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Figure 1: An overview of our approach.
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Line System calls

ox7fffd6d52180 /* 25 vars */) = @

\x9d\xcb\x8f", 16, @) = 16

100 exit_group(@) = ?

101  +++ exited with 0 +++

20 openat(AT_FDCWD, "/dev/urandom", O_RDONLY) = 4

10 execve("/usr/bin/python3"”, ["python3", "mnist_lenet_5.py"],

51 getrandom("\xfb\xc3\x44\xe2\x06\x65\x95\x70\xca\x48\x4b\xd3\x65

(a). The sample outputs of strace.

ncalls Filename:1lineno(function)

3 nn_ops.py:2876 (tf.nn.softmax)
101 base_layer.py:742 (weights)
2 nn_ops.py:2627 (tf.nn.bias_add)

(b). The sample outputs of cProfile.

bias_addix, FENHaDNHBEEF|I TR
WHEHEDIEE N KHET atomicAdd() D
CUDAZREAFABELTWS




Phased : 7v 75—}

EIKAHOSH — XLV LD Y X FDEFH
TR LEEBALTEBEEOSH—FIILHEUELD Y X M
2 TCEIRT 5

(#5) : read/dev/urandom, getrandom

ZURXLEICEDD A7 7 UMEURH LICEY R
/Ny T @A
(%)) : bias_add#% patch bias addicE =#:2 %



Phaseb : idf ¢ B &%

Recording Replaying
Training process Training process
A
+ APT hook APT hook
Output ’ Read l T
Dynamic library » Random Profile | .| Dynamic library
y Return
y
System library System library

- Figure 3: Our record-and-replay technique.

A0 BX
WRETIVFEHRIC, VX LEICEDLZ0SH—FVFOEL I &
ICRVEZ [ZXL7Aa77410] ITRTF

B

[ ZYELTRT7 FAN] ICBINESNT T Y X LMEREE> THR
ETILVEFETD



ERETIVEZDEE—E

xR
SEATHFR135, 38,49, 51,52, 56) & [E) % (CERMLIBICEI S 26D DAKA

JR—\)

F—=7r—ADLET IV
. e . _ N Table 2: The information of all the experiment setups. R&R
Huawei ’J](j: D 3 )EH VAT LETILX represents Record-and-Replay.

Table 1: The DL models used in our case study. ID  Hardware Software Seed R&R Patch
c1 ] _ ]
C2 TF1.14 Yes - -

Models | Datasets | # of Labels | Setup ‘ Task C3 - Yes -

CPU

c4 - - -

LeNet-1 [47] C5 TF2.1 Yes - -
LeNet-4 [47] MNIST [9] 10 Co T Yes ]
LeNet-5 [47] All G1 - - -

ResNet-38 [39] Classification G2 Yes - -

ResNet-56 [39] | CEAR-10[3] L G3 TFL14 - © Yes

WRN-28-10 [69] | CIFAR-100 [3] 100 G1-G10 G4 Yes - Yes

G5 - Yo Y
ModelX Dataset X - G1-G5 Regression Gé GPU - f’s ?s

G7 Yes - -

G8 TF2.1 - - Yes
G9 Yes - Yes
G10 - Yes Yes
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Table 3: Comparing the time and storage overhead. Time(O)
+ o D represents the average training time (in hours) for original
HT-" Fﬁﬂ E,‘J j_ /N N l~ setup, and Time(R) represents the average training time (in
R S IO . hours) for the setup using our approach (Time(R)). The time
?/‘\E;Fq i }f D jj_ DFEH HTJ“ FEﬁ A\ is italicized if p-value is <0.001 and the effect size is large
with (*). RP represents for Random Profile.
RLBL-o2TW5

Model Time(O)/Time(R) Model Size RP Size

- LeNet-1 0.017/0.023 (*) 35 KB 13 KB
:}-LJ —_ N

=G1.&63,-63.&£GDRET LeNet-4 0.019/0.027 (*) 224 KB 13 KB
" LeNet-5 0.021/0.028 (*) 267 KB 13 KB
AR BIEZ LT 2 &, ResNet-38  1.243/1.561 (*) 4.8 MB 13 KB
= Q N 7 07 74D ResNet-56 1.752/2.179 (*) 7.6 MB 13 KB
WRN-28-10  7.08/14.979 (*) 279 MB 13 KB

IE % Tﬁ%i%f@b\}ﬁ ModelX - 675 KB 38 KB
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