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Abstract Deep learning (DL) has been widely adopted in various fields such as image recognition, machine
translation, and autonomous driving. In order to better support deep learning tasks and promote the
applicationof DL, more and more platforms and frameworks have emerged, such as TensorFlow, PyTorch, and
Keras. These platforms and frameworks are known as deep learning frameworks.Using the programming
interfaces provided by these deep learning frameworks, developers can easily design, train, and test the deep
learning models.Deep learning frameworks usually take “operator” as the unit of calculation, and different
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operators define different types of numerical calculation.In deep learningframeworks, the correct calculation of
operators is critical to the correctness of deep learning models.These calculation errors could affect the accuracy
of the prediction results of the deep learning models, or even result in serious consequences such as traffic
accidents in automatic driving.In recent years, attention has been paid on testing and diagnosis of deep learning
frameworks, but existing defect detection methodshave great limitations. On the one hand, existing defect
detection methodsfor deep learning frameworkscan detectonly large calculation differences of operators
between different deep learning frameworks through comparison and speculation. On the other hand, existing
methods can diagnoseonly calculation errors of deep learning models in the inference process, and cannot
diagnose calculation errors in the training process. To address the issue, we expect to detect errors of deep
learning models due to the defects of deep learning frameworks automatically in the process of training or
inference and verify the accuracy of detection results. There are many challenges in implementing such a defect
detection method. First, the deep learning model usually consist of complex network structure. For a deep
learning model, given any input instance, it is very difficult to determine the correct output. Second, a deep
learning model usually contain a large number of operators and their relationship in the model is very complex,
making locating defective operators difficult. In addition, verifying the correctness of defect location in a large
and complicated deep learning model is challenging.In response to the above challenges,in this paper, we design
and implement a defect detection method for deep learning frameworks based on meta operators.\We abstract
common computing logic of operators such as forward computation and gradient computation of operators in
different deep learningframeworks as "meta operator". We bind the specific implementation of operators
without changing the code of deep learning models. In this way, users can make fine-grained replacement of
operators in deep learning models.Through fine-grained operator replacement, not only can the calculation
errors of the deep learningframeworks during the inference process be found, but also the calculation errors
during the training process and the localization of these errors can be verifiedby recording the meta operator's
running time and memory consumption.We verify the accuracy of the meta operator calculationand evaluate its
performance. We collect the known operators with calculation errors in the deep learningframeworks and apply
the defect detectionmethod on deep learning models containing these operators, showing the effectiveness of the
defect detection method.
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ARAS, SR5E AU TR S 2 45U B E S AN H 1)
EAE o USRI 2 ) B2 T A Y op () R —
ANEF AT IE T DS BN S5 R, SO ATE
T AR DA B S A 2R A

TCIR AT B —FhIR B 2 STHEZE SR BT, B
TIBHEAM SR T LA, KEZHEA E T
RS X AU BB R . 25 R B B A T
S, RSO RIR S ST RE AL A S AR A
HAMWMENFA— N uH T JUHE RS 7 AR
FE2E SIHEA L W E AT, R T
FAAN R R L 2 SIHESR rp B SRS i e . P
B SHIE B % E TR RIAES, oH TR
T I 98 e % B R SR 1 R AE SR ST,
M SEIL T IR SEIL 0 B 4 o AR SCAG
FEU U HEFAE R E I,

DU R B InE o 2R R R E A
4 Fis. BAEINEE NG E T4k K B ouH 12
Ko fEEFEES, TSR ETHIRAR
JEMEATTE . framework J& RN LI E TR Z 1T
SRS 2 S HEZE . name JB M N FHI% 5, PAX
SRR ORI 7. input_nodes — N A5
R, IR RUNTEIRE 5 S BB (1 s B
HROZ ST BT AR A RN T . [RJEE, output_nodes

JLET

+ framework
+name

- input_nodes

- output_nodes
- output_values

+ compute_output()
+ compute_gradient(grad)

