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Abstract

With the rapid evolution of Large Language Models (LLMs), the continuous expansion of model scale has led to a
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dramatic increase in computational resources and training time costs. Consequently, performance
optimization has become a key means for reducing training costs, where accurate hotspot identification
and performance bottleneck localization serve as essential prerequisites for ensuring optimization
effectiveness. However, modern deep learning frameworks widely employed in large model training are
characterized by complex heterogeneous computing, asynchronous execution, and multi-threaded
collaboration patterns. These complexities render traditional analysis methods based on time
accumulation prone to identifying "false hotspot. " To address these issues, existing tools aim to
effectively identify end-to-end performance bottlenecks by analyzing and constructing the critical path of
program execution. However, in large model training scenarios, these tools typically assume
independence among CPU threads, thus failing to accurately characterize cross-thread dependencies.
This limitation leads to incomplete critical path identification, thereby hindering the accurate localization
of program hotspot. To overcome these challenges, we proposed CTDA-CPA (Cross-Thread Dependency-
Aware Critical Path Analysis). The main innovation lay in the introduction of a cross-thread event
correlation mechanism to effectively model inter-thread dependencies. This mechanism enabled the
construction of a complete cross-thread computation dependency graph and the accurate identification
of the true critical path spanning across multiple CPU threads and GPU CUDA streams. Experimental
results demonstrated that CTDA-CPA overcame the limitations of existing methods in large model
training scenarios. It successfully constructed complete critical paths across typical workloads of varying
scales, accurately locating the data loading bottleneck in ResNet-18 training tasks and the
communication bottleneck in Llama 2 distributed fine-tuning. Optimizations targeting these identified
bottlenecks yielded overall training task performance improvements of 47.06% and 7.21% respectively,

which validates the effectiveness of the proposed method in actual optimization.

Key words
Large Model Training, Critical Path Analysis, Cross-Thread Dependency, Hotspot Identification,
Performance Optimization
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HTA B8R0 U HY e J7 I 2 80 0 3 =
. GPU /i[5 Kernel DAR T2 FE Y
B AG RE S, F L ) S S R AR AT
MGG BORIG A R AT W (i E
EFREE TR ) o X IESE T RAEA S S
AR, HTA FEF I 48 B AR I To ik A
TR LR MY, SEFELELD
FEI AR A BU N . wi e AR T
SRS S IR AR M B A e B R
Ah o X T SR W 2L A5 0 A 25 B T
P, Tk EREC AR SR A

B =
H~F o

PAC

HHE
CPUH )5 478 | /
HTA S 6 12 12 LI 22 1
——————————— (CEEBHEELR |-
GPU CUDA i

[ [ HTA BBl ke R Fr 0 = P HTA S5 1 R R ]
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B4 HAESLEZIR THXREZRIBRETSE

FETX GIL AL 9 fi, CTDA-CPA
Wit T LRI RBAUE, RA T A
BRGE TR BELBENTFERENSE
PR 7 A — A8 S 2 F R I AT, 4%
SRS 1 L2 o (1) 28000 7 B N AR R 2R
R BT = R BT GIL 29 50T 1 52 bR
PATRE, OB T & R 19 95 e W 25 73
BT, BER T 05 P A R A0 i 452 S g B A2 1R
A IE R o

Zre bR T R IR G S W R PO 2R AR K
ZHERE, CTDA-CPA 520 HE i
WRE AT IB 81 CDG, HIR g 7R
FE S (a) iR, EHEET ARRE

GIRH CPUSEM, a5 SR RREEFN
GPU & (AREFTARFEAR P CUDA ) .
TR AR RN R R APk
R e AR, e BT Sk R R AR, A%
7 Sk T 26 7R B PRAT 5 7T 1 IR A A .l T
¥ AR L, CTDA-CPA BB 73
BUEA R 2 i SRR AR OCTE , Mt
SEREPINAT U L o J SRR 1 O B
RPN BEE T R

