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2023F7R 2,260 663 13,306 292 817 237,419 60,686 2,975 3,279,405 6,165.45 688 459 2,696,378 4,707.3 61.3
8A 2,305 562 10,539 264 968 171,053 37,527 3,231 3,469,397 7,280.53 804 505 2,185,461 3,851.7 50.2
9A 2,376 637 14,040 352 960 319,152 67,675 3,532 3,588,203 4,683.01 1,048 486 2,783,625 3,937.6 513
10A8 2,453 766 17,688 647 1,077 259,646 109,709 3,832 3,793,773 6,342.43 3,314 608 2,904,633 4,032.3 525
118 2,440 755 16,557 443 749 230,969 91,468 3,924 3,710,937 4,413.83 3,285 457 2,336,525 3,305.3 43.0
128 2,470 765 17,814 589 645 209,255 102,758 4,145 3,684,525 4,170.89 2,497 414 2,467,254 33754 440
2024418 2,460 7 18,052 715 619 179,338 95,311 4378 4,009,854 9,010.93 3,825 334 3,325,979 4,550.0 59.2
28 2,527 722 13,736 511 483 180,843 65,272 4,495 4,152,727 5,756.16 3,380 238 2,645,542 3,873.4 50.4
3A 2,553 677 13,339 432 483 192,658 60,762 4,685 4,068,699 5,804.22 3,437 161 3,124,275 4,588.0 59.7
a5t 177,822 5916 9,015 | 2,072,371 923,485 63,392 30,125 4,659 | 29,556,662

-HEERIE, 20215 A 148 &YRBAMR, EXY—ERIE, 202148 A28 KYRILA

- R

Ry A BEO R

~O5 42 (ECPU) : a7 BB
20237 AR IEEEHSEF L

J—FRIBH: AVES0T4TBLUNNYF U7 ORFBRME/ —FH100%ENMELI-LRELT-IHE DFIA/—FE,
HER=17ADIUE50T4TBLVNNVF T RBRM AR+ 14 A ORBFMN

/—RRAR:. $—ER/—FIHT B ALE,

HERX=/—FHAK-HY—ER/—FE x 100

A RIFIAKR - .
IR ’ SREERIC/ — R
300,000 3,000,000
250,000 2,500,000
D i
200,000 ~~" \ 2,000,000
150,000 1,500,000
100,000 1,000,000
50,000 500,000
0 . . . . . . . 0
m o m m m m m m m om m m
g ° ¢ "~ 2 2 2 = 2 F ¥ °lc=nirky
N o = 850 TAT U
IS Q Ny F T
et E BRI ST HRIB)

FIAE%)

J—RFIE
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90
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2. Wisteria/BDEC-01 A—/S\—a E 1 —4L AT L (Aquarius) D3 IR  (RedHat Enterprise Linux 8)

LAV L—TALL—y\(—X

Y—Tt=

¥20¢  GON '9Z TOA

ANIE {43 SEEEFR cPuBsRIGRIBISAD) | EHGPU GPU
%A 550707 | Nygoad | 777 | sosas FIAH RS
(GPU) (%)
2024448 981 9,153 508 147,090 229.9 63.9
58 1,224 15,366 821 137,871 189.7 52.7
68 1,205 21,363 521 167,041 237.0 65.8
78 984 19,244 497 157,112 2156 59.9
2023578 2,165 12,566 1,181 133,352 184.0 51.1
8A 1,151 8,399 555 101,555 1773 492
98 1,304 17,342 614 139,913 198.8 55.2
108 1,021 15,063 817 146,559 206.1 57.2
18 1,500 14,720 862 177,838 2527 70.2
128 1,122 14,193 887 171,351 235.6 65.4
2024418 1,226 16,726 913 176,691 2429 67.5
28 1,070 21,152 699 161,804 237.9 66.1
38 1,248 29,077 464 167,323 246.4 68.4
&5 14,036 201,798 8,158 1,852,148
-SRI, 202145 A 148 KYRAtA, EX Y —ER(E, 202148 A28 & YR ‘GPURIARS: (2259 T47 B LU\ FTaT ORBEFRIZE1GPUM 100%ENEL 1= LR E L1=15E D F FAGPUH,
BRER. ENAFH. 0T 1045 ERER. D7 LERE. HEX=17BDAIUES59TITBLUNYFOaT BBEMEH 14 B OREBM
0% A2 (32CPU) [ Wisteira/BDEC-01(Odyssey) &£, “GPURIAAZE: H—ERGPUITHTHFIALE, FHEX=GPURIAH Y —ERGPUH x 100
<2023 T AR IFEEFIZEFLEW
R AR KR GPUF| Rz
ARIB A EERE(GPUBSRE) FIFAE(%)
30,000 180,000 100
90
25,000 b\{f\ 150,000 80
20,000 120,000 0 —
60
15,000 90,000 50 -
40 -
10,000 60,000 30 ||
5,000 30,000 2 ]
10 -
0 : : : : : : : : 0 0 : : : : : : : : : : :
T T X K T @ K @K O O O O [ S S G G N G G
g °o°c T 2 22 = 8 g Y 7[emmossrronn g °°c - =22 = = g 7
% g = ST UaTER % “§’
—— R N TFRB)




v —

Y202 GON ‘9g TOA

To4LAVL—TAAD—\—X

3. Ipomoea—01 KRB HBRAL —U L X T LAFEAIKR
o 5y 774 L{EFE [GiB] o S
= | g4 S B | =] = 2 ENET=E
FA | BRER\RABER QTR Tmm | ROPD) | jhome | /work * @®
2024448 2,063 37 217 833 189 188,656 | 1,854,615 86| 236571876
58 2,052 37 159 802 244 189,159 | 1612688 76| 236571876
68 2,060 49 170 559 1404 189,097 | 1,758,630 82| 236571876
78 2,148 45 207 1,688 2415 189,063 | 1,770,802 82| 236571876
2023478 2,118 32 229 570 353 140976 | 1,049,941 50| 23657,187.6
Yz 2,147 1 158 626 20.9 162,691 | 1,187,456 57| 236571876
98 2,206 46 222 986 36.9 181450 | 1318998 63| 236571876
108 2134 46 200 1,119 28.1 197114 | 1414140 68| 236571876
118 2,189 46 253 886 77 198201 | 1433127 68| 236571876
128 2,209 33 142 338 359 203268 | 1,638,146 77| 236571876
2024418 2,240 32 124 370 242 207529 | 1.664714 79| 236571876
28 2,252 30 137 405 256 209334 | 1,690,637 80| 236571876
38 2,247 26 159 965 136 216205 | 1,769,060 83| 236571876
&8E 2,148 9,577 682
SEGERE: DV URRORE
*AJ A2 (ECPU): a7 BB
ERAE: EDBEICICHTHEALE, FEX=-J7 LERAE-EHEE X100
*2023F T AR FAEHITEFLEL
A RIFRKR
fEAE(GiB) FEEAE %)
2,000,000 120
1,600,000 100
1,200,000 8.0
800,000 6.0
400,000 | 40
== /home
0 ‘ ‘ ‘ ‘ ‘ . 20
(S
G G R S R R R G R R G /work
N n © ~ [=-) [=>] o — N — o~ ™
s ¥ ——
N N
o o
N N




