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Abstract:  Cross-project defect prediction technology can use the existing labeled defect data to predict new unlabeled data, but it needs
to have the same metric features for two projects, which is difficult to be applied in actual development. Heterogeneous defect prediction
can perform prediction without requiring the source and target project to have the same set of metrics and thus has attracted great interest.

Existing heterogeneous defect prediction models use naive or traditional machine learning methods to learn feature representations
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between source and target projects, and perform prediction based on it. The feature representation learned by previous studies is weak,
causing poor performance in predicting defect-prone instances. In view of the powerful feature extraction and representation capabilities
of deep neural networks, this study proposes a feature representation method for heterogeneous defect prediction based on variational
autoencoders. By combining the variational autoencoder and maximum mean discrepancy, this method can effectively learn the common
feature representation of the source and target projects. Then, an effective defect prediction model can be trained based on it. The validity
of the proposed method is verified by comparing it with traditional cross-project defect prediction methods and heterogeneous defect
prediction methods on various datasets.

Key words: heterogeneous defect prediction; variational autoencoders; feature representation
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Fig.1 Cross-project software defect prediction and heterogeneous software defect prediction
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Fig.2 The framework of heterogeneous defect prediction model based on variational autoencoder
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A X=X e RY™ Jofng A n 40 S 000 I 55 BRI L1 AR A5 e 5000 424 5 9 2 B
T I B S AE 2, ~ N (o020 FBRI L 9 B AE 2, ~ N (a0, EL g =t gt ] 265 W2 B SR GE 4340 6 20
B AU H BME SO B AR H $ME 2 B 830 G 03 A 1 oK #8948 22 57 v] el R 208

2
15 1 & -
MMD(4,., 14) = rTZ:UiS —n—ZM =tr(uM ") )
s i=1 't i=1 o
Hrp M B KRIMEZ = RECERE B M Ra M RIS 47, 28 j F00#E, R4 My 1T BUE T 43
L i i<n,j<sn
(U]
1 . .
M = " i>ng,j>n (10)
- , otherwise
n, xn,
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5N )R A Tk AT LARUEIR I H 5 B AR I E 23 Wit 5, B R AE 2 5] S5 AR I 7D v 0 20 A R
HORAE I, B B AT AR A ) U7 Z S 50 T IR E A H AR I H 2 8] 1) B OE 2 5 TR, AR RO R AT LA 2
A 46 B 3 TR 5 G B I R 2R A A R AT AT DA LB 204 A R 3 S E AR T IR E 5 E AR I
H 2 (A1 AF I 208 SURRE BE bR v 2 S B otk B T YR I H 1 E A5 01 B 2 [/ 1) 2 5 W52 00 E & 3 15E
P, ITT BT DA R 47 3R 5 B A IR R AR 3R 7, DLk — 2B 48 3 R I R Hh s e 5k B 11 5 002 T PR AR % TR 3R, DA S
Bt R N LR AR AL S .

3.3 FIAHIRIMLELZ BUEFEHE XM S B HHER R

FRATT T HE WA R A ) () I R R g 2 JRIBIN— 2 AR LR M B L T TN AE LAz E 1A AR N S U
M A g, (2| ), TR0 5 SR E R 0, (y | ) BIPEBESF IR, A W A0 AL L T i 2 8 b T 34T 3 A TR
HFIFR1E/E B, % H BARDIUE FIFRCAE B, R, 2 TR T E Y25 H R I 70 AT g, (y | ) PERE I 58 58 A B P
T(1) VEWH B E IR0 9,(z, | %) 5 BARIE 15 R 210 9,(z | x) P Z A1 ILECHE BE5(2) Y5 I
H B AR AR R 1 2 23 0 A0 0, (v | ) 5 B AR I E B RE R 78 19 R AR 26 7370, (Y | 1) P 22 18] B AR
ABAFE B T S5 A 8 TN 1) R R T v A R H 2 H AR I H SR ESR R R R I T — AN O R U B R T
AT 2% 1 A AT 5, L A B AR 6 R IR b, et T TG B 1T, G SR R AR A b 2 o 4G B 4
R BIIDGMEZE S0 p(X), AT T EAHERT tH B AT 8] B 2 AFBE2E 20 A p(y | X) tH R 122 AHABL ).