3.3 XEBRFRMNEE
T 5 I B BAN HL B A A, 3
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) cruspais
[ GPUB i &

e

) crugifsiis
[ GPUB i &

(b) REERBIRZIRBILER

B5 CTDA-CPATTEXIIEEIE 5K EIBRIRD

St % 12 0 F I B K B AR HO R T IR B
ZEERS COREWET ik, BUTAE
BAE H AT IK S BT S B R IE AT . AR IR
W, S RFEEZ TR, AT A
KT IR AR I M 25 3, R T ik 22
SRR E (AT EPATIEZ A K
R SRR 12, AR, 7R KRB 2k 5
AT s, BANEET RIS
I (] h SE PRz AT I R e, bR T
I (B A B 2 e " S AN PRS2 o
G, S B PR A2 B IR 1 A 20 L 22 P B 45 T
OX Y A SEPREE S H], B 4 AN A i
W P RT3 A D S B A2 AR RT KT i O
ZRCPURBSIHENL), ETAERERET
T A A SE BRI IR I R, T 52 A A
T 7 ity 280 Bt BT B ]

WEe6 R, WA, B, DT
CUDA 1k, F & CAF CUDAR 2 k
HHAT ST T TR ABHAIE
TRBMC, BATEZET A DMK, R’
FPRBMHFITHEEK T RC, HET

IR C T A I TA) e e, G S B 45 B[]
ST 5 B (EGRRKEAERERET
RO BRI, 25 8 B T I A e
KT A2 A-B-D ME N FHERIE, R
M, MLBRPATI PRI LA, DK
FEEG I (A SE Br B 52719 5 C S5 SR IR (A, T
ETT S B, WL, EIEMRE KA N IZ 2
A—CoD, X R WIE G i K B 42 SR A [
SE I A7 5 T AT RE & 7 AR AR IR I A5 o
K, CTDA-CPA#EHI T —Hf T
5 SIS () 3 L A I 4 B S BRAR L Lo BT
[ S B B AR A B VE o I AR R P &
FEEA TR, AR I A A &5 SR B (] kAT
WHE, IS G O RO SR I B AR TR
MY AL T CPU s, A7 1% 0 R R K
T GPU T A, fLSR G #EX B GPU 3 /Y
BISK RN, RN A 218 R A% CPU
R A TR I ] 372 LR P AR GPU 9
[ 58 Bl IS TR £ 5 5 o TG R 2 A0t ) 2K 2
W CPU Ui AR BRI BT AN o 101 LT
GPU I b, M BT A Tk A
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CUDA#i1 FTRA T RD
CUDA%i2
Bt 8]
B6 HERKBREETD CUDARIHR FHIBRIRBASIRE!
ﬁiﬁ?—fﬁﬁ”ﬁ I‘Eﬂ : Xﬂ_:.l: GPU ﬁﬁlﬂﬁ?,ﬁ s ET% 19: sync_events < FindSyncEvents(cur -
i LRGN [A] 5 X 5 CPU Hi 3K rent, Lo
. 20: if sync_events # @ and predecessors HF
s — A
B, B H B S — > cudaLaunchKernel 26 GPU ¢ then
ORI VRN A A R ], SR e 21 /7 TR, STHE GPU 3%
6 202 TS () e R ) T KT R N O A B 22: current « predecessors I Al fz
B. SEAEEHIT EREWIER, B B GPUT
23: else
FTUE S A0 A SRS T F A
AL, RS R, Bkl CPU
B T CTDA—CPA &4 #% 4237 21 19 E 41 25: current < predecessors FZE A I A 5
NP R CPU Y A
U .
26: end if

H¥:1 CTDA-CPA B ZR BB B
BN CPUSRTI fURE Nepy, GPU ST RS
Npu» WIS R, CUDAIBFTINGE B,
b P Y
Lo /7 PBR 1 R SR S gt

2: dependency_map <« &

3: for each (source, target) € R do
4:  dependency_mapl|target].append(source)
5: end for
6: // B 2: FEFEIEAREEGT R
7+ last_cpu <« N qpy HFA5 AR (5 GATY £2
8: last_gpu « N gpy, HHEE A AT M 475 55
9: if last_gpu.end_time > last_cpu.end_time then
10:  current < last_gpu
11: else
12:  current « last_cpu
13: end if
14: P e < lcurrent]
15: /7 W 3. AR SC R 1%
16: while dependency_mapl|current] # & do
17:  predecessors < dependency_map|current]

