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Abstract: Amidst deepening digital transformation, data-driven process analysis, with Predictive Process Monitoring
(PPM) at its core, has become pivotal for enhancing enterprise operational efficiency and decision-making. To improve the
accuracy and generalization of PPM, existing research focuses on mining deep representations from vast event logs. Howev-
er, the evolution of real-world business processes is influenced not only by temporal logic but also by underlying structural

factors such as resource allocation and data dependencies. This complexity poses a formidable challenge to the representa-
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tional capabilities of existing predictive models. Specifically, the performance of mainstream predictive methods is often
constrained by their reliance on a singular process view and static information fusion strategies. Most approaches, even
those based on Graph Neural Networks (GNNs), tend to model processes from a single control-flow perspective. This over-
looks critical dimensions such as resource interactions and data dependencies, creating a gap in the representation of deep
process structures and multi-dimensional relationships. Furthermore, the few studies that attempt to integrate multi-dimen-
sional information typically employ static fusion strategies, lacking a context-aware fusion capability and resulting in mod-
els with insufficient adaptability. To address these challenges, this paper proposes a context-aware multi-view graph fusion
(CAM-GF) framework. The framework first transcends the limitations of the control-flow perspective by systematically con-
structing a process graph map. This graph map comprises not only basic control-flow views, such as a long-term dependen-
cy graph that captures macroscopic patterns, but also extended semantic views, like a resource interaction graph that reveals
organizational collaboration, thereby capturing holistic and multi-level structural knowledge. Subsequently, a novel context-
aware graph attention mechanism is designed for spatio-temporal information fusion. It takes the real-time prefix of a case
as input to dynamically learn and assign fusion weights to each view. Finally, a Transformer is introduced to perform deep
temporal modeling on the dynamically fused feature sequence to achieve precise next-activity prediction. To validate the
framework’s effectiveness and practical value, comprehensive experiments were conducted on six public, real-world busi-
ness process datasets. The results demonstrate that, compared to various mainstream baseline models, the CAM-GF frame-
work achieves an average accuracy improvement of 4.16 percentage points on the next-activity prediction task. Further-
more, the dynamically generated attention weights provide high-value interpretability for the model’s behavior, revealing
how the model, based on predictive feedback and real-time context, can both rely on global process structures when local
context fails and pivot to focus on critical semantic views, such as resource allocation, in specific situations. This thorough-
ly validates the proposed framework’s advancement in both accuracy and transparency.

Key words: predictive process monitoring; graph attention networks; multi-view representation; context-aware fu-
sion; interpretability
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T 8y 4 — A T BE A — 0 3l A2 i — > S5 A4 100 2>
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B fa o B i 2 225 Softmax pRAHEAT AR, A=
A B 25 (Y TN 45 2R a.

% JE B FL SO 55 W R G H O sl A T A 201
AN TR, BRIV RO 1 Bl A e AR AR e TR R
FA 5 3l , 7 R PR B 52 SUIR 53K EA T A F = 3
PRI 3o 38 O 1 22 B AR T 228 W o s A (L S B 119 2 55
FG B~ . L, e e IRl AHESER ] Focal
Loss fEAIRZA R A AR . HIE LT

FL(p,)==a,(=p,) log(p,) (7)
o, p RSN 5 p B ASA N 1 %A T
AT ARG AT 5 A (2R 3 OB AN AT A5
TUREREHIN“ SRAE" T2 S ARLERELL SIS B IRIME A (/0
BN 5 o J2 VA FKL, AT ISP AN RIS 0 F 2

5 S2I§
A5 X4 T SCRAY 2200 £ PR Tl T HE
BT IR HRIT 55007

5.1 SEIEREE

R YA T PEAG AR Y B R R FIZ A RE T, S 5k B
T 61% H “4TU Center for Research Data” - & ) B 5L
v 55 i AR R H A SRR SR IR 2RSS TIT
M55 (BdT7 Al A 22 S, oA R R P R R A
AR . R BAEEANR -