W —ANT RFIR, FIER TR A LOZE TR
T ENEINT 5 . output_values JYiZTT A IE A1t
B, MEiZE 7Tl s — IRIE R R G A 28
I&{H . compute_output() /7 %7 H FHIIE R THE,
TEICHEFREEZINER AR, RAM%KT
BB A ICHE T RA SR . FRE
Hi, compute_gradient(grad) J7 i3 HEAT S I FIRS it
B, grad ZECNURTIOBERE, %05 FIRE TR 2ELE 4%
2T e = SRR T = A ate ks /8

ANTRN IR FE 2 ST REZE N T B sl B -5 A s
DA, flln: S — AN RS — AN s AUE AR
I, PyTorch i i 58 SR A3 (6 B R A —
AR e, T TensorFlow 25 Hi (KI5 B — AN
B SR T ASAR SR 57 e % B 47 b LU AN TR IR
SOJNESRRIMARETF R EE R, U TR
TensorFlow 45 Ji 2 SE i £33k — 25 Ab FRBR () T
WK, AR TCIE AT AN R JE S 77 iR I LE A B2
RIFEIR T DL — 5.

Add JTTHE TR K T ouE R, AR T
ooyt S e85 7. %o T B 2R IE R
THEABE TR 75, —FEr T AR
FE 57 iR e e T SR T 2 S HE SR A 1
THEEREE, LS SR T AT 45

AddyeH T

- tf_compute_output()

- tflite_compute_output()

- pytorch_compute_output()

- mx_compute_output()

- tf_compute_gradient(grad)

- pytorch_compute_gradient(grad)
- mx_compute_gradient(grad)

L
TEF Bh 15
+ Add(x, y) + gradAdd(x, y)
AN

L%

TensorFlow Add %7 TensorFlow Lite Add %1

PyTorch Add %1 MXNet Add &1

+add(x, y)
+ gradAdd(x, y)

+add(x, y)

+add(x, y)
+ gradAdd(x, y)

+add(x, y)
+ gradAdd(x, y)

B4 ikl kKA

4.3 2%
AR AR, IR g A T HAT IR E
SRR, R RIRIRE T B G AR T

TR R IEREE R, LSEHUN A FITR 2 ST HE R
iR B4 R XL



UL LT U T AR o ISR BB A v 9

431 HHEAMAT IR

%efii TensorFlow AT T B E 7 2, AT
B FRE R T 2l 3 0125 DU 30t v 1 o oo
WHIPAT o« S B ER IR AT 2 B0 B e 75 A e
— ik

SUERIEPAT UM H B, P 7 2 e — 4
CHFR TR, 2R LOZT RO A, T E B
P B A S48 F 1) 5 TUER H T ST AR ) 4
A TS R SR B N AR S R
MBI, IR AT DLGRIE T SR BN R AR
HT S H L e
4.3.2 ALK AR

FEFE BB 1 (R 00 aok G 00 % 5 2 > A 4
B, BREHTE AN ICHFNRELI TG,
R RPAT S PAT I, 43 BB B T S 2
Ro B WA — X PATTHE B 15 21/ W
W 5 SRR B2 1T S5 SR e Sk ok, FERRRIK
B TRl E S BT, BB HRET
WRGRZE R KA CHETFHET, SR ER
5w SO B LG, 45 H B 2 IR R P 8 45
3.
4 MERIEHSE

W, R SRS IR E SUHISEOR i
IR 2 G, WL — AN EE
H, X AMEEAA MR ERR, R NTHERE.
THE B E T Bl i 7, R r s =
DA Fhih B2 18] (A AR R G R 56 . AR SC T HEAR
FHIXRETH S BOR RN TR B 2 IR () 45