& 47 [@ ASE iR E
s F B

FORR G A v 7 —

HRRZAE A= o % —ASE 1984 (Advanced Supercomputing Environment) (XS5 D
A 2B E L OREMICERME L T\ 5, % 47 [B] ASE AF7E2 (2024 457 H 30 H) '3, Keita
Teranishi 1+ (Group Leader, Senior Scientist, Programming Systems, Oak Ridge National Laboratory
(ORNL), USA) #BHE LT, v/ T I v ViR, MBS OFEEEL L& LTS %R
e L7z,

RN T 07T LERT, SFFEMBARE WO Xy 2), I DNAT Yy T
PRSI, 65 A OZIMHIARN DY, BUMBINEITGEEE L E0 16 41, AT T2T4D
SMEN &7,

Teranishi T D#EREIE, 0553 VI EEE Julia &Z D Accelerator [RT#H % JACC %1%
1B#IIZ High-Performance Computing IZFEFAL T 5 &3 5HAICRATHHLDTHY, (S
Fortran 1—H—I[Z[& JulialJACC [EFELVCT LMITHDT, BIFHLTATIELLEWS ZE
T#Ho1=, Teranishi IFLDEERX T4 FITTENMOAFTESODT, Fortran 1—HF—(FRIF
BEEA N EL

https://www.cc.u-tokyo.ac.jp/events/ase/47/Teranishi.pdf

Ffz, AARESOBREIFE SN TH Y, RXFERER L 2 —0 YouTube F v U RILAH 5
AT ENTES,

#1 $47E ASEIRET 0 /T A

16:00 - 16:05 | Welcome
Keita Teranishi (Oak Ridge National Laboratory (ORNL), USA)

16:05 - 16:45
JACC: Leveraging Performance Portability with the Just-in-Time Julia Language
16:45 - 17:10 Yohei Miki (The University of Tokyo)
' ' Performance evaluation of N-body codes on NVIDIA/AMD/Intel GPUs
17:10 - 17:35 Shinji Sumimoto (The University of Tokyo)

Hierarchical, Hybrid, Heterogeneous Center-wide Computing using WaitlO
17:35 - 17:40 | Closing

I https://www.cc.u-tokyo.ac.jp/events/ase/47/47.php

2 https://www.ornl.gov/staff-profile/keita-teranishi
3 https://www.youtube.com/watch?v=pLBRLkV7fX8
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S5 IORBEFDLOHDT S I — bEGEZRB A N—1 T
FOVORELAREREZDYOAS— M ETILELTOIEA

FOE B, B ]
HURRE:

1. IZCHIZ

7IT7D)— PRIy VICHT 2RBFELHEH - FIRET)=2—F Xy FU—2 X
Graph Neural Network (GNN) & BREAL, iTAFEREAACHFSERIFE NIT AL TN D, £ < @ GNN 1% GCN!
REDT T T EBHABBEERAERD LI VR END, RGOS T T BBAREE, 1§
WOIEFEETE ) — FICRET S Z LT, 77 7 OREER R LT ) — RREIOAE/ER 2 KB L,
FEEZTEHT 52 &N TEX D, LA/ — ROERZEE L TS ELMNT 2103, &
V&L DT T 7B AREEMAENRD Z ENVETH D, T, N2 EDT T 7 BHAS
BCIE, BEBEESCTZEICEIVERIETFEZA L TLE >t (over-smoothing)? & FEIE
NDMENFET D2 E0NMBN TV, ZTOBHRIE, &/ — ROFEA~Y MABREFRT ML
WL TLED Z8I2EY, V= FRORZTHPENR2<2oTLEI ZENFERTHDL E SN
TW5%, ZOMBEIZL > THERD N ET7 /MY, —EUEES D/ — ROEREZETH L
MTET, TRICLVREGIHET b ERo T LE I MBEA X Tz,

WL Z R T 2 T2 DOFEIX I N E TV OO TIRE SN TE 72, FIoRA L L
C Residual ConnectionZ & AT 5 FIENREINTZD, ZOFEITIE OB EDLI XA I v
TEBELEDHZELIITEDZLDOD, ZOFKAEZRBILTH Z LIXTERWI &A% Huang HIZ XV
I Tn5® 6 U< Huang 12X 5 DropEdge TIZIAN T T 7D v % T X LIZH)Y % L
T2 LI R VRO BB & BT 7 7 a—F 8, JKNet TIXAJE D/ 2 5HE5 L TRiIEIC
BT LKV RR DA — NV OFREMET 27 e —F R REINZ, b 2507 7'm
=L EORETRTHLOO, BEMBPHEL 72D 2 LI L 0 PERRIK T IS 2 mkh R AME T L

' Kipf, T., & Welling, M. (2017). Semi— Supervised Classification with Graph
Convolutional Networks. In Proceedings of the 5th International Conference on
Learning Representations

2 1Li, Q., Han, Z., & Wu, X.M. (2018). Deeper Insights into Graph Convolutional
Networks for Semi— Supervised Learning. In Proceedings of the 32nd AAAI Conference on
Artificial Intelligence (pp. 3538-3545). AAAI Press

3 Wang, G., Ying, R., Huang, J., & Leskovec, J. (2019). Improving Graph Attention
Networks with Large Margin-based Constraints. CoRR, abs/1910.11945.

Y He, K., Zhang, X., Ren, S., & Sun, J. (2016). Deep Residual Learning for Image
Recognition. 2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR)
770-778.

® Huang, W., Rong, Y., Xu, T., Sun, F., & Huang, J. (2020). Tackling Over—-Smoothing
for General Graph Convolutional Networks. CoRR, abs/2008.09864.

6 Xu, K., Li, C., Tian, Y., Sonobe, T., Kawarabayashi, K., & Jegelka, S. (2018).
Representation Learning on Graphs with Jumping Knowledge Networks. CoRR,

abs/1806. 03536
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TLEI ZEBEMINTND, ZO XS IR EE L ERRT DT D4 707 7' e —F )34
RENTETZ DD, WERRICARER 2 MBERRIZITE > TH72R0,

BRI Lo THRICHEN T — ROEMABZBET 5 2 & A TERUVIREIE, Fro KB
TTTEMBETDHHATICBNTREREREL 722, ZO—FlE LT, AREHE FEM (I
EBIEHHEDOY v — F T A~DISHABIRES b5,

FEM &%, ST 72 S I W TR S A HUEMHT FED 1| D Th D, FEM OFHERILEIA
BROBERHOEEIMZAEEINT 570, ey — MET VR - FIAT 2 2 & CRHEO R #E
ZHIETHIEAEEIITOATEZ, Anir et al. (2021) 1A v a5 —4& & T OEMEIT5
L C FEA #HBIC L 0 R 7= 2FMME~ R U 7 RAZESSFEEEZ A L LTE 2, BEJEO GCN
tiofmmﬂﬁ"Téﬁ@ﬁ%ﬁ%ﬁ%#é?%&f%bt%:@ﬁwfi fir g —
ROEEZINHET 57201213 GON DB A LT HENH L — 5T, 8EEBAT-HTZV BN
DOHBFEEER I LTHEETE2ECTLEY EWHIBERD -7, I T, FMFETIEE