Helpdesek(D: 05 T IT MR 55 65 A 34 R S HFId R
YW . BPIC_2012_A%: 30 5% 1 57 2 G Bl HLAG Y 1%
FAH R CZEER ). BPIC_2012_07 A05% T il —4
Rl BILA) B 35 R 7 DR 19 J5 22 (WGA 258 ) B J5 . Hospi-
tal Billing@: 1ok T 5K B BE Y It 2% i B2 . Prepaid
Travel Costs”: 1057 T /A R A 227 28 P 1) R 37 5541
472 Road Traffic Fine Management Process (RTFM)©:
TOR TR Ml X A2 T B R

R TR SRR AR TR SEHE B A S
58 O LTSS QRIESIEL NG I TE SN M 53 TN
FERPE Y S BI BE , DU T fif A 5 Rk

®1 EHBEERITER

Dataset ESIZBES kR R BEEOIRE | BREGRE | FHIROIKE
Helpdesk 4590 21348 14 2 15 5
BPIC_2012_A 13 087 60 849 10 3 8 5
BPIC_2012_0 5015 31244 7 3 30 6
Hospital Billing 99 999 451 359 18 1 217 5
Prepaid Travel Costs 2099 18 246 29 1 21 9
RTFM 150 370 561 470 11 2 20 4

5.2 SCEINEE

TESC I AT, B e A 213 4. b TR IR
[vi] — S 491 11 =547 1 270 itk s 20 S ] ) 50 4 o, AR S ™
s ST 22 9 2 ) 0] 43 S D, B A 22461 1D Kl 43R 1
YRR (70% ) IRIFAE (10% ) FIIHAEE (20% ).

i LR EF —E5 - REAESHEE . R
I AdamW LAL 2%, 452 > 28 8 5 x 107, JfF Bl &
T 1 x 107 AAL = . AR AL AL AL FE K/ (batch size)
Sy 128, FEUNZRid B R T FAEHLE] A5 g uE e
Accuracy 73 80%E 22 15 50 A $2 71, W2 I 2R ARG 1k
WA TR GAT Fl Transformer [ 223 1E 2
J13 K5035k 4, Transformer S AR &% 4 MHERZ . I
Ah B 2 SR, ) L R Dropoutﬁﬂ"]&ﬁﬁf
HR 4 AS [R) S  H 5 04 52 % 1 A o LA 3k 1) e 1 1
fe. BJa, AR ARITAL T AR LI 25 A 5 IR
AN TR B AP 52 55 0 {8 5 hm o 22 LA R an R
fii 5 (TM)i9-13900H CPU @2.60 GHz, NVIDIA GeForce
GTX 4070 GPU, 32 GB RAM. KRB U : Windows
11 #E R G0, BIESCBIL T Python 3.10 AR .

R T RE VA AR R G T e L SR R — 15 Bh i
AT 55 w5 I 43 S0 EAL FE 4 ‘/Eﬁﬁ%(Accuracy) |

ALFL 5080, 45 1 R (Precision) , 1 13 (Recall) LA MK
R -4 v Rl 26 T i FX (Area Under the Precision-
Recall Curve, PR-AUC). Hit&EARXUTF .

Accuracy = P, /N (8)
Fl= > w,xFlg,, (9)
neN

Horb,w, 222800 n IFEARTE SAFEA Y F ] s N ARRAE

A BHL P AR IE A BN A FEAR FL 2R S
PEN IR IR Sl RSP T 97 = RN WS

Precision= P,/P,, (10)

Recall= P, /P, (11)

Horr, PR BOE RS B0 O IE 2R AR P, 5 P, oY

ol A R SN Ay T 2K 1 R A B R 4 b Sk

ProAIE R SR A SR . B, PR-AUC THR A K

(Dhttps://data.4tunl/datasets/94ee26c8—78f6-4387-b32b—028f2103a2¢
(https://data.4tu.nl/datasets/53366a4-8911-4ac7-8612-1235d65d1£37/1
@https:// data.4tu.nl/datasets/533{66a4—8911-4ac7-8612—-1235d65d1{37/1
@htlps://dala.4tu.nl/articles/_/12705 113/1
(Bhttps://data.4tu.nl/collections/_/5065541/1
@https://dala.4lu.nl/articles/_/ 12683249/1
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PR - AUC = flP(r)dr (12)

b, P(ry 2 41 R A AL B r R BRR B2 221
1 pR . XA A SRR — AR5 (3R RS
) RO Y PRHZE R Jr 4 SR
5.3 LWHERSHW

AR A DN = AT TR AR R A 1 B BE AT SR
fili . B SE KHR 1Y CAM-GF HESE 5 55 ek 1ty 7 vk i AT
FER P RESEAEN 0, IF 20 A7 BT SR AR LAY HAb P RE 4R
P s LU, T8 2o T il S 0ok A R R S SRR A A A
RO s SR 8 3 BRI TR T A AR AR ) T A R
B Je AT HEZR B 5 R HE SR