AL SR FH A S T B 50 3 A B T )6, B R B RN R 3R SR TR A BB R B AC A D AR Rk B AR B B 2k
TN~ s

H(Y., 90 =y, loa(3) (11

Forpys R VRIE H090 2 756 2 G P I B SRR AL, 1 2 0 0l 0 285 ke I 0T S TR 2 T R S R TR R
ity ER &NV FET ARG) AR AKX, L WA H bR ek Bn T

min By [Eq, 0 [=10g 4, (X[ D)]1+ A E o [Die (9 (2[X) [ P(2)] + MMD (445, 1) + AH (Y5, 9:) (12)

T 58, TR E B AR H BRI E B0 AR RO N AR 43 1 G R 2 ) 4 2 v e T A D Y 24 45 381 B SRR AL 4 A
IS H 0585 ,(1) RFEBSHEREBIFHIRNEE 2 RN 24 g, TH 8 R 22 DL R 510 Al
Se B8 73 AT B ) KL BRE, 23 00t 82 2 20(12) B AR BR B 56 1 TUANES 2 Td5(2) oF SR T B X RLY p F0H FRITH
X RLI g, 22 T8 B B3 R 48 22 55 0 9 5 R A BR B 56 3 T005(3) T LA ey S 50 31 I 45 i N A5 31 [0 S5k P AE 26
P L SR I 1 2 T 1R A8 SR R S B B B 4 IO B 8 A I R R I 5% 1) 2% B4 FE T Tensorflow 2.0 HESE
SEPL AT Keras $2 i) ADAM(adaptive moment estimation) It 14 85 KR AEFRATI H bR & 2L 4, « A, f1 A, NIEM
' = ¢

4 LIS

4.1 SCISHIE

BATVHE N TT BB 2 33175256, 45 NASA. SOFTLAB. AEEEM Al ReLink. 7F X S5 54/ 45 v 4 Bk [
A E 2 N 8.65%~50.52%.38 1 45 T BB AR T Xt LI VE 0 T H A5 2.

NASA H4E 87z B T b TP LS SR B R /N itk B0 el SR mE% D)
M BAVEM T 5 NHH, A CM1. MWI1. PCl. PC3 # PC4,H ix 5 AN H BA 37 M@ EE.

+H H B4 7 (SOFTLAB)H AR1. AR3. AR4. AR5 fl AR6 3 H 41k, 3 /1 (#)3% H /& . PROMISE 77
fig EH3RAF1,F 29 AN E & 7T, H A 3E Halstead F1 McCabe [ 820 % &

ReLink A (500408 5 o W 25 A e 42200 3 ok 189 o ke o6 S50 308 £ J B0 >R 12 v 0 4 790 000 445 . ReLink +h f) Bk B 15
Bl F UM EIF B 3 AR E 4L, AT H #F 26 A5 AR &

AEEEM i D’Ambros % N #2044 AEEEM 08 42605 61 B S bn itk 17 SRARED B & bnifi, 5 S Se i
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SR L B ARAE,S AR AS AL L B ARAE, 17 S UEAC A0 FE R AR AEAT 17 SRS 3 5 B2 AR .
Table 1 Experimental datasets

R LR E S

pagd! TiH FEA R R BRI (%)
CM1 327 12.84
MWI 253 10.67
NASA PC1 705 37 8.65
PC3 1077 12.44
PC4 1458 12.21
AR1 121 7.44
AR3 63 12.70
SOFTLAB AR4 107 29 18.69
AR5 36 22.22
AR6 101 14.85
Apache 194 50.52
ReLink Safe 56 26 39.81
ZXing 399 29.57
EQ 324 39.81
JDT 997 20.66
AEEEM LC 691 61 9.26
ML 1862 13.16
PDE 1497 13.96

4.2 FMNIEtR R EERE

FEARSCH L FRATTR F R B PPAN Fa A% AUC Sk PP R B 00 A5 2 1) P g i PPN P At T2 F T Z AT I
T ARV AUC 2 52 W0 T A 45k fl 28 T8 D7 (0TI AR, 2% 288 76— o 2 1) v 2 ) DA B 4 3R 4 D x AR b, B0 S PR
R(HBIREN y FR.AUC BT A 522851687 1) 52 ) 3 HB ST 7000 R0 48, R e gt T 82 A L, DU A A
[F) A5 22 (1) 12 e

BAVE R J79% T-VAE 5350 B 8] SR T (WPDP) A ES 1 H S fs #ill (CPDP) J7 % (235 TCA+H®, VCB-
SVMETAT ManuDown(M-Down)* L Jz 544 Gl ¢ 95 75 % CCA+1'2, HDP-K S, CTKCCA!'TH SNN ik 47
THE.