J— ROFHEEN S PCAIZ LY 7o — VR Rea it 02 2 & T, B/ ) — FOREEZBE
TEXDEHETHT e —F A LIz, 5T, ZOHEX — KON EHR % B4 L7z
HROEEET/R-oTLE D,

AWIEIL, Z O L ORI A AR T D - O O T R FE AR T H 2 L2 BN L
T 5, WPRLEETLDZ L EBILEERTH 2 EICL > TERWKEEZER L, kﬁ@&&
T 7 ONRNRFHEERBRZ T RRICT 52 L2 AR L, S 61T, ZORBMER 7 T 7 ORI
T AEBALMEATEA LT, FEMIZRIT IS IRt E Z @O BB THELT 5 Z k%ﬁﬁbtoitﬁ
FRTIE, BIROBLZICHBOCGREEOER &3 2 Hivd NN OREIER 7 M A Hf L, A
ZERBRRT D8 LWET UEEN Z OIS LT 5 2 & 2@ I E M -,

AW BT D FEROFME, BETFIEIZ N O/ — RSO Fv— 7 12BN TR b E W
JEZFER L, State—of—the-Art ZFifk L7z, F7/= FIM oY v — hE7 0L LTHREVARE
BEME L, 610, ABMEICHIT 2 EROMBEIL, REFESHPBLOMEE R LT,
JEEUT KT U CHFNAEE A 0 B2 2 & 2 EmANIC AT T,

2. BEHR
Transformer?Z N— R & T A FIEDR, EEFEHEOLL OB TEWREZRIE L C\5b, CNN
RLRW 72 EOXMRET D KA A NIk L TEORBEMET 5 DICAF%N72 inductive bias''% 5

" Chen, M., Wei, Z., Huang, Z., Ding, B., & Li, Y. (2020). Simple and Deep Graph
Convolutional Networks. CoRR, abs/2007.02133

8 Amir, H., Koichi, S., Tsuguchika, T., & Hiroshi, 0. (2021). Surrogate Model for
Structural Analysis Simulation using Graph Convolutional Network (Unrefereed Workshop
Manuscript). Fujitsu Ltd., Fujitsu Ltd., Fujitsu Ltd., The University of Tokyo.

9 Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A., Kaiser,
L., & Polosukhin, I. (2017). Attention is All you Need. In NIPS (pp. 5998-6008).

10 Battaglia, P., Hamrick, J., Bapst, V., Sanchez-Gonzalez, A., Zambaldi, V.
Malinowski, M., Tacchetti, A., Raposo, D., Santoro, A., Faulkner, R., Giil¢ehre, C.
Song, H., Ballard, A., Gilmer, J., Dahl, G., Vaswani, A., Allen, K., Nash, C.
Langston, V., Dyer, C., Heess, N., Wierstra, D., Kohli, P., Botvinick, M., Vinyals
0., Li, Y., & Pascanu, R. (2018). Relational inductive biases, deep learning, and
graph networks. CoRR, abs/1806.01261.
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25Fy NI—2 BEEFHT DT 7 —F»5, Transformer <2 gMLP"' @ & 5 12 MLP % _— 2
ELTHMBNC T — N ORI 27 70 —F~Ob 2O NRTEA LT M EbIRZD
ZEMNTE B, YW Transformer (ZF)FH S 4172 Multi-Head Self Attention ¥ inductive
bias 23 Z OMREIN RIZEHE LTz LB 2 b, EEE GNWN O5BFIZBW T Graph Transformer
Networks'?7z £ Multi-Head Self Attention ZFfH L7z FiENBRE SN, 5T, ZOTE
DHEREN RIXFFED Z A 7 IZIRE STz, gMLP Z#42% = L7z Liu 51X, Z @ Transformer X gMLP
DEALMIE, Multi-Head Self Attention M5 % % inductive bias Tix72<, MLP & Ziuizxtd
L7 —NOBKICHD LR L.

AHFERIZBNTIE, 26Dy — FO&EZ R FAA ZAZ)7L inductive bias &5 %
5T &) LHEFRL, MP T LT T 7ITAL7 inductive bias ZFF>0 — ML L
7ol y N — 7 HE R R LT,

3. REFZE

AKFHLTIE, MLP Z~_—2 L LT, Graph Gating Unit (GGU) &&fJ1F7= GONIZ K D4 — M
EEAMLEZH LRy hU—2Th D, Graph Gating Multi-Layer Perceptron (g2-MLP) %
fEREL,

WEBFEDOT —%T 7 F %1%, GON TlE72< Feedforward Neural Network (FNN) Of&AEAa
T D Multi-Layer Perceptron (MLP) ZN—R &%, £RBIIHE 1 KIRTEI R, &£/ —F
DR AL 2 JE§ 0O FNN & A)FATH S « 1838 2 1§~ 5 72 ® @D Residual Connection 7578 % 5k
AErEL, /— FEOMEERZEET 572900 G6U OS5, G6U TiE, 180 GIN @
AN OBERFEZFHHET D LT, CNICL DT —T 4V UHEEEBL T 5, NI T 7
OWEEZR LR S ) — RHIOMEER 2B LI RBUFEE1T) Z LR TE D720, 205
— MEEIZLY 7T TR E T 2 L 2 Mo TWD,

Graph Gating Unit (GGU)
‘ [_W [_W BEBULY —F 4 ¥ 7 OREE (_W
x] E XU | | Y =o(x0)] ) Z=YOGIN() %1 zvl

N [2v +X]
Z Q Z 1/
Q
Q
Z | [GeN(Y)

B gD g2-MLP D% v U — 7 kS,

FB1IKTRLEEEZEEEBAEREE L, B2 g2-MLP L A4 TIRE LT,
4. BUERER

M1Li, Q., Han, Z., & Wu, X.M. (2018). Deeper Insights into Graph Convolutional
Networks for Semi— Supervised Learning. In Proceedings of the 32nd AAAI Conference on
Artificial Intelligence (pp. 3538-3545). AAAI Press

2 yypn, S., Jeong, M., Kim, R., Kang, J., & Kim, H. (2019). Graph Transformer
Networks. In NeurIPS (pp. 11960-11970).
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ARBFFECIE, PPI T —% &y RS EFHTIITMER L7 FEM T — % & v b &2 AW T, BEfFTIEL g2-
MLP OPEREZ HEE L7z, PPI T—X kv NI/ — ROEHOREFEN T —Z &> FTHY, F R
TENORERIND 24 OB MEKIZOWT, XU R BEORBEE AT LTEFX LT EIC
BUFD 121 OBETAY b P—2TPT 54 27 Th D, AT THIRI/ER L-T—
2y N THDHFIMT—F T v M, HEOE AN ORI D 220 OFREHLE A v > =220
T, BHROEEFERAE AN E LT, SHAICBTDIENETHTHX A7 THD,

PPI 7 —4 & v FTIE, WG E L2 TOTEICBWTEONEREN G XH TRENT
WeTeh, BEFIECL D FEROFREL, S TERR SN TV DR L DM TREDO K A1T
STz, TR BRI & L, BATHFRICE b T Micro-FL 2 BA L, FEMT—4 % v h T
1%, HEBSHROET L E LT GON & GATHOZENENDET VIZONT, FF - HiEaa1T 7.
FHFERE L LCiE, BIROX A7 THDHZ B RBELZ TR Lz,