5.3.1 SEEHEMEREX

NI CAM-GF HEZE A BRI , A< SC
VBT A T A ) HR B AR ) 2 RO R BT LR L ik
78R A B T 80 A4 B 7 9k (B LSTMY | Atin-
LSTM"*, Attn-BiLSTM'”', Transformer""*') FI 3 F- P& i 25
R 4% 14 77 [ I 1) 5 R R 211 ( Graph Convolutional Net-
work, GCN) , &I ¥ BUR 45 -7 5 4 22 70 K 4 132 42
(Graph Convolutional Network-Ordered Neurons Long
Short-Term Memory , GCN-ONLSTM ) , @& J7 215 B 1Y
Tt A% 9 #8°7 (History-informed Graph-based Process
Predictor, HIGPP) , DA & 2 J22 5 ¥4 €] (Multi-layer Het-
erogeneous Graph-based, MHG) |. 45 J5 ik 7E 6 A~/ FF AL
P ERYTR 3 ShII v AR T IR 2.

*2 BHEIERFHEE LW T —EHTNARER AT %
iz Helpdesk BPIC_2012_A BPIC_2012_0 Hospital Billing |  Prepaid Travel Costs RTFM
LST™M 74.33 72.07 75.98 85.56 84.29 75.25

Attn-LSTM 77.81 73.78 78.66 85.01 76.58 86.72
Attn-BiLSTM 79.14 76.23 81.73 88.18 87.69 78.36
Transformer 81.26 76.88 80.46 86.15 85.21 81.73
GCN 73.05 73.65 72.86 70.68 69.67 70.15
GCN-ONLSTM 82.87 80.18 85.61 89.62 91.74 80.59
HiGPP 83.17 75.35 82.84 89.25 87.81 82.43
MHG 82.91 74.25 83.30 88.17 86.74 81.89
CAM-GF 86.78+0.12 78.58+0.08 84.16+0.05 93.20+0.01 88.50+0.09 83.45:0.21

X2 A BT s T LA AR S . B2, SLa 2
R, Tt 2L A 75 771 (U Aun-BiLSTM) i /2
23T 1 Transformer , HoP4: B8 44— 8008 T o 4l 5L T K 4R
SR GON Tk . X — R BUUESE T 76 i R T AT 45
A O FR T S0 AR G P B AR R S B
REMYIEAL . 7EBLIERE [ — AN SCHEM M BB R T IR R 16 T
BN S FF SUE SRR @B 5 —F
S Ao B R K] IR RE Ik A £ E A B SO
K. 41 GCN-ONLSTM iX 28R & 7 i, il 45 6 I 4
FME B 5 7 S (B e aE 0, PR AR R T
LA — AL WA B UE TR A Bl A R
T 5 T 10 25 B B T 7 925 (HiGPP T MHG ) 5% — &
REUHE 0] 7 B4 v B, e AT A A O AR s A S R
FA A TR B A 4 il o 5 oAt b S i — 2B T
TOWIRG R L PR a8y ik A 1 R e IR L [ e —
B () 4598 < 7E58 K A B 3 B LA b, A % i A A
FHRAR M ZEA 5 B SUFE B SRR T T R 1)

SR, 34 5 0 Jr 2 4 28 1 1 3 5 506 S 7 oL
FH T ELR G2 (51 B 2R 0T [ 78 1. 5 Z A L, AR SO
1) CAM-GF HEZRTE 55 Fr A 3L vf 7 ik i 0T b Fp B T d
FER 2 A HERE , RO AAE T oIA T LR SCUBRAN
S AA PG . CAM-GF AN{UGE L IF1T GAT W 4544

T YRR R AR, OGN  , BRI AR IE B R
5] (%) SR AR A, S A b | L 3 O A AN [ A A 1
FEME . IR O A BRI e T AR
SR R 1) B AR RERE T (1 CAM-GF RES Al £ 5]
oAt S 3E T v T 220 A0 B4 Y B AR P L AT AR B
HER)IE ST .