35 0 ] SR T AR 0 B o T 7 2 AT Bl A AT DR AL S5 A R T 7 92 (HDP) 7 52 B R A 2K
PE K B IR R BT 5 5 08 [ U3 0 T A] R B T 75 7 (WPDP-LR) B 56 T 1 28 I 4% [ 100 B i) e e 75
777 (WPDP-NET)#EAT 1 L. [FlF, AT 138 5 75 4 TCA+LL K VCB-SVM H#EAT 1 Eb i, BAT I3 St 4% 495 1 51 H
R TR A 4 77 v, HL A SR IR E A0 H AR I E B S8 B A 58 A AR IR 9 B B M-Down & — Fh B T HE T 09 6
TR A 7 BATA bR ic (5 B EE R IETH .

AN, FRATIE 5 TR B A TR 7 i HE4T T LA CCA+. HDP-KS. CTKCCA DA K SNN iX 4 Ff 5%
75 A 22 B A A AR AT (0 SR M L A CCAHE ] CCA J7 7% I R AE [ B JHDP-KS SR T R AiE 3 A
VERL 5 i ,CTKCCA E B o i R 2 1 AN ] 4 DL S RS T 46 1) 731, SNIN 2 — o 36 S K399 1 22 5 1) S R R
I8 T 532, ) B, A2 1) P e £ o) 8% 45 28 ok 25 ST R0 T

BT B TR 8 AP R AR, A Wilcoxon 45 FR AL I8 SR IS IE P AR BUE TN R F R TR B3
Z 5,4 p E/NT 0.05 gt R R 8] ) 2 S S n] 2R LA FRATT RIS AE P CLiffs SRAS 25 AN [l A5 28 15 0
PERE (1 22 T 78 2R R o 2 75 B ) 2 | §1<<0.147 I, IA N 2 AT LG R (N); 24 0.147 <| 6 1< 0.33 I A 9 =&/
f1(S);24 0.33 <| 5 [< 0.474 I, I 92 P2 (M); 24 | 5 1> 0.474 I A 92 K II(L). a0 3 — MR B A5 IE 3F BT 2
P (| 5 > 0.147 ), W R 7~ Z AR BUAE X T~ 59 — /M 54 B8 BUA (f FRARMA.

43 IWHE

BAE Ik NASA. SOFTLAB. ReLink 1 AEEEM [¥] 18 /™10 H 1 Jy SZ U6 34 45, 3 $h 47 F My B8 100 H 5
RS TR FRATT AN 18 AT H Hh i B — AN T3 H AR S B A, SR 5 A A FH A 2w (A AN 100 VR IR I H A9, 44 1
T NASA A CM1 7824 H brBF 774E 13(18-5)/NMB 1 H T4 &t B A £ B ooy B Rt B EAR 4
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£ B S 10 TR0, AT A1 T8 A ot 50 4 L A P B i 1) ) — 2R P R T50 AT BB T R 3 Ok 4 A
/NG 18 ANTIE F 240 T RE I T A

ot 350 T e UM 1) 850, A 5 50 4 40 g 11 2 5 R0 S 7 Sl 000 A 25 e s 9 417 2 S A2,
FLAARR UL, FRATTH BT 258 0 T N 25, 05 2358 40 B 100K AR U A B 10 5 0K ) 2388 40 1 DI 5, i 238 43
FHFMRR R T R B B B AT TBE LR 20 B 5T 50 U RS 73 K288 #8100 AN IR 45 1

FEFATT I 250 A ph 4o 28 X 4 K4 B, S B J5 25 2 T Python LA Tensorflow 2.0 HE4E H v £ 1 &
A A AL XSS R TEE N {1e-2,1e—1,1e0,1e+1,1e+2}, 7E 52 I 45 Gt rp L 3] M2 2 AN H
HEAT B0AIE J5 1R P YA 3L Hh 5 U0 IE 1) 5 R TE S D 10 S 400 B 1 B 28 USC SSIRT 1) 1 25 1k . B AT SR L ) e mgs
& Xt T A BARTE 1 [7] — Fh 2 50ic B, UL REZE BT AT I IR0 B S SR P E N S A S E N RE &
B B (S 2 KA LE https:/github.com/NJUST-IDAM/T-VAE).
44 ITRERSDH