5. #8

FB1RITRT LIS, BEFETH D g2-MP 1% 99. T1%0D i &k E A2 7R L T, State—of—the-
Art ZHET 22 LB LTz, BEFETIEOZ N5 @BNL I BTEWHEEZRBEL TWVWDHDIZ
® LT, AFIET 20 oS TR EWVREEZER L,

F 13K PPL T — ¥t v MIBITDHEE DB

Model Micro-F1 Score
22-MLP (20 ) 99.705(14)
GCNII (9 &) 99.56(2)
Cluster-GCN (5 J&) 99.36
GaAN (5 &) 98.71(2)
GraphSAINT (5 i) 98.10(40)
JKNet (3 i) 97.60(7)
GAT (2 J@) 97.30(2)
GraphSAGE (2 J&) 61.2

EHITRDE 2B TRT LI, @2-MPIZFIMT—&ty hCHELEWRELZ R LT,

F2FR: FEMT—Z v MIBIT DEE DL

Model Displacement Stress

g2-MLP 0.637(286) 0.879(370)
MLP 0.857(160) 1.481(6)
GAT 0.971(145) 1.598()
GCN 0.989(11) 1.602(5)

3 Hamilton, W., Ying, R., & Leskovec, J. (2017). Inductive Representation Learning on
Large Graphs. CoRR, abs/1706.02216.

4 Velickovié, P., Cucurull, G., Casanova, A., Romero, A., Liu, P., & Bengio, V.
(2017). Graph Attention Networks. In ICLR 2018.
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TART=ZD12ZONWT, BET /ML DIEHDOFRRERZH 2 BUZR LT,

%2 fEDD GON, GAT, FEM (EMT—%), g2-MLPIZ &2 I —¥ G OHEGwRE R

g2-MLP OHEFRFE R T, oOET VLB L Th LV EWERENM T FEM OFER R4 5P T
XTWAZEWNEMMICHERTE 5, HilxlE, GCONRGATIZIZFHITAZ LD TXTWVWARNWT ¢
Ly R AMAIRE OB T BIG 1% PRITTE TWD 2 &R ER S vz,

6. BXW
@A TR DFEET N OFFREDEALZHE KT r v kLT,

100 A

99.53%  99.66%  99.69% /\ 99.71%F— GAT
GGUIC &L 52%% —— GCN
§ B (15% D ¥EEup) T mLp
8 —= g2-MLP
S 904
o
Q.
&
& N
[
] 4 -
v
w
T 80+
o
S
E 75+ over-smoothing|c & V)
TR % Bt
70 T T T r . :

4 8 12 16 20 24
number of layers

3K PPI F—& & v MIBIT DB L FEE DGR

GAT 2 GCN TiZ 4 205 8 B CHEME T T2 DICH LT, ¢2-MLP 1% 20 JBIZE 5 £ CTREEIIH
LCHFICREEZM BT D2 L3R TE D, ZOMEND, g2-MP ITHENIE IR Lo RE
EEETE TV LRt bl s,

ZD X DT g2-MLP 2R L ORIBEAfRE T 2 Z L3 TE/2DIL, GON & g2-MLP D& Lo
EWAHBETHS EBR LT, 1IRTEOATINRY hxk GON & g2-MLP DTN ZIUI AT LIz FE
DFFEARY MVOFEHOETIX, 77 7OIRIEET2H21T512HE LT, F4KD LI
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xKshsd,

[x]
GCN
Hx
GCN
| |
GCN g2-MLP
H'x > a

B4 GCN & g2-MLP (ZH8F 2 AN~ FIVOFEFH OET

RO GON OFEN B, HxE WO HARE LN D, ZOX7 hMUE o RE v nlcxt L
THTHIH OMaRHER KE A SIS T 2 H B EA NS MR T 5 2 L BB REDO R & F
B> TREND, T7bL, BREHESTZ LICL D ANTEOBBICEIE LRV L
IR L, ANBEOE#EZR->TLE D Z L1272 D, )i THD g2-MLP I2BW\ T, 118IHIZS
— FNNEBIZH DT DH ZE LT, BBV THE ANRFEOEREZ RS Z LR BHEITH 2
LINTE D,

ZDE DT g2-MLP X, ERBNTB TR OIRE &35 2 57 2 R o R 4 R BRI AR

L, FENITEFEI A - S PICEEcx LR EE R LT 5 2 L2 EENICHRTHZ &0
T& 7,

7. ¥&ER - RAE

AWFFETIL, R EORMEZIE L TEWRE 2 EmR T 5720, E72 0N IZF1T 2 KE e
777@&@%ﬂ%;?5tb@$%kLT¢&MPk%ﬁft?%%%ﬁbk&%ﬂﬂiﬁl
R Fw— 7 IZBWTBEHFFEE LRI EE 2 #K L, State—of—the-Art ZFH 752 L1k
L7, Fiz g2-MLP IFHEHKD NN E 7 /L OMIEMRBEAZEE L, 2% OHE TH o 72 ik
DOFEZERAN HIRE L CEBILE EBT 5 Z LI Lz, 2D OfERIE, 41% N ET /L
DFIA - FAFICBWTARFENT L= T A L0 ) DAtk a e s 5, £/ FEM DY
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1. Introduction

The thermal transport properties of proteins are intricately linked to their
structures and dynamic behavior. Advances in computational simulation techniques, such
as the normal mode approach and molecular dynamics (MD)'™ based on the Irving—Kirkwood
type formulation, have enabled us to explore the thermal transport properties of
polymers, including proteins, at the atomic level. It’s important to note that folded
native proteins do not merely function as thermal conduits; they also operate as
sophisticated molecular nanomachines within cells. While intrinsically disordered
proteins behave differently, the molecular functions of globular proteins emerge
primarily through the process of protein folding. Consequently, we are particularly
interested in understanding the types of “communication” that occur through native
contacts within folded proteins. We also anticipate that these processes may be related
to specific patterns of intramolecular thermal transport, akin to vibrational energy
transport, both of which are governed by the protein’ s structure and dynamics. However,
the mechanisms by which vibrational energy and heat flow within protein molecules
remain a topic of active debate.®’ This is partly due to the inherent heterogeneity
and anisotropy of proteins. Nonuniform energy flow occurs along the polypeptide chain
and through non-bonded native contacts, resulting in varying transport efficiencies
across different regions within the protein interior, where interactions such as van
der Waals forces, electrostatic forces, and hydrogen bonding come into play. Therefore
it is essential to first grasp the fundamental properties of protein heat currents
before delving deeper into the study of molecular functions in the context of thermal
transport or vibrational energy transfer.

To quantitatively evaluate the competition between different thermal transport
pathways—specifically, covalent bonds and non—bonded contacts—and various types of
interactions within proteins, we introduced the concept of inter-residue thermal
conductivity. This concept is based on the autocorrelation function of the inter-—
residue heat current between pairs of residues in non-bonded native contact. Utilizing
equilibrium molecular dynamics (EMD) simulations and the Green—Kubo formula, we

examined the inherent thermal transport properties through residue contacts in HP36.
2. Methods

2.1 Inter-residue heat current analysis

The site-selective heat/energy current analysis is based on the atomistic expression
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of the heat/energy current for molecular system. The inter—atomic heat current between

atoms i and j, denoted as h;;, can be expressed as:

j)
1
hy= (-5 5F - (vi+v)}, h=Zighy ey

, where h gives the macroscopic heat current of the entire molecule, F;; is the force

ij
acting on atom i from atom j, Ig(q) and v; (\g) are position vector and velocity of atom
i(j), respectively. It should be noted that the derivation of mathematical expression
of the pairwise interatomic forces for macromolecules is not straightforward because
their potential energy functions contain multibody terms. To explore possible
relationships between thermal energy transport and molecular mechanism of protein
functions, it would be helpful to introduce coarse grained expression than Eq. (1).