R X AR LTk B A AR RE AT AR B G T T
i , AR SCR T Friedman K556 . 6 56 45 58 (°=34.53,
p<0.001)FE2 1B A JriEEREAH [R]85 , R W]
AR L A SEAEAE ST i Wl 2 X ). e B I
KH T Nemenyi Ji ZLk0 55 E47 P9 LA . &1 338 b Il A
2 ST AL T Nemenyi f5 22k I iy 45 58 . 513 R
TR TTERPIHER AR 22 I 525 5 (Critical
Difference, CD)E, WIRBH A BEAAE ST B & A R]

GCN Attn-LSTM Attn-BiLSTM CAM-GF

Transformer GCN-ONLSTM

CD

Average Rank

P13 &L TEREHES Bl 222 5 14
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& 3 A A 56 25 S L I CAM-GF Y PEREE ST F i
FARTF Atin-LSTM \ LSTM J% GCN 54 g il Jr i . H:
K, CAM-GF 1€ T 43 % b 7 ik 3R A T S Ak 19 7 2 HE
% , 5 GCN-ONLSTM , HiGPP £5 5l 1t Ty vk I [l by il 11
AEAYTIZRA . (EAS SR A , CAM-GF A 1) sh ARl & 4L
il L DX T HA S iR ARA 3 L L 7R
Fe e FE A T s, T3 T AR AR AR S b bR S 3 N R
PR IRE ST ST ek B T S i 25 A PERE
5.3.2 CAM-GFiEZRMRED TR

AT B AE N RIAS - 4 1 5 i 2 B AUk

PIAYERE X CAM-GF HEZLHEA TR BEPERESIMT . S XF 26
AN S A ] JE, 26 3 BB R T CAM-GF HE ZR 7 Precision .
Recall \F1 }2 PR-AUC % £ 4 JE P EM 8 b5 A9 TEA %
. %3 A4 T T b B, CAM-GF HEZ2 A (U 7E B A
WERf R R B , HA 5 1Y Precision A1 Recall {8 1IE
T B AR SR AN R 2K 05 sh i U T R G A A . B
W2 Ah, CAM-GF 76 U A7 £t 4 1 43R4 T %% = 1) PR-
AUC A, TIESE T T HEAE 2R BB A5 A 508 51 A0 R A AR H ]
B2 G T 55 AR, 3k 7 XU T2 sl AL 2 Tk TR 55
B 55 5 HAS AR K S (A

£3 CAM-GFIEZRM S IEtRIEREITEM Hfi: %
Bl Helpdesk BPIC_2012_A BPIC_2012_0 Hospital Billing Prepaid Travel Costs RTFM
Recall 86.78+0.12 78.58+0.08 84.16+0.05 93.20+0.01 88.50+0.09 83.45+0.21
Precision 82.62+0.03 74.82+0.06 83.20+0.02 91.29+0.00 85.29+0.02 80.62+0.00
Fl 84.42+0.10 75.66+0.05 81.63+0.02 92.29+0.01 86.8620.01 82.0120.01
PR-AUC 80.02+0.03 74.57+0.04 81.62+0.03 92.27+0.01 85.3020.01 81.6320.00

R, A ERGEB AT E AR 52 AN R PA T B B i) $5 0
AET 40 b T HAERERE RS B 1 2R AR O . 1 41
WEELE AR 7R T CAM-GF HE 4258 0K 1 B Bk vy 1 5 6
et . X R S R AL A AR (U0 Prepaid Travel Costs)
R i L PR 27 > BB ) AT B TSR A RE M Bl
FORERE . X AR 4 THESR DY Z LA I g ae o L A5
PR G TR DA 4 J 1) A P Y 45 4 56 R v 7 2 i S
] X T B BB A T AR (4 BPIC_2012_A) , FAY
TEREAPAT I A OR 1 KT RS E Tl . xR H)
BRI HOE-5 1 BN AT ZR A5 S5 e /e i i, Sl 1
TERLDF A itz i . U EAR TR = X T4
AR AR R HLAL & A T 91 (19 &2 2% i B2 (41 Hospital

