 4 VI T B AR AR B PR AR R L 5. 1A
5.2.2 5.

x1 BEMEZTRARTEIEEZFERYEE.
Rz R BRI MR 4R 5 i

Applications

Datasets Metric
Classification  Link Prediction
Arxiv Vv AUC
Blogcatalog Vv Vv AUC, Micro-F1
Wikipedia Vv Vv AUC, Micro-F1
Cora Vv Accuracy
Pubmed Vv Accuracy
Flickr Vv Vv AUC, Micro-F1

4.4 BAUBEHESHTLE

JITNREv REGG 1A BT IRBR il (9 5% 15 & . % 452
W 2 27 o 2] Bk R AT S RO . o i B
B 2% A1 B 0 I fi) BR A BP B 22 Ao VR TR AE AT Y UKL
N A i w1 DU e VE 0 e R N AE N, B RLE X
T R UL 1) IR0 24 45 A K i 2 L FRAT TR 1 1 A DML



906 I S 2022 4
P 7 SAEAT B B A 4% BN 26 K 0 SRR 14 AT SR A R A BT AT S AN
VNSRS MBS R E 241 1 A 2 5 O [leComdsseCong omig b [N %20
TR D 7. B8 s M 2 o Sk s At A R N | %2=1
5 5 S ) ML I 5 4/ R 48 1 RS ‘ (13)

AT DLk — 20 45 0 0R A 7 R 2 BO0R R T R 1 ().

& JITNREv AR A T 2 F 2 2 4 Ja (Multi-
level Layout Algorithm) i & ¥ 1k 55 ¥ (Graph
Coarsening) X K HLAR 00 £% 45 14 B 4fw 3 17 74k 2R, 76
ANTR] B 2 b DR B A B 45 R A R X R B B
R HEAT IR 47 1) 518 R B R 42 Jm 25 4 15 2.
FEr AN T J2 0 B B 4 0 £ B 2B I Rl Y
— B AL (First-Order Proximity) F1 — Bt #H b1 1
(Second-Order Proximity) ™, {5 85 — B #H ) 2 1% L
A2 X &L b 2 A 3 AT T A Ok B AH B
AR A 2 X 5 1 &P i 45 A aE AT A B R AT AE
T HARP™™ 4 1934 il & (Edge Collapsing) il
ARl (Star Collapsing) J7 20 X iy A % 5 9 47 ¥
VOELN

B AT T A B P — B A L AT AR
. EH R G=V,E)hikfF— Ll E,ZF,
B E, o i AT B4R R SR B ) — A5 L Z 5 ¥
Cuisv) € E, B S s o B BT B9 5w, FEH
w; o AHE R IERL B w M 3% G 5 i R
RN G =W ,E), A

cQu;yv) =w;» (u;yv,) €E, €))
V=V \{u 0 ) \{uz 50 b)) U {0y sy o0+ (10)
E'=E\E, (11

T o A T O ) 2% 5 AL O AT AL
B 2% vy AR S 2 AR R BE AR T
s B RUBE. AN, BT G og B X Y
SRR G RATIE S TE G il 38 W e e &
BYGEFT W Xy B Py FTEIKE E, #6477 4
IR (8T I AN 23 %) > HE Z2 110 fie 2 i 1 4 2R
RS

ERA PSP 45 454 Bt ol F 5 A JohR
Ji (Scale-free) ¥¢E [ M AEFEVF 2 B R Z5 44 B — 4~
HL T RS 2R B SO . BRI LG RS AR
U 1 PR BR — B AR e (ELIE 0 T B R 1 R i 45 4 T
ARG AT EE R PR BE L BT AFRAT T A 7 5 HARP
AH R B 2 Rl 2O B B SE A AT DR B

SR T A JBT R T A () 4R AR R R
ARG o RO A il B R e L T R o
FLARJ& 5 s L

N, ={v|(v,sv)EE} (12)