N T VPRI T AR 4 1 G i 2 0 S K BB TN J5 72 T-VAE 945 280, AT 78 T AR 6 A ) .

e RQL:T-VAE 7& 75 7] LLIR A3 L 101 H 18] LA K %5 T30 H S b Tl 7 vk B0 4 1 46 5L 2

o RQ2:T-VAE J& 75 b Aty S5 44 ol B 35000 £ 77425 B 472

RQL: T-VAE 27 7] LUK 1S HL 15 B 18] LUK B5 15 B FRPE TN 75 74 BB 47 R 45 512

N T BRI A i 45 B BRATTH T-VAE A58 5 538 4 (R V2R B2 4 48 X 4% 1) T T e s T DA B
T BB T 7 v TCA+HRT VCB-SVM 5 5 3EAT T % B s i, Sz o6 1) 45 5 WL 3% 2.

Table 2 The comparison results between T-VAE and within-project/cross-project defect prediction methods
F 2 T-VAE 5T H [8)F1E5 150 B b 0 75 2k 10 B LU

Target WPDP-LR WPDP-NET TCA+ VCB-SVM M-Down T-VAE
CM1 0.653 0.466 0.642 0.614 0.624 0.678
MW1 0.612 0.432 0.685 0.579 0.712 0.721
PC1 0.787 0.649 0.694 0.648 0.826 0.743
PC3 0.794 0.670 0.627 0.587 0.807 0.736
PC4 0.900 0.865 0.687 0.583 0.757 0.814
ARI 0.582 0.481 0.624 0.660 0.527 0.768
AR3 0.574 0.537 0.733 0.660 0.825 0.832
AR4 0.657 0.573 0.751 0.667 0.819 0.798
AR5 0.804 0.497 0.819 0.846 0.941 0.890
ARG 0.654 0.522 0.582 0.598 0.563 0.723
Apache 0.714 0.655 0.697 0.698 0.751 0.745
Safe 0.706 0.651 0.721 0.704 0.833 0.775
ZXing 0.605 0.557 0.617 0.619 0.635 0.635
EQ 0.583 0.694 0.732 0.609 0.793 0.778
IDT 0.795 0.818 0.735 0.665 0.785 0.710
LC 0.575 0.653 0.633 0.639 0.671 0.693
ML 0.734 0.743 0.659 0.620 0.642 0.645
PDE 0.684 0.696 0.655 0.602 0.692 0.660
Mean 0.690 0.620 0.683 0.644 0.733 0.741
p-value 0.006 <0.001 <0.001 <0.001 0.711 -
Cliff’s 5 0.358 (M) 0.608 (L) 0.503 (L) 0.747 (L) 0.006(N) -

5750 B (8] Sk T 77 WPDP-LR 1 WPDP-NET A b, AT 7155 & B KL 3, 7E 4k 2 B SdE 48
ERIRAR T AR (14/18), 1R 95 Wilcoxon 5 Bk Fl Cliff’s K& 1) 45 R, T-VAE A%t T WPDP-LR A 4
MR 25 HHXT T WPDP-NET 7 & KSR B (AL 35 5 T3 — 485 R AT 40 R, 358 43 5l s i 42 b s a1l 1
BRI LD L AT 14718 N33 E B SEBI AN BN T 1000), 52450 AN Hid b B B S 30 W B R AR 2 2 5] 31
T2 AL BE AR R 0 43 AT R A 5 57 S AN YA 1] R DA R 3 UL A ) R P B RS TR SR PR L T, ) AN [R5 E
VF) 1) 43 A B B 9% 28 9006 FLAR IR B 09 65 B 43 A1 175 190 52 17 A 3 73 B8 407 vz A e EL A b S 1 S A4 s o 9000
FAA FN 25 5, 58 70 43 R B 7 BT F MR AIE (9 5 0 H AR B B R SR i s

S 45 1 T E SR TR 5 AR L R p-value A CLiffs SHIKS I 45 5 T-VAE #AX} T8 E TCA+M VCB-
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SVM H.A 535 1 72 5 A0 KRR R B4 35 T-VAE Fl M-Down I ERE 2 18] T B E X B B B E UL T LA,
M-Down 2&—Fp JRFIH T BARTE B E B 000 B AR A 6 BE & oo B o A s BRI LA R,
HAGINBAME B 1 G A AR TR T 23 (8. T-VAE  IC R KRR —SHAE T, 46 2/ IR0 E g R0
SPIAE I 285 AR TR T AT 087 R 5 i 5 R 1 S B R0 R 3RS AR I PERE. R T-VAE & & —Fi R~
7510, 0] DR SR RF  H bR 31 5 BB 58 B S M AR AR R %, 78 o SR HE 4R B BT 2 IR B

