ORI 2026 4F 5536 4 55 4 11.331 -339

doi;10.3772/j. issn. 1002 - 0470.2026. 04. 001

HEIE B B 29 RV S M L BT AL

FERD £ K %

%O RER

FEF AEFHE

(YERFRITERAFRIHEHERFERAETALEE b3 100190)
(FEARFKAE 4L 100049)

i =

BT ENE P EARERAMBRE F R R, KEHDAW

WA R A G B U ARG, B BT B T L A AR, TR DA TG A IE A ] Y
B, ST, gt g G 432 ot 6] 3 &ope xE R, 16 57 2 38 € B 09 7 S5 R f R E B D3R
B 1] O 29 KB BL R 3, T MRS B AL, 4R ) — B BT AR 69 3 3 Bt R A SR B S5 A L
4% 77 3 (inference time constrained pruning, ITCP) , ¥ DL B 3 1% & SZ 31 7 55 48 32 fm i ol o
B R e R /NOCE RS E Sk, ITCP 8 Je ¥ H 3 B [0 49 RO 3] B 4 A ) — AN 4
AR E R, B e AR R AR A A, R AR AR, RE RS AR LR KA, K
A, T0 A 2 VAR AR A R B AT R B AR E TR ALy 4R FE BT B, & CIFAR 10 ,CIFAR 100
#1 ImageNet % & b 09 37 & 5236k W1 ITCP 72 0R IE v AT 2 T, A8 bb 3t 4 57 A% sk g 5L 3

T E R,

ekl WA EAES,; WRREA,; HEAK

T BT S TSR 5 S T PR BE i 2 1)
SERARI DT TR BE P 28 I 245 F 45 T LA R AR )
TR A, LR K & LisfT, £&
M IEZRHE AR AR By A e ER 2R R RS
Brarfit ), A B R Bk UE I e 2 9 2% 46
TR AR 7 AT LA 45 /N R ] B A 1
HERAYE . ASIRI A B A 5 1 R BAT 43 oy 2 B B A
P 1 (1 A 254 Ak 35 A RN B A7 25 48 Y 2544
ABYARL RS Al B ™ Az s i i AN R R R, JTAR
T T4 R R ok SE Bz e, M2 T, 25
PR BRI B3 T A~ S5 44 A 4l 4, £97) 2 1 3 1
IR A, BETEA I RE A ARAT e , B2 1y 52
B

REBEIRTT oA AL 35 235 5 R 5,
FFARAETF 538 B (floating point operations , FLOP)
R/ | I B TR Y (ST [, SR, A

B B R 4 B (] O N 2 R X N 18 B
75% WKL E B FLOP 3870 75% AN RE R 4 451y
IR LR AR 2 A A, WA B BT E LAY
Y BRI DA B R A T TR s A s H, dn
SRS [ TG 1 T A R DO A AN () 7 7
JEE AR B R AR B EA B bR 0 L
TR, I, — AT S BR AT 55 2 7E S T RE DR
HEREAUR BTG BT, 6 DY AR 1 3 o 14 fin s L
AN 2 TR (A B

J T RIS BRAR, AR SCHR T — R A
P[] 24 o1 25 4 Ak BT A 7575 (inference time con-
strained pruning, ITCP) , 45 HEH 5| S RRE 4 I 75
KT L ITCP H shifi & 1M % 2 e 2 02
B, AE ST N LU A T T de KB B b/
RIPERER G . ITCP K EAA I B Ar (4 25 74 £k 55 kL
AR R S AT I (RIS S X SR O 2 B 24

O T HRARHTRI(2023A1111120017) ,J6 5t AT RHE BRI (2211100002121141 ) F1E i B AR JCKY2022130C039 ) %I H
@ ¥ ,1997 4EA P A BFSE 07 1) A 4 2L, BRI ; E-mail ; lichenhao0114@ 163. com,

@ HfEEH ,E-mail: giugiang@ ict. ac. cn,
(Wicki H 11,2025 - 03 - 14)

— 331 —



EHAREIN 2026 4E4 H 4536 5 4

WARAR IR, I oK fif i m) L T T s A LRI K A
AR AT 2 ASB

AR SCHG B AL ) RN - 5 5 A B A (] B
BRI PR 0 B, o T X A R L) T Ak
BT SRS . AR SRR S A S (7] Oy
2 2 BRI ) 22 F0 B BE 4 B 45 )2 A5 4 M
INEA I A B AR B i )R] DL
BNARAR A, Horh PERE 2 BCR AR 5 — ki
B R & AR i A

R T A B R 2 AN R RS R R T B T
BFIE], A7 7 R PRI 5 =2 1 B g A 0 22 28
BYFAS IR B, 76 68 2F L P AT IF 0 SR H S [A]
RIS AT AT A SO BRI (], (H 75 2 A AR
B I St R, O LT 00 A5 78 45 g i Al 1 0 5
BERLYOREE RN RS, AR SO T — M ERE A
R AR AL 2 B SR (AR ) R/ DN ) FIBE 14
B (g4 48R ) SRAf AT [A]

T VARG AR SCEE R B R SRR R RO T
CIFAR 10 ,CIFAR 100 F ImageNet 50354 |- #4752
By, 45 9 R AR SCHR Y TTCP 75 46 B AR 7E0 4 1
23R R AU O AT B B R RS, X T4
8 T L, A S B AR B8 0 A AN [ 50 B AN [ A
R ESOETRAE T, A SO EZETTIRAN T