Billing) , CAM-GF BT LM 5 R 1 . AR (SUAE R D
28 L ORRFRERR R R A (IR BE>50) 87 T HPERE
SR TR AT RO A5 AR
AT Z AR ARG I 25 FAE S T AR AR BB A
S A Hh e ) A S T AT 2R R A 2 A
R T HCRE 8T8 i I Ui AR AR A [ 3R AT B B i 15 S,
ARAE . X PR R R ] T IZAE SRR S O | Sl A Y LS

R B m v 5E k.
5.3.3 HERRIS

A AL CAM-GF HEZR 2 420 A AR ) i P 53
BR, AT BT T RGERIH RS, 5 7R b R P PPAG HEZY
PN 43 (1) ) P e A L B 8l 28 5 ML ) 20 ST RCRE

FEARE
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(b) VERERGHTZR K JE AU 1L(BPIC_2012_A)
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SERWR TG T A O HE SR AR IR “CAM-GF (H# il
)7 CRAE A B AL e T A RS ) LA GAT”
(AN 25 7] 2 B A i ) 1“4V Transformer” ({7 ZE AR A5
Jo). P A I R BB TR BR324 22 U ST S 5 1 A
TEAEE R ANFR 4R .

R X 4 FEATA T, TS BILLU R 45 . H 5,
i3 AL GAT” AT AX Transformer” 3 P A B — 20 {f
BEARL, A LU I 38 &AM A 2 B8R S b, AL
Transformer” FE At H 5 (%) B P 42 i ) SR B4R 5 (H
TE U Prepaid Travel Costs iX 28 45 ¥4 £k 55 5 A i 72
AL GAT” IR Je B R Al B 36 4 7 (Y PR RE L X AT BEJZ I
TEIZIE R T, 16 2 6] 1) 7 s 2 6 0T 22 b ol [ 1 405
P Ak AR K B B i P AT £ 5 X E J2& GAT
B A AR Y . S & A I (S — 2l A A 3
ToikAis K Se BEAE SR B PEBE & BE L XA ) M S Tl 5%
it AR TN A 52 e P PR AR 4 ) 45 A8 45 S B AR

5 B AR A, 3 R Al S EL )

FEMCIERE I, ShiE B Bl A ) 7 2R e R
AE PR A B, L i — B XF L T 58 % CAM-GF 5
“CAM-GF (ARG )" MtERE2E 5 . 45 SR Er A
6 EHE4E I, SR LT SCUB B RS 19 CAM-GF 1y
PeF SRS AR . (EAE RIS, X P RENY 65 7F
ANTRIRFE B A R4 57, JLHJEAE Hospital Billing
X K A B APk AR L s RS
R T 3.65 4 E 4 m I REHR T, J e A B s 4
RES . X IR R YRR A% SO b
e B, AR AR 5 SR TR 1 0 L e A A AR Y
TR R . Z IR SE G 25 S, NSEE 2 T AR Gt
B UE T AHERRBE T 0 A 3 . SIS AN UE B T A 2SI
GBI EE S Z AR B A R T RS
SR 0 AR H KPR RE S AR A S R ) T
“ R ORI ShAS R A LD X —HE SR A D BRIE

x4 ERTERABTINERERT BT %

IS S CAM-GF(43C) CAM-GF(F&S il ) L GAT ¥ Transformer
Helpdesk 86.78 83.01 78.66 81.94
BPIC_2012_A 78.58 76.34 74.66 7591
BPIC_2012_0 84.16 82.38 81.55 81.85
Hospital Billing 93.20 89.55 82.81 88.19
Prepaid Travel Costs 88.50 85.36 84.89 81.85
RTFM 83.45 82.61 79.18 80.34

5.3.4 TFIRRBMESH

7 s R BE , CAM-GF HEZR A 1% O R B
T AT R . bR SR Y T R P
il , BE 8% IR SR AU TR R 4T FOI IR, 2 Qo] ) 28R AN [+
ALY . AT LA Helpdesk Bd 8 4 4], 38 1o XF 4 4>
& F M Z ] (Case 1995, Case 2301, Case 1097 Fll Case
3031) (AT A4 2 BT CAn &l S T 7 ), fe f s B 7R )y 285
B R 4 P98 T AL