£5 1, T-VAE 25 00 T 187 52 1R T [ s B TO000 7 32, A k- D0 (085 T30 B ol o 000 5 v B LA s AN (B

RQ2: T-VAE @& L E fth HDP MI75 35 472

9T 1B A% ) B FRATT K I £ 07 1k 5 B A R S A R B TOU 7 R R MR RR EAT T B, R R B SR LR
HDP-KS. CCA+. CTKCCA Fl SNN, EATH#E 2 7E 5 4% SCAH [R] SIS B T 2047 I EU AR, S B 45 2R L3R 3 W45 S m]
DL H B 5o B AR S ) d50 B TIO 7 ¥2: A5 35 2 N B IR Z) ) P B (EL S AR T &, FRATT B4R 7 iR TR AR — e A 38
& %R T VE HDP-KS. CCA+. CTKCCA. SNN,T-VAE J5VESMHRTF T 2.6%. 42.7%. 2.06%. 6.16%.
45 Wilcoxon £ 584 T-VAE 5 CCA+. SNN A %5 &2 X Jil, H AT T %95 HDP-KS. CCA+LLJZ SNN #f
HEANT AR FHE CTKCCA 5 T-VAE H 5 AHIE 1 G (E2 AT 7 i5A 5 5 s - 1515 5, BLAE
10/18 MR LI e B B ML R WK, ,CTKCCA F| FH AZ WL 5 4 B 28 M A ] 4 [l 8, FL AN 75 B8 SRR
WA R R R B, L HE DL AL B2 O AR AR B G 52 T-VAE 2 — ik 48 22 I 4 (103 % 2% 2] 7 i, e ANORT DL | 34
A 54 B - A0, BRT DUIE I 0 — 25 58 A5 s A DA T 14 . [R5 1R 3 ] L4y A B 7E B SO AE 2
V) R 155 L, SR BB 2 2 R e B T )

BRIk, 255 111 5, T-VAE AHRX T K 2 U 44 Sk B T 5 16 BRI 35 3 38 2 48 5 8 SORSE B A (A

Table 3 The comparison results between T-VAE and heterogenous defect prediction methods

&3 T-VAE 5 5 R SRIE T U5 21 B LL AL

Target HDP-KS CCA+ CTKCCA SNN T-VAE
CM1 0.689 0.480 0.941 0.641 0.678
MWI 0.709 0.532 0.904 0.692 0.721
PCl1 0.728 0.499 0.923 0.668 0.743
PC3 0.728 0.502 0.742 0.678 0.736
PC4 0.690 0.511 0.680 0.677 0.814
ARI 0.687 0.518 0.683 0.686 0.768
AR3 0.843 0.518 0.543 0.805 0.832
AR4 0.782 0.514 0.683 0.756 0.798
AR5 0.919 0.565 0.496 0.843 0.890
ARG 0.660 0.503 0.651 0.659 0.723

Apache 0.748 0.639 0.790 0.695 0.745
Safe 0.775 0.496 0.596 0.722 0.775
ZXing 0.630 0.463 0.781 0.591 0.635

EQ 0.726 0.536 0.745 0.729 0.778
DT 0.712 0.540 0.654 0.726 0.710
LC 0.659 0.512 0.956 0.720 0.693
ML 0.650 0.494 0.646 0.620 0.645
PDE 0.668 0.528 0.652 0.659 0.660
Mean 0.722 0.519 0.726 0.698 0.741
p-value 0.072 <0.001 0.711 <0.001 -
Cliff’s & 0.204 (S) 0.994 (L) 0.135(N) 0.386 (M) _

45 SEZMWS

N T TS RBEA RGO T BATH FE 2 S H RO, 20 5 BB T IR 5 1 T 0 i AN R 2 45
AUEE Xof 1 R e SR (0 2 M 7 A BEAIE 1 FE VR H B B R RN, B0 F AR 0 HEAT S 22 3] R R P e R
T AR T 20 5 LA PDE Al ARG J9¥0 H I, 72 H AR H PC4 _E A B3 R WA A S 80 A [F), LA e IR
AL .