TensorFlow S5HESE 2 RIS AT TH 5 B 2 it e U
THE ISR, SR )E P T SEBR B, KRR
FEMRR N “ B A 7. SR, 76 PyTorch ZEHEZE A,
TR B ERT S F R, X E AR
N CEhAEY B PR DU S E b s 45 E]
(&5 R, XIS IR E N G (BIERTRE 2
SIRGEARY ) S A A AR SR X R AL, HARSCs
B FRBP A RS R . F, A SCRECR LT
TensorFlow & B T SRR IR FE 27 ) 18 . RJ)
i AR AT T AR, RHA PyTorch S HEEAE
BBV TR ZSE I, A T EWAH T AR S
I s Bk R R S5 4

THE B A RURIE ThRe E B TR A
( Operator ) . A7 fi# 7 &5 (Variable ). & %15 £i
(Constants) F1##& 7 &1 (Placeholder) PU2%.
— AR RN N AR E T, FEATTRIEEE

FIRSHE R o A7 AT AU SR AP A AR
Ho HHCN AUE X T UFEER AR HEAE
AR IAE o HHE T 2 T SR N 2R AR
AR R, BRI g — 5B,

THEE A R, T R E T
RAEMITT IR, € XANETT R M98 R ] Loy
W — KRR REAE, ORI, H—3k
FARE SUHIOC &, FRONFE 0. B 75T s e
I B R B S R, Hoh NN 0 Y A
AR, ATUSLRIHAT NIRRT 0 T A,
PSR HAM I A R PATES R 2 5, AT LAk
17
45 P3O

ARSI T B A 2R ARL T & AN R 2 2 S HE
ZRFTER A I S R A 0, dE e A R O 1
T T R FE 22 S B s e . ltn, % T — M4
KB 7% (mean square error) [f)— o2kt
A, A AT DR A anAag s 1 o7 38 H
TR AR
KGR 1 RTINS

x = sf.Placeholder()

y_ = sf.Placeholder()

w = sf.Variable([[1.0]], name="weight')
b = sf.Variable(0.0, name="threshold’)

y=x*w+b

loss = sf.mse(y, y_)

FEXT IR P 2 ST RHEZR sk AR B, F P FESR
S A5 R PR A N BCHE R AR s 0 £ 7 ok S R A ) R 4
&, RSB EIRMaE, A SO T AR 33 H]
FHF P B8 g (iR B 2% SIS, 6 F P 6 s
IREE 7 SINE B T B 48 B AT LU A TensorFlow Al
PyTorch WP FE2: SIHELL A, A 2515 1K )5 3l
77 RS 2 Fr
BB 2 BoteN & 1E

with sf.DebugSession() as sess:

sess.run(loss, feed_dict=feed_dict, frameworks=['tf', 'pytorch'])

5 SEERTHE S SEflorH

A sz H T TensorFlow™ . TensorFlow
Lite®®), PyTorch®1 MXNet sy fiiz f 2% >J HEHE (1)
I 20 FORFERICE T, SCIUT FHHEZE R A 73 59 N



10 TR

TensorFlow 2.0.0 (TensorFlow Lite > TensorFlow #E
IR B A . PyTorch 1.7.1 Al MXNet 1.6.0.
AN THRBACEME uHE T LR ZIREE )
HEZEMNZR 1 i e BRULDAAN, ASCH) Tl e
2 HAB PR 2 ST HE SR HoAh 51

TRV TASMNTEFRERERES JESR

PRI STHER

JLHTF TensorFlow TensorFlow PyTorch ~ MXNet

Lite
\/

add

multiply

matmul

sigmoid

log

exp

negative

inv

div

square

transpose

P I N i B R - ) D R .
P QN - - - e I D - S

reshape

reduce_sum

reduce_mean

softmax

ReLU

P R - D e B - i - B i - R I

BatchNorm

E RN B D B B B B B I - B ) R . .