T2 ER 21 1995 M1 = A i AL #2 T DLk
PR 15 B “Take in charge ticket” 2 J5 AT HIN AT, A&
AT —UREEAR (T A Resolve ticket” , TR N Wait”).
YR 1, AR 3 A A A T b R BRI T T
X AR A7 (Long View ) A OCTEFE , [A] A S0 1 i 1
M (Short View ) F™ B A2 (Seriousness View ) 25 HAth AL
FARYAEE . X R RE SR R B, YT R B SRy
RO BRIRE I FE M5 B2 DA B0 ] s G
F BRI AR RS R B . IE R U T
PR P3G, AR TE IS S P IR IR A T R . 38
15112301 WLHRTIE 7 AN LR, 7E— IR EE IR P/, A5
RURIRESE T AR A A AR, AR 1 e hl
1% F' (Customer View ) MUAACE , EEL T HAEA R F 5
T ENE A R AR A O 2 S e

SR, A0 1Y) [ 3 N R ) JF AR — U . FE 22 )
1097 1, — K T AS R IS , BRI RAR Z i IR S 4
THAPMAGAL A, T2 2204 1 B IR AA (Resource
View) BUALEL , I (5 M AE f5 22 U 1 A A9 T . 3R
20| 4 R WY, A5 B8 08 AR AI AR 229 % BT ST, I
CHREPA T CRPBE I ) A2 b Jn P i I ASE T O B vy Tt
PR . B Ry 2 A 0 3 o P AR AR 2461 3031 L i R
FETIN b T PG SRR R . R R B 2
TR T AR AR (R B 2340 3K TR % 4 1Y) 2 TG f
T TR U S W AR R A T[] P A T T A
A AR (Short View ) 5 K B L A AL EE , - FEAIR
T H AR T P A L 3 1 AR Y B A% R B A —
) 5 R SR AN JE LA %k e BE BOR 1 37 55, DA T SR L —
o S0 T SHEJBI” 14) S2 24 SR W SR R S 2 1) S

X AANZEHIILEE R T CAM-GF fEZR I 9E — A Hi
S RAE . B RERE AT — P S | b T B 45 K
Bl SR A R . A TR L T 2 A AR R
B AN, o B HUER sk AT SR B IR R
USRI REE A M MR B4R . X ahas
WY D SR e R 2 b SR Y SRR, B AN
JE MY A e A R Y DG B, SR AR A T A IR A
L R S DU R =
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0.4

e

L)
=
g .
m 02 Error! -+
H Resolve ticket' S
e O .
R e =
ti\gﬂ sriousnes® fake in ChOTES ticks Walt Resolve uc*j*‘ sign st Take in SHE tieket Resolve ket Toke in <HTE ket Resolve m‘kd
ARSI 373 MAEIE (RUMAH3E3h)
(a) Case 1995 Y7 2 J7AN T I 28 i i (b) Case 2301 1933 5= A i Y 7 o g
0.25
0.30 e
020 - o 025
i 0.15 5 020
7 — g
B N R ——— e 015
iﬂj 0.10 =S @
0.10 -
0.05 -
0.05
0‘?‘05\1“ S eV il pesave ! Take in g BeFE Resolve K OIO?HSE““LV‘E\ Assign AS s s —raks\r\c“““;e“cw Resolve e
WERE (IIARES) JE (RUARESH)
(c) Case 1097 Ay TF 5y A R VA2 1f 72 (d) Case 3031 {44 5 J) AU AR o) 7%
5 ANTRIR A G B Bl AL R
KWy S =N
5.3.5 EXES5HELW Ak, CAM-GF 9 2 % i ik T Y Transformer F1{Y

Sy 4 AL CAM-GF HEZR () S M A58 k%
RIS 5 A B A7 T, XY A T35 AR R4 T 504

(D RCRIEAL

ATTHE SRR S AR R A RE IR, X CAM-GF
(SERERERY ) R FLWT AN %0 T Rl AR 4R (A GAT” Fi Y
Transformer” ) #EATRCEIM A . A FEAEE AT ME R 25
AR, 3R 5 ER T AR A 4 6 AN 4E
Bk efais .