Thus, we define the heat current between a pair of residues a and ﬁ,(L.",a(ﬁ)“",Ah)

expressed as:

hyp = Yica Zjephijs o)
where N, is the total number of residues. By using the following quantity:
Agp = [ (hap(t) - hyp(0))dt, (3)

the inter-residue thermal conductivity, Aaﬁ, can be defined as:

1

A = sy o (Mg (0 o p(O)dt = 52 @

3(Va+Vg)kpT?

, where K,ﬂ%) is the volume of residue a(B), kz is the Boltzmann constant, T is the
absolute temperature. The angle brackets represent ensemble average. We used the VLDP
(Voronoi Laguerre Delaunay Protein) method to calculate the volume of each atom, and
the volume of each residue was calculated as a summation of the volume of the constituent
atoms.

2.2 Equilibrium MD simulations

2.2.1 Protein model

For the analysis of thermal energy transport properties, we build a protein system of
villin headpiece (HP36) based on the nuclear magnetic resonance (NMR) structure (PDB
code: 1VII). The protonation states of all ionizable residues were kept in their
standard states at pH = 7. After the protein molecule was solvated by a truncated
octahedral box of TIP3P water molecules with 2 sodium and 4 chloride ions, the total
number of atoms for the simulation box became 7589. Amber ff19SB force field was used
for protein molecule. For calculations of long-range electrostatic interactions, the
particle mesh Ewald (PME) method was used under the periodic boundary condition. A 9 A
distance cutoff was used to calculate the non—bonded particle—particle interactions.
All MD simulations were performed by using the AMBER 19 program.

2.2.2 MD Simulations

Energy minimization of the system was performed through three-stage optimization for
the positions of (1) hydrogen, (2) sidechain, and (3) mainchain atoms. After the energy

minimization, we generated five different Maxwell-Boltzmann atomic velocity
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distributions at 7 = 0.1 K. Each of them was used as an initial condition for the
subsequent MD simulation during which the temperature was gradually increased from 7 =
0.1 to 300 K for 50 ps at constant volume with positional restraints imposed on the
mainchain atoms. The equations of motion were integrated with a time step of 2.0 fs
with the SHAKE constraints applied for the bonds involving hydrogen atoms.

For each branch of the five simulation runs, a ANV7T simulation followed at 7 = 300 K
for 50 ps with keeping the same positional restraints, then another AN/7T simulation was
conducted for 200 ps at 7 = 300 K with no positional restraints. Finally, isothermal-
isobaric (AMPI) simulation was performed for 700 ps at 7 = 300 K, P = 0.987 atm with
Nose—Hoover thermostat and barostat.

Starting from each end point of the previous simulation runs, we continued an NPT MD
simulation for 56 ns consisting of 50-ns, 1-ns, and 5-ns runs with time steps of 2.0

0.5, and 0.5 fs, respectively. After the first segment of 50-ns, the SHAKE constraints
were switched off for the protein. From the last 5-ns trajectory, 10 snapshots of
atomic coordinates and velocities were extracted every 0.5 ns. Thus, we obtained 50 (=
5 X 10) initial conditions, from each of which we performed constant volume, constant
energy (NVE) MD simulations for 1 ns with a time step of 0.5 fs, while atomic coordinates
and velocities were saved every 1.0 fs with the time points of velocity snapshots
adjusted to those of atomic coordinates

2.3 Classification of nonbonded residue-residue interactions

2.3.1 Interacting residue pairs

In this study, we constructed three different sets, L, #, and S, of non—-bonded residue
pairs: Dataset L was defined as residue pairs, (a,B), with the closest interatomic
distance, 7pin(a,8), <6 & in at least one frame in the fifty AVEZ MD trajectories,
while Dataset # (S) as those with (rpin(a,B)) <6(4) A, where the angle brackets
represent the average of all frames appeared in the all trajectories. Accordingly, the
number of pairs became 268, 157, and 104 for Dataset L, #, and S, respectively. Dataset
S mainly contains residue pairs in non—bonded contact, while datasets M and L include
weakly interacting residue pairs in addition to those in direct contact

2.3.2 Interaction types

The residue-residue interaction types are classified into four types based on the
protein structure that appeared in MD simulation trajectories: H-bonding, m stacking

electrostatic interactions between charged or polar residue, and hydrophobic
interactions. H-bonded pairs, (@,B)s, were identified by the cpptraj module of
AmberTools 19, with a geometric criterion, 7.e., the distance between atoms X€ a and
YE B is less than 3.0 & and the angle X-H--Y or Y-H---X falls within the range of 145°
- 180°, where each of X and Y are either oxygen or nitrogen atoms. The m stacking
interactions were identified in the NMR structure of HP36 using the RING3.0 server®.
A relaxed distance threshold was applied, where the centroid-to—centroid distance

between two aromatic rings was required to be within 7.0 A. Any residue pairs not
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labeled as “H-bonding” , “m stacking” , or “electrostatic” were classified as

“hydrophobic interactions” .

3. Results
161 —— HP36(0.26)
—— bulk water (0.6)
141 I residuewise
" [ peptide bonds
[ hydrogenbonds
104 ) mstacking i
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Figure 1: Histogram of occurrence frequency of local thermal conductivities, 7.e., Agp, for
different types of residue pairs (a, B)s in dataset L. The residue-wise thermal conductivities,
Aga (1, .., a,...,N;), and those between adjacent residue pairs Agq+41 (1,...,a, ..., N, —1) were taken from
the previous study for comparison.? Also, the value of the thermal conductivity of the entire HP36
molecule is indicated by the red dashed line, as well as that of bulk water by the black dashed

line. It should be noted that we used V,, instead of (V tVp), in Equation 4 to evaluate Aggq-

Figure 1 shows the occurrence frequency of the calculated local thermal
conductivities. The histogram reveals that the H-bonding pairs have the largest average
value of among all types of the nonbonded interactions, with a peak at around 2.5 x 1072
W m! K' followed by those with electrostatic interactions with values ranging from
1075 to 1073 W m! K'! with having a broader and less sharply peaked distributions than
that of H-bonding pairs. In the hydrophobic core of HP36, there are three m stacking
contacts: Phe7-Phell (A;;; = 4.9 x1073), Phe7-Phel8 (A;1; = 1.5x 107%), and Phell-Phel8
(M1 = 1.5%1073), with Ay, values comparable with those of H-bonding contacts.
Hydrophobic interactions constitute the majority of non—covalent residue pairs, showing
a broad distribution spanning from 1077 to 1072 W m' K'. Their A,z values are

relatively smaller, with a peak at around 59x 10™* W m™' K!, than the other types of
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interactions. In summary, the occurrence frequency of local thermal conductivities
exhibits a strikingly broad distribution, where different types of non-bonded
interactions have significantly different contributions to the thermal transport in
the protein, with H-bonds playing a dominant role