< | = | = | =

Conv2D
(GPU)

einsum v v

Dropout \/ \ v

N T IR VR e, XA SO kAT T sk
BSVFI . AR FNG E T AT VAL . YRR VRS AL
Bl 53 b = AR FEAT A 4H
5.1 1T 1T

AT PRV O T IR UE A SO VR BT K e
S AE R AN R FE 2 ST HE SRR R IR SR8, 1
A5 48 S ] DLVE T S IR IR B 2 ST HEZE A B 1) i B 4%
o
5.1.1 sE80 % it

TEAAT VAR SR oG, T A SE I R B — A
A EREHE SRR CE T, MR RS

iR B 2% ST ME 284 S I 2 SEBILA 1) T B 45 SR A B
A IR B 2 SIHE SR ) ST TSRS R, AR
UETCHL T 1E [ HE W S50RT e 6066 B T 550 1) IE A ek o
MR TCHE T 15 N BRI B A

AN TR 5 25 S0 HE 2 500 s v B 45 SR ) TR AR Ak
U], SHORIEGR 5 SR R AN R e R A
I JEC 2 S B B AT AT AR HE SR BRI SR, JoE TR
FH SR B 2 ST RE SRR N R Z SRR, 7R SR T 2
BRSO T H R TR . R AESS
UEIX e SO 06 B TS IR VR, R s
A8 FH R 55 2 ST HE 2R A5 2 1B A e Sk
Tofs 5 (1w ) 25
5.1.2 LI 45 R

Z L, Bk Dropout 28 HA RN T T4,
FERNEIEAR A, AN CSE eH F RR B 2
SHE R Hp R N BT 1 AE R HEWT T S AE R 2 E I
0.0; BRICH F0IBH B TR 1 SR A 2 b, bR EE T
He Rz =W 0.0, K oHE FIREE it
SR AT DAV s R B 2 ST E B8 v B ) B
S0, AN THICHEFIRE M B E AT
1T
5.2 IS

ARSI IERTH R AT “nH T 5IRE
SOMRESLTE R AT “SHT AL, BN TR
F A SR, ko TR TR
T HH LR 2 ST AR S S R, e A
FEZ AT AT MICHE FAERTIE FR R AT
A o F B LR 77 TH0 055 B PR BE kAT I
CRADLE"" ) % Srisakaokul 2 A\ 5 H ) %6 1 £ HE
B e BRI 92 ) AT R P 2 STHE R L K
Yuftie AT IE N, AR R T iR SRR E
JEHEZLAR T, RIBRAT R Tk A ST se B e T
PERE S HEZL IR A B Mk Re b AT X L.

5.2.1 SEEGWETT

RMAKTC X T R R, CEVEREVEAS
Segg b, R RIRE BRI AN, XT oA
TR FH PR FE 2 S HE 2R A N IR 2 S B () 1 B
FF [i) R B 4 e P A2 0 B2 2 > HE SR 1) B8 1) ok BRI
) o AR AN [F) B X i N BB AN [F) 2K, an SRk
ARV, AN SC S0 R A N B RS B3 N
32 7 S8, 2R N [1, 100]. [100, 1]+ [1, 1, 1, 100].
[1, 100, 1, 1]5%[4, 1, 100]. F: einsum &1 52
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1 N4 bnij,bnje->bnic”, FEEEHI A ISR N[L, 1, 5,
1AL, 1, 3, 2] M TH—AHT, idxixHET 10
DS R, DARSRZ T B T
f]o TEXTIUHEF PIAF b S BUR P RE VA SR8
TEAH F [FIRE R BRI, X Bl TR B 2 ST HE
AR N JZ SO 0 5T RZ IR B 2 S HEZE
FHRLE FLE AT VH SR AT S L. [FIRE b
F—NEFM 10 KHE, ARSIl KRR
THE A IR B E, DMREIZE K
TFEI A 5 SO BT TensorFlowLite 1 f
BRI, {8 1] TensorFlow Lite 5783k 47 4 W 1)
M — 5 S e ¥ ds % TensorFlow AL 30K
TensorFlow Lite #5278, Ff# A TensorFlow Lite fif#F:
ARINEAEL AR S B 5K, R AT
HEWT AR . DRk, X5 T8 —/Md A TensorFlow Lite
TENRZELI o 1, #FH Eis4T — IR A
oo BB RO AL A B ) A . X T B
TensorFlow Lite /F N CH )2 LB, Hit&u
Vi) R0 P A7 9 FE S e At = AME SR . Rk, 7
5.2.2 #EATM KR H /R TensorFlow Lite AE4Y
ISR
5.2.2 St gh R