Horp |V, | FORTESEAT Bl S Z AT 0 1 8 o 1 4B
JE T RUBCH S T R ARG R A R [ A0 i
TP RGP 1 2 SORARL, PRt 2 il R
R Al A P AR A BRI B S5 A 5 B HLol
PEAT PR BB A B G M K R 4R T B B B

K] WM 7 XoF 8 R A 5 i 4 A7 T 4 B, FRAT
TS A A i 2O RO HE AT R . P
WA 7 R HEAT E— 20 R4 e A A A B S
U259 G FRATLL can_187 i 42159 4], %f 751 4b
PR 1) B0 25 1 U7 B8 A e AT R R (LI 4D
JITNREv HE 47 WAL B (9 804 G" LT %2
BRI AL T DA R A R A 2o v 0 PN A o O 4 R T 4%
TR FE R B AT B FERTS Ou, S5 FRTE G
LB T S AR O, KT X, BT Py, A
SR HE S o 2 B Hh 2 R

\\
N
(a) can_1875HGE (b)) Tikh B 45 5
B4 TG AN 420 R Ak Ak B BB ) L A

AutoNE" 7 5106 i KBS AI 3 42 110 Ab 2
ST BMEZEXJET AT 2 85 (D Al B
BUIE A 1 7 O S B R A TSR A R 2 AN /N RS L
WEIR T B A B AR Al 254 5 (2) SRR I 75 BE TS 1
F BB F B KNFHERFER 46 25 A T FiSME
B FRATHE 7E S92 5038 4 % AutoNE Fil JITNREv fE
A0 ) R R i 4 1 T A B G B R 4 1F
P RN HE A AT B (DL 5. 3.5 99).

4.5 JITNREv {EZERf B E & E ST

JITNREv My 0B 7EE 2 1 ik fT T RN,
FEAHEL MBS [R] & 28 B2 OCN, M) i N2y fuif
TVLABAT IR B MRy Bk R 4 ) 45 e 2 2] kY
A IA) &2 2 B B GCN 3395 0 OCI E ) s Deepwalk
By OV log|V]),AROPE &k O(| V| )%,
BEXT R FUBLEHE AR L FRATTOE A 7 HARP A4
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VDR J5 ik 368 B0 G MRS AR A7 T A4 » B 3k 1) i ) A
20 OCIV D)L B J B i 6] A 22 4 T sk as 17 — I
P 255 e 7R 2 2 S ], ELDRLAG S B A s G745
JFE G M |V < V], |E'|<I|El.FHItfE G &
PEAT 2 2 B0 1 I i) R LA 2 T e T B a2
TR ] 3 2 AE FHe AE G 1 4R B 00 S5 1 8 % 5 B
BER O, BLHEF S M RTERE G 13T 20
R T A R A S R B AT I ).

5 XBREHER

FATEAE X — 5 %t JITNREv HE 42 1) 1 g k17
PRI, B S FRATTXS DU T 15 A H A AR AN S G e
HEATFVEA A 40 445 5 JITNREY K2 22 9E 47 L 8 i)
SEWE ST A S RE SRR T R 3 R AR SR R A M 4
R A SRk FRATT I N X M R T B A Y
KCAE 43 B N RIE B 48 AR AT A 210 A S5 0 S 4
i1 JITNREv fE52 1 3 Fift 36 o 530 3 43 1 %) 3 Fh
ANTRI ST (1 ) 248 3R o 2 S RS B A T IR L OF
JE R HERE. T JITNREvV (i FH B AL 5 28 %8 ke
FUBSEHR SE 61T T &ML L3R AT1H JITNREY
FERE R BRI A P RE E AT T R JF 5 2
HEF 2 AutoNE H & X 8 R BB %5 4 4 1 AR £k 36
3 I R RS P R0 s R) 9 O TR AT T PR A AR B
78 T JITNREv 75 8 R F A BG4 75 SRR 2% 2] |
A R
5.1 HEE

FATVEE T 0 A5 R 25 5 i R 2% S S R
(1) 6 Fh g4l 48 XF JITNREv HE 22 ) P 52 i 17 770
X6 FMEIEELE TA N ABEEER ML, T
FUBPERE B B9RE% 2 K2, SCRT DA i 19 25 1) KA
3R F A RIS I 45 R R R I 4% 2 K B A 1Y
HiRF R 2.