The molecular mechanism of thermal energy transport in proteins remains a
subject of considerable debate.”® To address this issue, we conducted a site—selective
heat current analysis (Figure 1), which highlights significant heterogeneity in the
distribution of local thermal transport coefficients at the microscopic level.
Specifically, the thermal conductivities for individual residues, denoted as A (4, ),
range from 0.08 to 0.3 Wm™' K!, while those for peptide-bonded residue pairs, A (a,a+n),
range from 0.01 to 0.08 W m! K. Both of these ranges are higher than those observed
for residue pairs connected solely by non-bonded interactions, suggesting that the
polypeptide chain serves as the primary conduit for thermal energy transport. However,
it 1is important to note three exceptions: A36=2.4X107%, A415=1.3X107% and
A55=2.1X107% The magnitudes of these values are comparable to the local thermal
conductivities along the polypeptide chain. Interestingly, the residue pairs Ser3-Asp6
and Asp4-Arglb were also identified as having relatively high local energy diffusivity
in a theoretical study using non—equilibrium MD simulations and a master equation
model.? This suggests their potential roles as critical “shortcuts” in the thermal

transport network of the HP36 protein.
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Acceleration of hydrogen/air turbulent non-premixed
flame large eddy simulation using physics—informed
neural network
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1. Introduction

The rise in global average temperatures in recent decades has been clearly linked to
the increase in CO; and other greenhouse gas (GHG) emissions resulting from human
activities [1]. This warming of the atmosphere poses significant risks to global climate
patterns and could threaten the living conditions of people worldwide. In response to
these challenges, many nations have committed to reducing GHG emissions to achieve
carbon neutrality by 2050 [2]

In 2021, the energy sector was the largest contributor to GHG emissions, accounting
for 75% of the total emission [3]. This figure includes the emissions from existing
power generation systems that depend on high—temperature heat from combustion to remain
economically feasible. Given the substantial role that combustion plays within the
energy sector, improving emissions from these processes could lead to a significant
reduction in overall GHG emissions

To address this issue, power generation industries are exploring the potential of
replacing fossil fuels with carbon—neutral alternatives in gas cycle combustors. Among
viable alternatives, hydrogen (H;) has garnered increasing attention as a substitute
fuel in current combustion systems. However, several key questions need to be answered
especially regarding the pollutant emissions and operational stability limits of Hy in
gas turbine applications. A deep understanding of how changes in fuel composition and
combustor design affect the characteristics of combustion products and flame stability
is essential. This knowledge is crucial for implementing significant changes in large—
scale combustion systems, where comprehensive experimental measurements are often
impractical.

The precision of experimental measurements is frequently constrained by the
limitations of existing equipment. Unfortunately, the extreme conditions present in
large—scale combustion systems hinder the use of advanced diagnostic tools, such as
laser techniques, reducing the spatial and temporal resolution of measurements as the
scale increases from laboratory burners to industrial combustors. On the other hand
numerical methods like direct numerical simulation (DNS) provide complete spatial and

temporal resolution of combustion processes. However, the high accuracy of DNS is
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accompanied by prohibitively high computational costs, limiting its application to a
limited number of fuel compositions and flow conditions

To overcome the limitations of high—fidelity results from both experimental and
numerical methods, data—driven approaches can be employed to interpolate sparse data
points from these sources. One such approach involves using physics—informed neural
networks (PINNs) to combine experimental and simulation data. PINNs have been
successfully applied to solve various physical problems [4], including multicomponent
[5] and turbulent flows [6]. Recently, the PINN technique has been used to reconstruct
DNS of turbulent reactive flows [7]. However, previous studies have mainly focused on
simplified chemical reactions and idealized computational domains. This study aims to
enhance the prediction of hydrogen/air combustion in burners by applying the PINN

technique to validated large eddy simulation data [8]

2. Methods
2.1. Studied Burner

A turbulent flame with separate inlet for fuel and oxidizer is considered, i.e.
turbulent non—premixed flame (INF). The specific Hs/No/air flame H3 from the model
burner of German Aerospace Center (DLR) [9] is selected due to the strong turbulence—

chemistry interaction. The combustion parameter of flame H3 is summarized in Table 1.

Table 1. Fuel composition, flow condition, and inlet parameter of flame H3

Parameter Value
Fuel composition 50:50 (H2/Na, %vol)
Jet Reynolds number 10,000
Inlet velocity (m.s™) 34.8
Fuel inlet diameter (mm) 8

2.2. Large Eddy Simulation

Training data for the proposed PINN was generated in previous study utilizing
validated large eddy simulation (LES) [8]. The LES was performed using supercomputing
resources granted during this project. The final simulation case was run on
supercomputer OBCX with 8 nodes (448 processors). The LES was conducted using open
source CFD toolbox OpenFOAM 8.

The domain of interest has cylindrical shape and is bounded by 4 boundary planes
with different conditions as illustrated and summarized in Fig. 1 and Table 2.
fixedValue boundary condition (BC) indicates Dirichlet BC, while zeroGradient BC
represents Neumann BC with zero gradient at direction normal to the boundary plane.
No-slip BC is a special case of fixedValue BC where value of zero is assigned for

velocity components at boundary plane. Further details on large eddy simulation can be
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found in the corresponding research [8].
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Figure 1. Schematic of simulation domain with boundary conditions. Figure is not to

scale

Table 2. Boundary conditions for different quantities of interest at boundary plane.

fV: fixedValue, nS: no-slip, zG: zeroGradient

Boundary plane A\ P N

fuel inlet v zG 500
air inlet v zG 500
hull nS zG 500
outlet zG v 500

2.3. PINN Architecture
2.3.1 Governing Equations and Loss Functions

The proposed PINN combines data—driven approach with physics—based knowledge. PINN
works by minimizing the modified loss function which is supplemented by residual of
governing equations. The obtained neural network not only satisfies training data but
also complies with physical constraint

There are 4 partial differential equations (PDEs) that govern turbulent reactive

flow: (1) continuity, (2) momentum, (3) species, and (4) temperature equation [10].

0p+V-(pV)=0 (1)
poV+pV -VW=-Vp+V-1; (2)
p0.Y, + pV - VY, = pD VY + &y, k=1,...N (3)
pcpd,T + pcpV - VT = Dyp + AVAT — VT - Ycp chiJi — Shyedye (4)

where V and T represent velocity and temperature while Yy, Jx, and hy indicate mass
fraction, diffusion flux, and specific enthalpy of species 4 Thermodynamic parameter
such as density p, viscosity u, species diffusion coefficient Dy, heat capacity cp,
species heat capacity cpy, and thermal conductivity A are approximated as function of
temperature. Since computational domain for validated LES burner is largely cylindrical,

cylindrical coordinate is adopted to evaluate spatial gradient.
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PINN minimizes loss function that comprised of (1) residual, (2) boundary, and (3)
colocation loss. The residual loss is obtained by enforcing PDE structure on PINN
output. This is implemented by constructing residual expressions using automatic
differentiation algorithm on predicted quantities of interest (¢ = [V, p, Y, T]). For

example, residual loss from species equation is evaluated as follows.