SRS R, TOHE A HAER L S HE 4L
O IR B I8 47 303 =, {H R TensorFlow Lite 41,
TG TR FARTR 2 ST HE B4 N ik 2 SE IR 1
BT R IR % SIHEZE R ) ST A ZE BE AN
5 J&rn T A TRAIGGE R R vHE R F] 5
TensorFlow. Pytorch A1 MXNet = FHE 42 () 5 741
EE BB TR) 38 0 i) 2R v or At 28 (CDF). WLEEE,
A5 R A SRS W 7 3 B SO S RN, BRI e
7 T B P U SR ] 2 b DR R A S ME SR
e, HA i PyTorch 1/E AR Z 2, JoH
TP RO S ROy BB PyTorch 5 1.7
%, HELUCH SR (R 38 i 7E 0.0002s DAY . T
ffFH MXNet {ER70E 7R Z LR, SP3BT
SRR E) A B B ) MXNet 7RG 5.81 £, X
RN MXNet {E R CH TR Z LI, 75
TR JFUA TS AL 0 B S R e e A 4 A
PAPRUE S 1oh Bn] DUIE AT .

1.0 7
0.8
= 0.6 7
@)
@]
0.4 1 !
/
i TensorFlow
027 I! ----- PyTorch
| S 7 ——+ MXNet

0.0000 0.0005 0.0010 0.0015 0.0020 0.0025
FTEET R 180 / s

E 5 JLS T 5T W T S[R3

BT B RIR I S AMESE 2 A, FEARSCATSEI
{8 F TensorFlow Lite 1FNJKJZESLHLHIINECH
T, FLRHERT U S SRERS O 4.70s, 31X FEE R
N HAET SR 2 m A& TAESHRE T KE MR A, T
SRR B,

Bl 6 NBRASCHREELETHE ) TensorFlow Lite
b, AR SCHTSEEILR 4 0 1 A R E 5 S HEAE
HYB R E BRI . 72K PyTorch HEZL(E A
TR Z LIRS, AR SC T BB SEI o 7
YR B T BB ) A LA P DR R 2% S ME B (1
TS, BRI 1.2ms. 17 TensorFlow HE
R G TE AT B Sl T R X 5K &R 0 A B
J7 AR F HAMHESE, PR LAEA# H TensorFlow 1E 4
JEJZSEIR , ARSC T B H 3N T sk E R
A FRERAE, X 3 EEH 4 518 TensorFlow 14
JZ SEPUR PR BT B TR o AR SCRE I VRN T
IR P 2 ST RE SR R AT I Th g, 4% T ou
TR ERCE.

1.0 /
0.81
w 0.6
a
@)
0.4
— TensorFlow
0.2 == PyTorch
— = MXNet

0.000 0.005 0.010 0.015 0.020 0.025 0.030 0.035
TEHEAF YR BT B (A0 / s

6 JUEL TR TS (]38
7 F1FE 8 4 Al JEoR T BR TensorFlow Lite 4k
TensorFlow. Pytorch A1 MXNet =22 (1) ik
FHUOTE WA G . SR, Kook
+ RADERESNNAE S . /84 TensorFlow 47t
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THEMLFR