18: if current e Ny, then

BDR25281-12

27: else// currente Ngp,
28: /7 PRI TR B8 E ARI [1)
29: for each predin predecessors do
30: if pred € N then
31: pred.effective_end_time < pred.
end_time
32: else // pred € Ny, OBET LS
33: t_launch < GetKernelLaunchTime
(pred, 14,
34: pred.effective_end_time « t_launch
35: end if
36: end for
37: /1 BEREAS AR (e TR R N —A
38: current < argmax(predecessors, effec -
tive_end)
39:  endif
40: P critica
41: end while
42: return reverse(P,,..) // IR FIIEFHIFAERR /2

~append(current)

% F AR OO R THARBLAE B A T3 T
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F—, X CPU B SK T 5 %045 I (8] 4
Mk (BkE 28-3617) . 7E CDG H1,
GPU ZE T 5 Ngpy B 75— R A B LEANAT Y
CUDA Kernel, HiEG ] H 0 —4
Kernel (LN k) WIHHI AR E . HT
CUDA WS ATALH ,  k, B9 46 I TR
BT CPU 3% 28 — > cudaLaunchKernel
I = A A1 P = S (1 1 e 3
cudaLaunchKernel [J CPU #:/E (5 A
FIa%kE Kernel ky\ ky %) #5 Ny, I9IAT
FAEE S, ANy IR AT HI AT I 5%
o Bk, K CPU BISK™Y SR 20 45 o1
m o X K8 H N # F — 4
cudaLaunchKernel B #0047 I [A], AT
HaZI i CPU #:/E X GPU J5 4% 75 A 1y EL S
299, 5 B 564 CPU Y |45
N TE],  BARANS 5EM SE BE BE A B H AT 25
f, B985 GPUHITESEN CPUH
PER AR R N SRR, 18 S S 2
IR S R ZE . B2, 856 A
() 38 L5 5 (R0 RO T S0 AT 1 i I a6 4
KW (SFLILE 19-26 17 FEE 37-3817) ,
R ORBE A8 A1 22 1> 117 9K - T o 13 o0 S R A2
R IERT R, R TR IE P
HAUENT, R 4529 oM. A5
(b) /R TAECDG ERTiR A H py < Ht g 15
NEE, BARARIRT &R R
HEEEIE

3.4 ETXHEBEMRIIEN

Wl RS, FAFRRREILE
RS . 24 CPU 9 A S Hg 9 GPU Y
A TR k42 B, FF B AT
L A] pT ik DABE S B T . A 3.3 T
i, CPU T YA RS, S ] i L5 — >
cudaLaunchKernel By 047 I [A] i, X
— JE BR AR I T R R B B I 1A