LY = 1 X[p0uYi + pV - V2V, = pD VPV = oy (5)

where N, represents the number of internal points at which residual is calculated
Similarly, boundary loss is evaluated by enforcing the condition of boundary plane

to PINN prediction. For example, zeroGradient BC supplements loss function of PINN by

following expression

|2

¢$zG _ 1 _
Ly __Nb,zazla"% 0 (6)

where ¢, and N, ,c denote predicted quantity and number of boundary points, respectively
Operator O, indicate spatial gradient at direction normal to the boundary plane
Colocation loss originates from the data obtained from validated LES to PINN model.

The evaluation of loss due to colocation points is straightforward
1
LCZN_Z|¢P_¢C|2 (7
c

where ¢c represents colocation data
Finally, all losses are combined as a weighted sum. The selection of weight is
critical to determine the generalizability of trained PINN. In this study, colocation

loss is assigned equal weight relative to residual and boundary loss

2.3.2 Training of PINN

Three PINNs were initially developed to predict 4 quantities of interest (¢).

However, due to the complexity of the phenomena, currently only PINN-1 is developed

to predict velocity and pressure field inside cylinder computational domain.
Figure 2 summarizes the information flow during training of PINN. Since current

implementation only considers velocity and pressure field, thermodynamic parameters

such as density and viscosity are assumed at constant value
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Figure 2. Information flow during training of PINN-1 for predicting flow and pressure

field of Hy/air turbulent non—premixed flame.

PINN training is performed within 1000 epochs where training losses have achieved
relative convergence. Sampling points for residual and boundary condition are taken
randomly within internal and boundary points of simulation domain. On the other hand
colocation sampling points are taken randomly from internal points of validated LES
whose distribution depends on spatial resolution of LES. Residual and colocation are
sampled at 500 and 1000 points, respectively as shown in Table 2 for boundary points.

Figure 3 illustrates the distribution of sampling points for training of PINN.

Yo, 0.02
L 0.04
it () 0.06

@® Residual ® Colocation ® BChull @® BC.ainnlet

Figure 3. Sampling point distribution to evaluate losses due to residual, colocation,

and two boundary conditions of hydrogen/air turbulent non-premixed flame.

The proposed PINN is developed using pytorch library. Adam optimizer is utilized to
update weights and biases for the proposed PINN. The whole training process is performed

on one GPU NVIDIA RTX4070
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3. Results and discussion
3.1. Training Convergence

PINN-1 has been constructed for prediction/reconstruction of velocity and
pressure field. shows training convergence where further increase of epoch training
will only lead to slight decrease of training losses. The proposed PINN converges
faster at a lower number of sampled colocation points.
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Figure 4. (a) Training loss of PINN-1 for velocity and pressure prediction (b)

Validation of PINN prediction in terms of NMAPE for velocity magnitude and pressure.

3.2. PINN Prediction
The capability of PINN to predict the complete reference dataset is quantified by

normalized mean absolute percentage error (NMAPE).

1

ep = —yi2rn=tdl 10094 ®)

d Pa

where subscript d represents attribution to reference dataset, which in this study is
taken from the validated LES [9]

Figure 4 (b) illustrates the capability of PINN to reconstruct the full velocity and
pressure field. PINN prediction in average deviates 3-5 times of the velocity magnitude
in reference dataset. Meanwhile predicted pressure reproduces reference dataset quite

good enough.

3.3. Simulation speed comparison

One of the main reasons to implement PINN for turbulent reactive flow is to speed
up the simulation process. Classical numerical simulation requires a very short time
step to fully capture turbulence. PINN bypasses this requirement by incorporating data
from either experiment or simulation. Although complete and accurate reconstruction of

LES result has not been achieved, it is worth to note Figure 5 represents the time
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comparison between LES and training of PINN.

Simulation/Training time (s)

LES PINN

Figure 5. Simulation and training time comparison between original LES and field

reconstruction using PINN.

4. Conclusions

Prediction of velocity and pressure field for hydrogen/air turbulent non—premixed flame
has been attempted using PINN with training data generated from validated LES. Although
complete and accurate reconstruction of turbulent reactive flow has not been achieved
this study study provides details on implementation of PINN to predict some quantities
of interest. Future research will be committed to improve accuracy of reconstructed

thermochemical field using PINN.
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Going Beyond Local: Global Graph-Enhanced Personalized
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1. Introduction

News Recommendation (NR) is the process of recommending news articles to users to
satisfy their need for information by optimizing the accuracy of predicting relevance
between news articles and users. Compared with making recommendations in other domains
news recommendation is more challenging because of the highly dynamic environment
caused by the natural characteristics of news articles, such as timeliness, novelty
etc. Therefore, unsurprisingly, content—based recommendation methods have proven their
effectiveness. Typically, these are achieved via harnessing various natural language
processing (NLP) and machine learning (ML) technologies to extract user interest
representations by analyzing news articles that they have read in the past, to build
representations of candidate news articles by studying their content, and then match
users with candidate news articles.

Recently, deep learning—based technologies have been developed rapidly and brought
new opportunities for enhancing content—-based solutions due to their strong ability to
deal with textual data, such as news content, news title, etc., and capture sequential
dependencies in user reading history. Whilst these solutions have achieved great success
in news recommendation tasks, such as alleviating the serious item user behaviors
sparse problem by extracting meaning representation from news content, these methods
mainly focus on the reading history of each user individually (i.e., using a single
user’ s historical news click sequence to construct this user’ s representation), which
lack a global border view of news articles and clicking among multiple users, and might
be insufficient for uncovering more implicit hidden user behaviors. For example, as
illustrated in Fig. 1, assume that we want to recommend news articles for user Ul. User
Ul’ s reading list contains only an orange news article, but at the moment, there are
no news articles in the candidate set similar to the orange one. If recommendation
models merely consider Ul’ s reading history, it is difficult to make recommendations
for Ul in this situation. But if we can harness multiple user histories together, for
example, extracting a Global News Graph from user U3 and U2’ s clicks, we may find that
there are certain relationships between orange news articles with blue news articles
and green news articles. Therefore, the model may consider recommending dotted blue

and green candidates that are similar to the blue one and the green one respectively.
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The challenge is how to properly generate this global news graph based on clicking from

multiple users and integrate it with news recommendation systems.

Global News Graph

=

Global
Feature

(]
[ ]

Candidate News

Local
Feature

U1 Reading History

Figure 1: An example of how global feature may help predict the candidate news.

To address the mentioned issue, we propose a novel model, GLORY (Global-LOcal news
Recommendation sYstem). Because historical news interaction data can provide more
extensive and implicit relational information than semantic relevance, we propose a
global-aware historical news encoder, specifically, using a global news graph to provide
information on global perspectives for historical news. At the same time, to address
the user behaviors sparse problem of candidate news, we propose a global-aware candidate
news encoder, which uses a global entity graph to provide more effective associations
for candidate news. Next, we use the multi-head self-attention mechanism to extract
user interests from historical news. The final matching score came from the user news
vector and the candidate news vector. We conducted extensive experiments on the MIND
news dataset and Adressa, and the results showed that our model outperformed existing

methods.