R2 MEBELSHBEEEGER

Datasets Category £Nodes £Edges #Labels w/attr
Blogcatalogt!! Social 10312 333983 39 F
Wikipedial°] Word 4777 184812 40 F

Pubmed"® Citation 19717 44338 3 T

Arxiv] Collaboration 5242 28980 — F

Coral?! Citation 2708 5429 7 T

Flickr[!) Social 80513 11799764 195 F

(1) Blogcatalog™". ¥4 1 i FT i 4k 58 I 2%
Ko gl Hoh 8 R A S R 2% R i T i R R
ZIR SR TE 5 A MRS T B 6 BR B E T 39 MARAE
XEHIP BEFT 2028 A P AP P 1 AR

(2) Wikipedia ™. %504 4 9 5 2R — 4
T A A A O A B [ L B 5
A 5 Z A L B 06 RAFAE — 25300 X A Bl 46
Wi ok 40 254

(3) Pubmed™ . Z 5t #E 4405 T Pubmed 34E
PEH 19717 G SCEAE R 8 B — A SR 500 4t
(18 S 5 1 R A SR S M S 2 TR 5] 6 R AE
i RS SCE R N SCE S R 3 2K

(4 Arxivi, ZBOR S N Arxiv My IEE &
VB R BG4 Bt 4 b 9 5 2R Arxiv N3 B 1)
PR AR WS 2Z IR A A A R — 4% 300 5

(5) Cora™ . ZHHEHEAM & T Cora B4 P i
2708 J SCEEAE N £ BA AR B 0/ 1 #4 BLAY ) A
B M SCREZ R 5| DG R AE i AR SRR 1Y
WA 7 AR5

(6) Flickr™ . A4k £l 42 ML, Flickr #4645
3R 5 FORSTE B F R BEE 4E Z B SR RN T
Flickr Bk i FH P 56 & 99 SR 40 000 3678 P
FH P 2Z 080 ) 56 1 56 2 o DAFH P10 6 B AE M A 28 B4
P 2 ADPA 195 R4 g —A4.
5.2 XWiE

RSO AR T A BT IR B A AR I N 4 2
IR R RE AP LU ) A T R TS
BRI PERE AT FEEBHESE JITNRE. JITNREY £
LA X THT ) S T 45 T R 2F S B XS
AR T 68 FH L Ak A R ) AS ], T LKL W £ B o A
B B A ik 1 D) 45 6O 2 ) Bk SR T BB ML E
F18) T 445 3% 7% 2 20 B 1% T 35 1 448 0 2% 11 ) 4% 3 =
253 K& N T M i JITNREv AE 42 11 3l A 4
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hyperparameter tuning, but it cannot guarantee the process
to be completed under the given resource constraints.
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manipulator, performance evaluator, and hyperparameter
sampling space optimizer. All components only interact with
each other through the data flow. We use the divide-and-
diverge sampling method based on Latin Hypercube Sampling
to sample a set of hyperparameters, and trim the sample
space around the previous best configuration according to the
assumption that “around the point with the best performance
in the sample set we will be more likely to find other points
with similar or better performance”. Large scale of network
data also poses great challenges to hyperparameters tuning,
since the computational cost of an NRL algorithm increases in
proportion to the size of the network. So we use a graph
coarsening model to generate a hierarchical graph synopsis
for large-scale network data. This model can both reduce the
data size and preserve graph structural information. Therefore,
JITNREvV can more easily meet the resource limitation given
by users.
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