it HT7TERTX—#llg . Lyaa
REZHE R B2 B CPU T AL, T4k
o ZEHES W N GPU 9 5. CPU Y AU
Ty THIRTAT, L& Z AR (A00p A
Op B) LI} cudalLaunchKernel # [, %
P A il &z GPU i Kernel #0047 . B EEAS
CPU 7 M fE R Mg 152 b, (ARAMNT,,
F| 2 — /> cudaLaunchKernel %5 5 i |
T e Z VAV AR 43 BLIE DR T AT IS 1A (
HREE LX), BRIXBERT AR A R AT I
7”0 Tnen B T HIH], CPU AREEIAAT
LM (Op C, Op D&), HEXHHYH
GPU Kernel #fTfEN AIES (EIHK
Rl 26 X1k ) . CTDA-CPA Ky Ab BE 5% 0E
£ W g CPU W & B — 4
cudaLaunchKernel 4 1 25 50 [0 T pen
VERA LRI, FER ARG HITA
BRAATN AR HEA (R Op A
1 Op B), 1K 5 & X3k P A R HE B
NIpLS V=1 s A
ZETRANESZSNE, CTDA-
CPA X T 7 R B3 6 X % 12 b iy S kAT
REGAT: WHAEARETHA, RS
ZH ) SR IN 7] B AR R e i 3 i R FT IV
IR EO RSN R = =k /s NNl [E1 S e 7 e
B 2R A Fe . | 8 DL DeepSpeed fE
&R Llama 2 13B 404 AT 55 ]
J&7R T CTDA-CPA FsEhz 3 Mkt . M
BRI DUAE HE, B R e i K S Fe
A7 e B S, Hda@ 188 o5 ek
(22.8%) , FLAR 2 HE W4 3 vk A0 RE 2 J 7 F
o ZANFIE RN T B AR I 2k
BRI, ETXMEER, FRETUA
BE XL BEAT AL, 51 G {55 A R 40 B
B R A0 E AF 4R Sk > AllReduce " I
. AT BLAS ZESk i iz
S B R RS Sk D HE SR FE
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= = = = = = = = = = === === == = = = = = e e e e - - ——— - -
. ! 7T T T 7 1
CPUT R cudaLaunch v / i
N 1 OpA OpB OpC Op D cudaLaunch . |1
OB AE 1D 1 13 P Kernel : : /| L
F VA SV [ ;A 4 I
et e P e B e et ot o \':l:___—_______"—______—-—5"
' B B i3 [
. T X '
: HRAAT I E] \ : T2 :
. LN Bl 45 o, (HERR 774 .
: GEAR R GET) R CHERRAE :
: o S RS e e e e e e NS e 'i' ~
1 it |
! 1 '
GPUY & : \ Il
\ ﬁf | Kernel A Kernel B KernelC |
CREERRAE 1D ! i ! !
: ! -
' R o i i o i i e !
: : —>
' j P ! I ]
Tslan B s Tcnd
CH ARG D
Z 4= i / —_ =3
7 ETFBRHTHENXARER T REENEREE
(llama2_torch2.4.0) - ctda-cpa python hotspot_analysis.py —-input llama2.parquet --top_functions 10
RFEHITAIKA 4091.97 ms,
LITRERFHITXRERZ LN 10 MAREHS:
name | category | duration | proportion | prop_in_total
necclDevKernel_AllReduce_Sum_bf16_RING_LL(ncclDevComm*, unsigned long, ncclWorkx) | kernel | 933.136ms | 53.u48% | 22.8%
aten::mm | cpu_op | 203.438ms | 11.66% | u.97%
<built-in method run_backward of torch._C._EngineBase object at 0x75f1c7b29790> | python_function | 120.846éms | 6.93% | 2.95%
ncclDevKernel_AllGather_RING_LL(ncclDevComm*, unsigned long, ncclWork*) | kernel | 99.268ms | 5.69% | 2.u3%
aten: :mul | cpu_op | 98.241ms | 5.63% | 2.u%
peft/tuners/lora/bnb.py(439): forward | python_function | 76.099ms | 4.36% | 1.86%
aten: :transpose | cpu_op | 55.129ms | 3.16% | 1.35%
<built-in method to of Tensor object at ©x75f10ab9ea70> | python_function | 54.239ms | 3.11% [R1:33%
aten: :empty | cpu_op | 53.727ms | 3.08% | 1.31%
aten: :empty_strided | cpu_op | 50.777ms | 2.91% | 1.2u%
BRARBMIEMSE N top_cpu_events.json Fl top_gpu_events.ijson 3Z{F,

8 CTDA-CPAX{Llama 2 13B & RUEYSEPRA S DT 5 R

4 SIF(E

AR ZR G 1 LRV 36 E CTDA-
CPA fflbitd: . sedetE A t:, LM
PUAEJE SR TT . 53 BT CTDA-CPA 1
PEBEJT 8, Sk AR b ORI 5 5 s
I RIRR; HYGEE 5 A\ RE IR 3R
(CPCR) #8#R, &R M EAZIRBIM
seiett; RF S HTA I H S2 58 56 iF
PR RER I s eI AL 2
% J& 7~ CTDA-CPA fE 45 S 1t gtk 77 i
WS BRANME . SCIRIZ T 3 T N AL
B, W LS CNN REHE 5 A8 = %

BDR25281-14

R Z RS . NFHRBIEALH NS EL
A DAK B R 2 16 R iy A XA & .
SCEGRE R IAEE B AR Rk, B
AL %5 2 x Intel Xeon Gold 6326 CPU
(2.90 GHz, 16 # ) M 8xNVIDIA
GeForce RTX 3090 GPU (24 GB &%),
4T 16 5k GPU. EAF BT Py Torch
2.4.0, CUDA 12.6., DeepSpeed 0.14.4 F
Megatron-LM 3.0.0%%,