2. Method

Our proposed approach, GLORY, focuses on enhancing historical news representation by
utilizing a global news graph, and improving candidate news representation through a
global entity graph, as depicted in Fig. 2. First, we learn the representation of news
text and news entities from a local perspective. Subsequently, we adopt the global—
aware historical news encoder and the global-aware entity news encoder. Lastly, we

employ a concise user encoder and a news recommendation component
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Figure 2: An overview of the proposed GLORY model.

The click history sequence of a user u can be denoted as H, = [dy,d5,..,dy], where
H is the number of historical news articles. Each news article d; has a title, which
contains a text sequence T; = [wy,W,,...,wr| consisting of T word tokens, and an entity
sequence, which is denoted by E; = [eq, ey, ...,eg] consisting of E entities. The objective
is to predict the level of interest s,. for a given candidate news article d, and user
u, which reflects the likelihood of a clicking action occurring between them. The
recommendation task involves ranking multiple candidate news articles based on
probability scores.

First, we need to learn local news representation h'™ and local entity representation
h'¢ from news text and news entities. For each user behavior, we only consider the
latest Lp;s clicked news from the click history sequence H, of user u and candidate
news. In this work, we use only the news title as the news text, and for each news
title, we truncate the first L words as input.

To go beyond the local, we introduce a novel global-aware historical news encoder to
merge global and local information. The Global News Graph is used to summarize users’
reading histories. On the left part of Fig. 3, we show a directed Global News Graph,
denoted as G, =V, + E,, where V, and E, represent the sets of news articles and edges,
respectively. To construct this graph, we collect the edges from each user’ s reading
history in the training dataset. Specifically, a directed edge (vy,vj) is added to the
graph to indicate that news item v; was read immediately after v; by the same user. The

edge weight is determined by the frequency of this occurrence from all reading history.
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Figure 3: A simple Case of Global News Graph and Global Entity Graph.

For each user history, we extract the subgraph GZ, = (Vi Esgp) from the global news
graph to capture a global perspective on a specific user’ s interests. For each news
in H, of user u, we select news neighbors of multiple hops from the global news graph.
For each hop, we select the top M, neighbors based on the edge weight

Following [12], after we obtain news embedding m;, of each news in a given user
reading history H,, we employ a multi-head attention layer and an attention pooling
layer to finally learn the user representation embyge,.

As a vast number of news articles are generated daily, candidate news often lacks
user interaction history. Therefore, we can not only enhance historical news using the
global news graph but also improve candidate news using a similar global entity graph.
Consequently, we propose a novel global—-aware candidate news encoder

In accordance with the prior work [3], we employ the negative sampling technique

during our training process

3. Experiments and Results
We mainly select three groups of baselines to compare:

Feature—based Methods (1) LibFM [1], a widely used recommendation method that uses
factorization machines to predict user preferences for news articles based on their
features; (2) DeepFM [2], a neural network-based recommendation method that combines
factorization machines with deep learning to improve recommendation accuracy for news
articles.

Neural Recommendation Methods: (1) DKN [3], using a knowledge—aware CNN to learn
news representation from both news text and knowledge entities; (2) NPA [4], using
personalized attention network to learn news and user representation; (3) NAML [5],
using the multi-view attention network learn representation based on different news
article features; (4) LSTUR [6], jointly modeling users’ long—term and short—term
interests by a GRU network; (5) NRMS [7], using the multi-head self-attention network
to learn user and news representation; (6) FIM [8], wutilizing hierarchical
representations of news articles through stacked dilated convolutions to perform fine—

grained interest; (7) HieRec [9]: using a three-level hierarchical structure to
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represent each user’ s diverse and multi-grained interest. (8) MINER w/o PLM [10]:
using a poly attention scheme with disagreement regularization to model multiple user
interests. We select the version without the pre-trained language model (PLM) to compare
fairly.

Graph—based Methods: (1) GERL [11], using a bipartite graph and combines transformer
architecture with a graph attention network to enhance news and user representations;
(2) GNewsRec [12], wutilizing a heterogeneous graph to model user—-news—topic
interactions, and employs graph neural networks to learn high-order user and news
representations; (3) User—as—Graph [13], using a personalized heterogeneous graph built
from user behaviors and a novel heterogeneous graph pooling method; (4) DIGAT [14],
using news— and user—graph channels and a dual—-graph interaction process to match news—
user representations effectively. Similarly, we choose the version without PLM.

Tab. 1 shows the performance comparison between GLORY and the baselines on two
settings of the MIND dataset. The tabulated values are expressed as percentages without

the symbol %. The overall best and baseline best results are boldfaced and underlined

respectively.
Method MIND-small MIND-large
AUC MRR nDCG5 nDCG10 | AUC MRR nDCG@5 nDCG@10
LibFM 59.74  26.33 27.95 34.29 61.85 29.45 31.45 37.13
DeepFM 59.89  26.21 27.74 34.06 61.87 293 31.35 37.05
DEN 62.90  28.37 30.99 37.41 64.07  30.42 32.92 38.66
NPA 64.65 30.01 33.14 39.47 6592  32.07 34.72 40.37
NAML 66.12  31.53 34.88 41.09 66.46  32.75 35.66 41.40
LSTUR 6587 30.78 35.15 40.15 67.08 32306 35.15 40.93
NRMS 65.63 30.96 34.13 40.52 67.66  33.25 36.28 41.98
FIM 65.34  30.64 33.61 40.16 67.87  33.46 36.53 42.21
HieRec 67.95 32.87 30.30 42.53 69.03 33.89 37.08 43.01
MINER w/o PLM=* | 68.07 32.93 - 42.62 - - - -
GERL 65.27 30.10 32.93 39.48 68.10 33.41 36.34 42.03
GNewsRec 65.54  30.27 33.29 39.80 68.15 3345 36.43 42.10
User-as-Graphi - - - - 69.23 34.14 37.21 43.04
DIGAT w/o PLMT | 67.82 32.65 36.25 42.49 - - - -
GLORY(ours) 68.15 32,97 3647 42.78 69.54 34.03 37.92 44.19

Table 1: Evaluation performance of all baselines on MIND.

We have several reservations from Tab. 1: 1) The outcomes of neural news recommendation
methods surpass those of featurebased methods across all cases, thereby highlighting
the efficacy of neural networks in modeling news and users based on implicit semantic
representation rather than manually created features. 2) While some baseline methods
apply news topics and categories as auxiliary information to improve news encoding
(i.e., HieRec), or design complex architecture to encode users (i.e., MINER w/o PLM
constructs 32 interest vectors using a polyhedral interest system for users), they

focus on a local perspective of the historical news of a given user. Our GLORY model
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integrates global features and outperforms these baselines. Although DIGAT w/o PLM
employs a semantically enhanced graph to enable the model to learn beyond historical
news, it is still based on semantic relevance and does not learn latent behavioral
information from other users’ interactions. In contrast, GLORY, even with simply
attention—based user interest encoding, can achieve the best performance, and the
global graph information provides significant assistance in learning news encoding. 3)
Both GERL and GNewsRec employ graph-based methods to model user—news interactions.
However, the bipartite interactionbased approach faces difficulties in the test dataset
particularly when candidate news items are novel and lack interaction history. In
contrast, our approach enhances historical news by incorporating information from the
global news graph, thereby augmenting user interests. We also leverage a global entity

graph to strengthen the relevance of candidate news beyond just semantics
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