HFIRZ SIS, B CHERT TS A A T ACKR,
T NAE G IR B T HEWT U RO A S A e e

1.0 1
0.8 1
w 0.6
[a)
o
0.4 1 !
,'/ —— TensorFlow
027 /.i ---- PyTorch
............. 4 —— MXNet
0.0000 0.0005 0.0010 0.0015 0.0020 0.0025
JUIRL- FLYRHE T R AFIE N 1 MiB
Bl 7 U T HEWTUR S A A o RS
1.0 N / )
_ /
! /
08 { [
[}
[}
1
1
B 0.6 ,:
o |
1
044 i
il
V —— TensorFlow
02 f’ ----- PyTorch
"
it ——- MXNet

00 01 02 03 04 05 06
TETRRBETERFRM/ MiB

Bl 8 JLAR T B TSR I AT o 3 N
7E TensorFlow Lite H1, ASCHTSEILIISH-T 50K
THE BISP 3 A7 5 A 0.03MiB, i LA
TensorFlow Lite /EANNETCH FIRZ LI, HIK
HHHEM AT I EE 8.42MiB. X [AFE 2 H T
{4 Fi| TensorFlow Lite /£ AJKE LI 0 H T, FHE
AT L L i A B R A B T S — R 1
(=
FH 1 RE PP S SO0 25 A5 %1, B T TensorFlow
Lite BAZR, {3 FH AR B 25 STHE 2SR N A SC T AT
TR JESEU, oM AR BAR b BB R TR B 2
SIHEZRB 22, (HR XA MERE R SE AN K. A
H TensorFlow Lite /E A TR ITH 7K=L,
T 5 % TensorFlow Lite A& B EMEIBR I, STH 7
(R TH AT A 9 T R AR S5 I Dl e T AT A
HE o
5. 35k BEat&
A EREANAE =N E TR “RET
B, N T H A SR A J A R AT
Mo 3R 2 FIFR 3 NASCHT LI A3 o H 7R A
) i 2 SIS TH 3 25 R P a0 5 22 . 7RSS

W, PR B A IR BEATLAE N
i, HAWRAYS 5.2 WHEMKSHKE. 7L
E I, RA einsum o157 ] TensorFlow A1 MXNet
VE N2 LB R P 3 a0 88 225K, A 0.745.

Tz R, AT 5.4.1 = HE— BT

R2HNTESSMPWTE FIEEITELZR MAD

TREESE SIHELE
T TensorFlow TensorFlow TensorFlow
V.S. Litev.s. V.S.
PyTorch TensorFlow MXNet
add 0.0 0.0 0.0
multiply 0.0 0.0 0.0
matmul 0.0 7.37e-6 2.54e-6
sigmoid 0.0 0.0 0.0
log 4.32e-9 4.62e-9 4.62e-9
exp 1.22e-6 7.38e-6 7.38e-6
negative 0.0 0.0 0.0
inv 0.0 0.0
div 1.25e-8 1.25e-8
square 0.0 0.0 0.0
transpose 0.0 0.0 0.0
reshape 0.0 0.0 0.0
reduce_sum 1.22e-4
reduce_mean 9.54e-7
softmax 1.24e-11 8.96e-10 9.87e-9
ReLU 0.0 0.0 0.0
BatchNorm 1.15e-4 0.0
Conv2D 8.91e-5
(GPU)
einsum 9.82e-8

= 3N T AN TE FHEETTHELER MAD

T TensorFlow TensorFlow
v.s. PyTorch v.s.MXNet
add 0.0 0.0
multiply 0.0 0.0
matmul 3.77e-8 0.0
sigmoid 0.0 0.0
log 0.0 0.0
exp 1.22e-6 7.38e-6
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negative 0.0 0.0
inv 0.0 4.02e-9
div 1.10e-8 9.94e-8