4.1 HEEFFEHS T
411 BEXESERMRL

CTDA-CPA Ay %7 4l 2% £ 58 4 K it
PyTorch Profiler, [ iz 7 i ¥ 45 Bk
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T Profiler MECE . T BERAF A1 AT
44, CTDA-CPA sC3l 7 ik iy £ B He
45 6e . K JISON M X Trace £ #% #r
J Parquet #5=. WMFE 1w, ERAGEH

SCAERANEAD T 90% LA E, [ I H040 i 2
HERTH T 3-71 . XN THERE ST
HI = S E L,

R Trace HUEESERIGIHRENLE

T

JEth Trace#fi  FR4H)S TraceZE k4 jﬁiﬁ
[y

. e g i

pELTNIN - SR i ES "

GPT-2 Large
Llama 2 13B

Llama 2 13Bi% Trace #d##iSMIR T Py thon Il Ak

fER.

17947 MB 291 s

3464 MB 045s 322MB 0.12s 90.70% 3.75

14.15MB 041s 92.12% 7.10

3.11GB 21.19s 214.85MB 5.45s 93.25% 3.89

41.2 CDGHIBELHHME

F2ME3IRRT CTDA-CPA 5
HT A 72 4 AN [ RUASE 1T 25 47 380 i ) 1k BB S
o k2R, Lzt 7 64 sl
st (ARd S ES6), AT =M
Trace BRI RELEH 1 ML, DIHIR
AN T 3 S5 T PR R B LA — B B B
LIRS T = AR (1) R
BNy, A FEfE 48 CNN #i 5 (ResNet—18)

MEZFERAHEFER (Llama 2. GPT-
2. Qwen3), W T NE I F] T K
MR T Z U (2) ZHME. N
ResNet-18 (4 11 M £ %) . GPT-2
Large (#4774 M Z%{) #|Llama 2 7B.
Qwen3 8B, FH#|Llama 2 13B, E#E T M
B2 AT B (L S BT g TR A
XA (3) oA . BRI 5
(S1. S2) 2 8-FRafi=l (S3, S4. S5),
=S RE 16K (S6),

®2 THERESAEMUR)IZRAZA

Tsdw's il EAE/IES sl HEZE BTN
S1 ResNet-18 CIFAR-10 llEZS PyTorch 1 GPU
S2 Llama 2 7B Belle 0.5M G| PyTorch 1 GPU
S3 Qwen3 8B Alpaca i DeepSpeed 8 GPUs
S4 Llama 2 13B Belle 0.5M i DeepSpeed 8 GPUs
S5 GPT-2 Large WikiText—2 W2 Megatron—LM 8 GPUs
S6 Llama 2 13B Belle 0.5M T DeepSpeed 16 GPUs

BDR25281
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&3 CIDA-CPA 5HTAHICDGHIE 5 DT AEEIILL

Trace HTA CTDA-CPA

FHEL TR EL ST TR Pk ST TH]
S1 3802 7 586 7937 0.31s 13 19 0.17 s
S2 453 293 906 564 960 743 35.99 s 76 132 17.72 s
S3 531 542 1 062 988 1 087 331 4545 s 134 236 25.28 s
S4 515405 1 030 680 1 070 893 42.90 s 137 242 24.16 s
S5 95 942 179 942 186 462 6.48 s 3012 6 010 13.84's
S6 516 656 1033182 1 082 461 4345 s 165 296 27.37s

M3 CDG MMM KA, HTA R
FIE B SR W, o Trace HEEANFAH
TS U FoF () O 2 1B I ] s S JSZ 1 CDG
A, RO 0 R SE A FR R K
PALlama 2 7B 8R40 (S2) HEl, 45
AN EIGE 7= 4£ 7 8 i 90 54~ CDG 7
FUFIIE 100 J5 4530, TZE S0 T R HEEE 1%
SITRCE, HEZF, CTDA-CPA @IT
HRRMEEREGIRR, ¥—RAEHX
B AT REAEAR LA SR 1 5 [R] — A&
WA, RERIET CDGHIE ., BIRTH,
CTDA-CPA ¥ ResNet—18 (S1) ¥ &
AU T 292 % (M3 802B&ZE 13); K
WA 75 (S2-S6) HIR S N 52
HrpLlama 2 7B SR (S2) BT %L
P Prm IR 5 964 % (M 453 293 FE % 76) .
T o A R ) R 4 0 e 0 ) % i g A%
GrHTBEE T Al