MF S WIS BT LUE Y, CAM-GF AE Ry 52 4 AE
B AW ATHHTE = P R Rm . XAE RS
7S (] 5 [R]SUEE SRR ) A I (A R (Y
GAT 15 8 %) 7% 5532 B U KX (Floating-point Operations,
FLOPs) 72 i T-{¥ Transformer, {H 52 b5 4f 2 B 4E F2 1
R KRR T AR IS : GAT BTl Y 488 Je 2R
B B A YT GPU B L AR AR 23R 1T e AN 40
Transformer ST 9 = BE A T4 1) KRR s 3.

x5 REEHITEFHETLE

LAY SR/ | FLOPS/G | HERIRT & /ms | WAF/MB
1Y Transformer 4.87 0.038 2.91 156
L GAT 0.94 0.004 6.11 82.5
CAM-GF 5.96 0.041 12.67 216

GAT /) ELH A, 53X F 25 25 THEZR N B Lok A2 1)
=2 PRIT HA S ECR R0 . 25 b R4 CAM-GF
FETF UG UR b T A AR (R G R A A
THUINRG O 34, W7 sk ol kg Y% kB 2 i ST 34
TR AR 7 28 SR RS B B i R RS
HHAER .

(2) B S 24 B 43

CAM-GF 3898 B[] 52 2% B 32 28 g L A% 003
B BEHRAE « 22 WA 1R 2 B R R R . 1 S 7
LA F T GRS B BE L 1 B BEAL & VAN IRAT Y GAT 4 i
. X F—AEA L2 GAT AL FE— AL 3 NS5 4
TE S HR K, R R IREN R O(N-d, - dy+
|E| - d ), ok d R LERE . DX, B B B B R e
SRRV A BN B E, B REEM R
WA U B B B B BE i — & A L2
Transformer s £5 . M T — K E N EHE A TS
FPHI, Hozts AR AL 2 24 O(k* - d). I,
VLI B SR 24 B SRR R S T KGR

LA KT, CAM-GF [ BRI W] & 2 3 n] 3678

O(L, V- (N+|Eygl) -d+L,k>-d)  (13)

H gl UL R A R R T B2 B A R Y
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il 249 < 6 T R I Bl (VR ) BO6 R A 4 ((E|
KO B IaL AR | BT 4 Bt B Bk Tl Ay 5 S S B P L 50 5 1 %o
T B AL PR K AHAT P 51 (kK B3R , Transformer [
IF PP AR B Bk B 2T . 3k — 43 R AR ] B
IRLY R W I AE A HE G4t T Hli 48

6 Z5RIE

AT TI0I0 P R M A R R AR S A O T ]
) TR B 2 2] AR AU 0 oA S PR S I 3 PRI o — 1)
b AR AR AR #2045 S R SR W T SO0 A
FEFZACHE J1Z R . Akt n) 8, AR SCHE T — Ao
AT B SCEH 2 A L RA R I AE 42
(CAM-GF). ZHEHL By 4 N Fi 4 H & IR 74— T
i A SR RT RO A A B ) 20 AR R RS DA
R AR A1 R AR SISV s 36 B A—Fh BT Y R
SR B AL, AL ] RE AL 4l A it A S 19 ) 52
AP RTZRA5 B, 2h A Hb2e 2] 3153 B AS R0 AR ) il B AR
FR DT AR A i 2 3 R M P MERE s B R R R
JE 2GR % A Transformer 5 5Y L) 36 2 B2 B[] 4K
#5C 2, IITE G HE RN . 78 2 BB 4E LR
SRR B, AR SCHE A9 CAM-GF HEZE AL FLim v o % [
WEOLT F ML T, O B HOE B A S Z A
A i AR AL T DU T R

JUE R SO B CAM-GF AE 2R U T4 NSk B 1
A AR AEAE— 28 S FRYE SR IR R AE . o
J6  ACHE B R HI 0 [ 32 0 I 4% R SR 0 B3 as Mg s By
—E WS R R G o] 2 A RN A P MR PR T A I
SCHR A RE AT — MEAS AR IR AW G ).
U AL B R IG S R B R R R H R, 2
LR P B R4 2 I GNIN Y T8 485 T BB R, ARk ml A
G PR B 5 2801 L 3R 2 2T HR LA FHSE AL g 7]
PR RJE YRR P S E i AR TR
SLEAE ) T 2 AN A O AR AT N, ARk AT IR R
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