square 0.0 0.0

transpose 0.0 0.0

reshape 0.0 0.0

softmax 7.3%-19 2.22e-8

ReLU 0.0 0.0
BatchNorm 1.02e-8
Conv2D 0.0
(GPU)
einsum - 0.745

T R R AR 2, HEe AR
i 2 ARSI, I AR S AN W R R Te
Al To FIHUE, ASCRIREH Tc M Te BN
1.5e-4. K CEIMME TE— 5 B RE ¥ I HE
R T B R AR TS AT EE T BRAIE, T DARIAAE %R
EIE T, A SCHE WA AE7E R BH AR Y] 1 45
Fo AT HW LU R E AR H A RS20 1 5
T, ZBUE R BUELE H AR T AT Re 2 5l N RFA T
ARG R, WA CE FEES . AR PEE
KR, REMEEIUEAR. W FATH LS
TR, FEARRCECERE T, R R AR S A
i sh A e = AP S e K 5/~ ]l e G I i (P
5 =) k.
5.45L 650 3 4

AN I A A BRI B 2 ST HE B R Y
AR ECE Z R H AR, DURIUE IR 2 S HE
BRI 7 v BRI AR i AN SE SR, SRR R AR S
TR A O T VA R 1 R VR 2
TR IEAT B AR, 38 3k S FH S48 56 AR S 2
AT R
5.4.1 SZf—: MXNet H einsum 557 6 54
S

“ZAVERE 17 WU Transformer®”, BERT
S HARE B RO L, FTRLE B )
IR =R PN TR €T DAY N NN ¢ RN
EE THMETRYE. softmax it &BS, Hi, %
Y B afe i mT DL e 22 R BnH sk fT 2y 8 Ceinsum)
. BT 2 kiER IR H ) Dropout H-1f
BEALYE, AEHTFASCHRBE L, FIASCRH
2B Dropout 7 Ji5 1) 2 SkiF By RLHET 5256 .

FemETAXMNTHMEIEE FRIEZ B, HAL
THEN Tz, FA 1R I MXNet 5 TensorFlow
(1) einsum H TR T H AR ARAZES . Flun,
9 BENL= A HIFERE A F1 B 1E B S N4
PEI, MXNet Al TensorFlow [ einsum &7t 5.15
BT A BIBEFETH 25 RT3 450 5 22 =i 3.96,
AR IZSEB RS I AR, X Hefth 7 ()i 2 52 B
7 AT B AT fE, TS RSP 4 B = R
it 1.5e-4.

A WIE 9 B B Bl LS N Es 4R o i AL 4
AN BRI ERNE], B einsum B H 5 A 4
BRE 2 2 Eis 0398, it Tg: Mo,
TensorFlow A1 MXNet [ einsum %1515 2
value [ 5 73 7 an B 9 BT o 17 75 1% S5 Al ik
FEdr, XA T 1R E S AT S et )
TS RIS 450 B 2 B Rl Te. B, A
TIERI H MXNet HEZLMY einsum 5T AF7EEE 1%
RN T AZEE RATIONE, AL 3.4 AT
FEE AN B R T A5 R (D BT eE T3
F TensorFlow 1 M) 2 SLBL AL (2) einsum JT
HH TensorFlow EAJEZSLHL. HALTH 7 H
MXNet 1 92 S RE A o Py ) B (A
27N 0.0, K, einsum H1 R SEGHHE LS RS
IR o PGIRAR SC S50 BT FH AR AR TR 5 25 S HE SR
EARL G, A LA MXNet [ einsum 51t 5 A
o

e O Te082953] .0 13880067) | 1.50422907) [0.08308128] | 1.86230915)

\ey. L[] 0.550725) [ 06561968] [0.32066229] [2 16545762] [ 207900608]

[[2.301548 ] [ 185931635 [ 1.24133237] [ 0.40015171] [-0.060046 ]]

values (L1 LIS636117) [ 0226126601 (0.338853442] {  86280626)1 0 014863600

[[ 1.58969553] [ 1.33733386] [ 0.14963483] [-1.44493619] [ 2.6568602 ]]
[[ 1.86181002] [ 0.31700891] [ 1.25405337] [-0.68810828] [ 0.63587646]]1]