I A, CTDA-CPA £k
ZHIA =T R I RSB S . T
KIS Rl 75, HTA B4 AT A
WE SRR ARG . B, AT Llama
2 13BNl (S4) B 1AM
BT REMELG, FFE42.90 s A GEFTEH S
Bro 1 CTDA-CPA jll i ¥ & 19 CDG &5
M, BFaNMgEEE24.16 s, BIRY
4%, fEHRZ %75 T, CTDA-CPA
FHEC HTA [ 43 A7 B 8] B3 e 35 (R 6 7F 37%
~51% WYE N . FEEEMZE, f£EGPT-

2 Large fJ Megatron—-LM Y| Z:37 5 (S5H)
i, CTDA-CPA {4t [A] (13.84 s)
KT HTA (6.48 s), H CDG T %L (3
012) &&= THAM KRR &, X EE
78 T Megatron—LM HE 32 52 1 5K i
ARSI T K40k T B R 31E, X
SO SN B F AR R & W B R A
SRR, SEREGHRZE.
TRECERG I, AN T T, R
“antt, CTDA-CPA #i% 7 5t aeis iy
AR SERE S /2, T HTA T it=
5 AU A R ), (L RBIR A i FB 40 i
BERB (FER4.275),
T, 2215 3 & BT
s BT AR JF JA Python i A #1942 & 9
Profiler ft B 3K1F 1) . #5 75 43471 Python 2
FIPEREIRSE, JF 5 Python ¥ R R EE IR,
T UG S AR 1 B G I CDG B 2%
RN G S B A2 IR B I (R 8 — o IR B Y
Tt

4.2 XBHEFTBMEITMG

N T B TP S B B AR R I B R Y 5
P, AR RH /2 55 % (Critical
Path Coverage Ratio, CPCR) f&#x, ¥
How O R g ig iz Era S m 2T
I 1] 5 % P i 3] 3 PRAT IS [T ) BEAEL . 14
FREET I B A B ENS R R A2 L I
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HAEHE” M. fERAREN T, Ko
& A2 S FE I N S [/ TR T IS AT RV (AP
CPCR=1). BEELIRI %5, ZHF
P B B B . Profiler ff B JT 48 & GPU
Kernel J5 g 1EIR & R Z 50, CPCR il H
We/NTF 1o RIEAn L, %45 kR0 AE IR ik 5E
b i 72 ) ) SE SR B ——CPCR T
1, RRE R RS 50 R )
R T S B i G B B AR, TR
H 43 AT 45 R e %

F# 4 R8T CTDA-CPA 5 HTA 4%
SIS 5P CPCR M HE 45 R, Hor <
FEARAT I () R I Gl 1 245 iy ity ) ity

BTG, “RBEECARISA 45 T IR
HY ) S B B AR B T S R AT ISR
6 S1 4 5 F, HTA 5 CTDA-CPA iy
CPCR 43 A2 0.73 #1 0.70, 1 & 9k & &
o X543 WM T EIEZT 5T R
FOR B &5 S8 [ — S el 6 —1%
W RIS e e T ELB A,
WY T B R, B HTA B0 IE A Ak
B, CTDA-CPA f#J CPCR [t HTA B& %,
X FEK N CTDA-CPA SR I H R &%
B AR U S B AR I B TN T — 20k A 44
(BT 4.3 75 ik, 3 4G Ak 3 O 23 52 T
AR GTR SR,

T4  CIDA-CPA 5 HTABYREEIEIRTTERMNILL

e BT A CIDAZCPA

SR ] CPCR SR A CPCR
S1 56.39 ms 41.12 ms 0.73 39.20 ms 0.70
S2 2 962.37 ms 1 870.39 ms 0.63 2 664.20 ms 0.90
S3 3 168.39 ms 2 165.07 ms 0.68 3 063.98 ms 0.97
S4 3 467.62 ms 2 205.46 ms 0.64 3 263.46 ms 0.94
S5 6 377.38 ms 4 568.39 ms 0.72 6 056.68 ms 0.95
S6 4 650.80 ms 2 981.06 ms 0.64 4 54717 ms 0.98