6~K 8 73 Al s TSR R I AN [RIALEE T ) 1k BE R B AT mh T DA L RIS 2 A 1] 104 a2, A 7D 11
PR E R 2 FEA MR ZE R, H I H — S & 200 TIRG A R R & RIUERE T 5 & 3R % =2,
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#il4n,PDE=PC4 H &, H A, 7E/NT 1 B RSB BT 14 RE,(H7E AR6=>PC4 A T, H A, tERT 1 AT Ll sk
Z R0V R AE R R] DL ORI Bl 1 2 S BB A0 TT DAAS BB AT A M R i — 2B e iE T AT SR A

ot AN [ (453 2R 30, 3 2 50 1T 1090 1B DA e, VF 22 1 0 R 3 R AL R 4 S O R 1 Bl AN AR, 191
1E PDE=PC4 ', Ji5 40 3 A 15 Y 38 43 A (1) KL 8URE LA K 43 288450 2R A8 28 49 1 BCEE 3 DK e A 28 1y 1k e AN 23 1R
22,10 LB 25 Y1) 5 330 R 1 4 33, 5 0000 %) 958 23 A8 AH AR AR K B 40 185 0L 8 & 5 B0 4% 10 M 6 3 R e 1 A i , 31X
% 5L T B E T TR 3 A AT WSR2 ) BT 00 A% AR 2R 4 A BB B TOME R B 5 R B T B AR E B AR
105 B A 58 A oA A0 10, DR bk HE LI P A7 0t R AT — o T R M 1, T O K 2 B0 R B T N (Y R P T DA A
SRR % )

FAN AR AEVE £ B3 WA W ZRIE 70 B AL K S 80 T 58 A BE MLV I O, S T A5 0] REAS B i
M e, BE 2 I SR FE AWt MR S B2 D I R B R B A S BT I AR e BT SR 2 iR 45 R,
T 5 R B A7 TE 1, 5 T H B P B R 00 iR DR B o R A B I AR I (AR — B AL SRR,
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Fig.6 The performance variation of prior distribution difference under different weights
based on given MMD and misclassification loss weight
Bl 6 {48 i KIS 2 5 oy RAFRBLE NG DL T, Sa 6 70 A 22 A AEAS [FIRCE R PR g AR 4k
08 \M 08 A
07 07 \
0.6 — 4001
— 20l g 98
= 05 — 210 =
< — A, 10.0 05
— 4, 100.0
0.4
0.4 — 45 001
q — A 01
03 — 70
03 — 4100
02 — A 1000
0 250 500 750 1000 1250 1500 1750 2000 0 250 500 750 1000 1250 1500 1750 2000
Il 4 st 4L
(a) PDE=PC4 (b) AR6=PC4

Fig.7 The performance variation of MMD under different weights based on

given prior distribution difference and misclassification loss weight
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Fig.8 The performance variation of misclassification loss under different weights
based on given prior distribution difference and MMD

B8 R4 E Lo Al 22 57 Ml K I ME 22 AL LR, 70 SR8 R A A R BUEE T I PR e AR 1

KT AR R T A B 2 H0 B T DA PRAIEARE R Z S — AN B RO R AR T LA RO A
ARIEIH 5 H AR IUH 3L SR 2R 3 A IR H WS 21587 ) 5 23 18] o R 121 28 1R R I A ) B 3 A AR AR
ARG A B 2K AR O A

5 B &

S5 A T O N 75 5 S e R S KA R AR 2 T 1 5 T3 900N 0 e 12 288 75 9 AT AR 9 K B SE A AR SR
T T AR I3 1 S B A G S SR T AR ALE 2 25 77 ¥ B X A S A SR R TN 7 2, 9 A RE AR A 27 S YR 5
H 5 HArIH 2 W B AURFAE R R« 400G Feeh i 20 A0 (5 B 45 1), A SO T8 7y B i 4% R 4 B i R I 22
St PEBCIEIUE 5 H AR H 2 8 IR (K 75 R AT 10 9T, 8 3k — 25 5N 5 9 46 27 3] FE R U AR R R
SR AT MR AR T A, T DAAT 28 36 E AR ST 4 R 1 R AL it R 8 0,38 A K R R s 0 £ 1) 22 4L T H T
SR DAL 5 22 A g SN 5 2k LU A B IE T AR SCFT AR H 0 S A Sl e T 7 R AN NORT DAAT R ST AN T H 2
(R FRY SR B3 A 455 JE, 38 AT DA E — 25 5 T ke o T 1 28
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