TensorFlow_grad: [[[[0.23091541] [0.5312316 ] [0.11665206] [2.1648228 ] [1.9563781]]
[[2.9955711] [1.381076 ] [0.46807754] [0.10732592] [0.04794922]]
[[1.035875 ] [0.97952074] [0.93420273] [1.2487628 ] [0.8016389 ]]]]
MXNet_grad: [[[[0.68662703] [0.79202116] [0.69883525] [1.4509143 ] [1.3716023 ]]
[[2.0841556 ] [1.208312 ] [0.7005228] [0.51207346] [0.49493614]]
[[1.0247087] [0.8674304] [0.7563526 ] [1.8527048] [0.49880356]]]]

9MXNet F1 TensorFlow (] eimsum 5~ 5 1 5 2 5
Hur, 2B HF W MXNet B 7HgHIX—4
%, MXNet 5F & N RAEXTX — R HEAT 1T A% S
UEJE, 5 MXNet IS RATIRAHIES 15

o
5.4.2 525 —: %F MXNet ' ReLU & 1t 545 1)
IIE

Keras J&—~0] DU AN RIVR BE S 2] RGiAE N
G E gz Mg APITY, A5 R I, A4
10 Frow 19 B R AR N BIAR 53 2K AE 55 B A
MobileNetV1 % NI, # Keras KM TensorFlow
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o CNTKEMWE Sy J5 i, 18570 255 RNIB77,
s H MXNet 758 i, 152010502845 B oK
gk M0, SEa SR 26T CRADLEMIf 7 i e
B — R E R R R, PRI, ik
FHWR— R B 2 ) R aufE NG, BAHT = Z it
e W LFARIE, 2RV Z ReLU 1A 2145
RZEFMEN B, 1ZH A RE 2 MXNet
) ReLU B 1EETHE AT iR

P

K 10 53 Keras 45 51 2 5 B F i

WAL W T B % MobileNetVl 574
TensorFlow F1 MXNet FFHR B 5% 5] RS H T 10X
b, R ILAEAS 1B 10 7R 9B RY i N B, 4t ReLU
HYRESLIERTES R R 2R 0.0, BIRMEE
JE 2 STHESR ) ReLU 5715 45 S 58 A AH [H) - TR
Keras #1425 7% 3R A vl g A& Keras A& & F U1, M
3E MXNet 17 ReLU B FIHEH RSB %4518
33T F X — ) ) AR

6 ERIE

ALV ISR T AT I T R A ST AR
ZRGRFEASIN 53, HREASRIR L 2 SR 2R T T 1
ST B A RO U T, SCRHEA SR
ARSI IR T 98 e BT B BARSEIL, M e R
SELSRT AL RE B e, B0 AT DUIE R L ] — 4
RIAEAFIRESE T B AT Z5 RO R DURE SR B . S
R, ARCT7 090 2 D Re b SR 1 i 1k
AE, i AT LAAT RGN AN 5 A AN [RIR JBE 25 STHEZE
HE IR ZES.

AITHERA—ERRE: B, £
DU, ARSI TC R ME R ARSI RIR P 27 ST HE 2R rp B
THITHER R — 7, W SIHER P AT RE
RIS ABERIST, AL M F N 1
DU, XS i AT RE SIS AT ANA] . Oy T I
AN SE PRS2 A SO IR BRI BOR . A SIS
AT AR GRS T, HiX®E 7 A

AR REATBCENIIA I SR T w5
— 5T, A P AR SR ] — SR R SE B B 1A
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this paper, we design and implement a defect detection
methodfor deep learning frameworks based on meta operators.
We abstract common computing logic such as forward
computation and gradient computation of operators in different
deep learningframeworks as "meta operator" and bind the
specific implementation of operators without changing the code
of deep learning models. In this way, users can make
fine-grained replacement of operators in DL models. Through
fine-grained operator replacement, not only can the calculation
errors of the deep learningframeworks during the inference
process be found, but also the defect occurred during the
training process can be detected.Also, the localization of these
defects can be verified.