TRV T 5 e RRAR M S2-S6 & &=+,
R TT R 2 R4 W . CTDA-CPA
A 5 B9 CPCR #1355 0.90 DL 1,
B HEG BRI RN A O i R 1R L
ARE TS, XERERESTS1Y
5, AR R g B AT O
5, FHARIATE BRI &I, itz
T, HTARJCPCR{U N 0.6320.72, f£1F
B S A AL B g . DA S6 37 BN B, T i
FI| 3 $h F7 B A R 4 650.80 ms, CTDA-
CPA [ K # % 12 IS (8] 9 4 547.17 ms
(CPCR=0.98), JL-Fsga#, M HTA
LR 2 981.06 ms (CPCR=0.64), XA

NHTA TR ELBENRKBCR, S
R RARAE LA W 2L, TR0 TR
iR eI PR s

4.3 HEMRERIE

R RO A P P R Bl —
PR R, SR RE T TR (I
Linux Perf) BEM% IR0 H BT 5 8w 10
BRACECER R, A R e LA R A A
PR BRI AT T TR b A S prio e
Ml A R E . IEMSIF Fprk, ARICH
RV JRARE I SRR P S 2 S AT N 1]

BDR25281
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{6 B B —— A oL X Se SF A BB s
PR R 7 B TS ] . AR, X AR
RO 25 B A M DA B BRI . AR AR
X, AR A TR SIAE TA
HTA 45 Rkt th . B4R HTA £F £ Ff
W AR R R B AR A R R, (A B
A g s, BRI AA—E
WSEME, A, AT HE—LIUEFRA]
T HARSL R = P AR, RATAE 4.4
TR HET T SL I R A S E S I S
B B9 1 BB O P R0 SR IE B AR 5T 0 1
A

FRAMIAF ResNet—18 |24z 5 (HTA M
—RRIERMIALBE 75 ) O LG T B R vk
FOFR IR 25 R, SeaG st R, CTDA-
CPA 5 HTAFER RN BR8] 7 E—
. WIR T IR ET 20 B R SE A A
Fl, BAERTA R ESE4MEET s
L JE & 5 94.37%, &7 HMR 3t 4 —
Bk,

A 2 7 E BT CTDA-
CPA /1 CDG 5 SN A 3R A A BT SR 1
R REATI A . BRI, X 22 X S B B Y
SN A, B, TEMRRRICIL L,
H e H B A K Top—-3 8¢ Top—5 B F T
PR, XERGEHTHRATRELS E K,
L 7 B AN 2 TR /IN AR 5 1O 2 T B
Bk, STHARENSEM, EEE—
SE T AL, ARSI sk, &
R X B8 A B e A RE A 5 Rl AR
AR,

4.4 THREHIHR

4.4.1 ResNet-18 ¥ i1k

TF ResNet—18 Rl 27 5e v, FRAT
{fi [ CTDA-CPA &N 5] F K s A7 T 4L
Wifn# (Data Loading) FrEtf Pillow

) & 1% resize J7 ¥ ( <built—in method
resize...>), 1% R EUIE R Y Ui B Sty $R AT I
) e 5 HE A 21.75%, I8 Hoph T
o @ EANSI LR, ZMIET
DataLoader fE&/NI 2525 Hh &S < 5l A&t
JE A B G BEA T ROT PR B, AN | A /N B
N B G— 45 F] 224 x 224 kR R T,
T KR IR PR

BT atrdi &, ATt T &
oAby 28 K R R T e IR 2 Ak e
NE LA, Y 2T AT #E A E s
SRR T — IR, KT A R TS T 2
BRSO T BOR £ it
BT, A FIH 2 CPU B, 1
AT T AL BERGEE ,  [A] B 7R TAL 2R B B 5
B MG B 5K B 1 # e, IFLL Py Torch JiAE
Mk A A, D T I 2RI B e
E/SIR

o5 Pt pe i FH 2% . B2 epoch
I ZR Rt RN 75 s BE 2 51 s, SR T
47.06% . I I EL P 0 H AN 8T,
resize FEAELERE ity B i FR AT B E] A A o
PEBEE R0, EAWMME, BT
CTDA-CPA 7£ CDG # &t iy BE (R B I % &
7 Python ERER I E FME R, A BRI Z
resize B/E IR BN H BERGT, HILZT,
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