(1) B& T HEHRET (] 2 o A BT R 1k
R 5 Al A A 405 5 i B [ PR, e R AR P BE 43
B RAR IR, 52 B 5T 345 5 I iy B

(2) W R BLAL T2 17 B[], 9 FH 3h A M
S GERSR AR A) 20 3R 1) B A [ 8,

(3) AT T VR S50 A4 T, 7 22 S B A A
Bl g B IUS L RRUE T AP I PR IE R T A S
BT TR A R

1 MXITE

SR i 2 [ JB5T 5 A5 R B RS S Y A, I F A
IR T 5 7R ST A SR I B A T IR 2 TR Y BT A
Ik,

1.1 BB
R TSN B 190 26 AN R B s TR IS HOkR
— 332 —

FE4i R AR A HAERE . A — PR
T Y BYAS 7 2 et FH AR 1) 246 % (/MR R IR e =X
B IR L XHE N AL R BT T4
PR T 5 AP I 1 3k A R R D e R
Jo JRELHE W T & M B DAL O ik, AN, SC
BR[7 1 RSB B ) 4 X0 (B Al i SRR Bk,
HR[ 8 ] SR FHARAAE 181 A Bk, DA AR B e Ak P A0 5 B 1
BB SCER9 T I — 16 2 RO 97 i PR 5~ £
HE T, HAD O AL A LR 5 AR
P B R R A ZE B RO 5
FAENBIR L T 2R, R Ve e 35 kL
JE IR RIS ) ST Bl A B 1 28, St T B A AR
fezslal, SCHR[ 16 ] 78I Zhoid A8 v 8 s 8 175 5 1
Wk, 5> ZBOE L T 0, 85 T2 5T,
DL /DR DR BE 41K

H1 T2 M AL B AR 2 3 AR L 45 1) A 48 i, R
R AL PR R A BIF ST S BN B BT T —
JE 1 Y 3 T R SN R S A2 e AR, 2T
VEGE 230 U BT S A 25 A R R A 2 2 (1)
HRRT ATE AR GE R AT B, SR Y i
PR ZMMOC R Y B s A L, LU R AT A
LS R BT AL [P, SCHERL 18 ] 1A T 4k T fil & 1
WA, I MO A OC 2 AU AL FR R R & . S
BR[ 19 138 T —FhHCHE J5 3%, LU i 77 U4 3k
JERBRAMERBOC R, SR, ER TR AR E A %
[VERS BT I1) g A 8 PR BR A A T A
1.2 HFELRAREIETH

ARG LI AS AT LA v 4 P R (R 2 T
VEAU O3 B AP I 5038 BB (floating point opera-
tions per second, FLOPS) iy /b , #3381 ) i i
o, AR B, FLOPS $8HRA A B P e SEbrife
HRPE AR RNV ihn, 3 x 3 B
TR R 1 x 1 BRE 9 £, HHERE R Z1/N T 9
i, —SEWFIE I T BRI R AR B AL, 2R
N E B4 T ( constraint-aware importance estima-
tion, CATE ) "3 12 75 J& I 5 4 F 224> B R 240 SR Y
TTRRR AR ML JE P AR EA T HE 4 . 5 BT A (knap-
sack pruning,KP) AR AL BT R A EE R 0/1
[ RL SR AR B A TE B — 20 R RS FR IR, A 3h



2SR ST A HRIN ) 29 R S5 AR 1 BT AL

VC LA AY H 4 (automated machine learning for model
compression , AMC ) ) {fi FH B v 5 A i A 1 S0 A% B
FeIlgram A2 2B, LA 2 2 4504 A fsg B s
REFERA I BT A 2 T — ik 1 A B B 1 5
RO, MR 2 A REFE EAT BT AS, 4 BB Y B
R PG TR R AR BRI 2R R T
DU LA Tk B sl 2 B BUZ IR B B0k
e

AR A IR Y SR N S M i R H AR (H
HARRZ MR 7 AR S5 SR
TCRMFERR o A SCHY BRI LS BRAE 4 F) i PR
[F) S ST, 7 A A 2L 18] A4 BIR i) T 3- e 0 3 A
BB SR . TEIZLIRAAG IR b A [ i 7 T 9
TNHUR AR L Y ol P eSS SR k0 S R e

SRS A DG A 2 2 A48 R M g
i (sparsity profiles via dynamic programming search ,
SPDY) ', SPDY MARZEMAL B A5 T Bl 52
PP N H bR Y 2 2 H i B i 5% W) /v
FEREMR . Bl TE S br R GE L Is AT A R i it B Y
JZE SR T £ A NS 18] R 22 BHE | 9K I SR Ak o3 J2 1% 22
LT WERIL T Z R EE . SR, O T 3R ER AY
OYERVRZE T IE R B AR K AR [R5 A [R)
BB JZ  IF HARZE AL A6 BT A T ey B s s
PER S, DR L RE LU A% BB AR R BT 8 45

2 7

AR ZAA SO S A B i) 2 SR S5 4 1E B
B BRI EEOZAT 5, AR5 AR SR
B R E B R TR , T T A0 A T 100 4
L i) 4 R A s SRR R A R
2.1 [EEEE

25 s BRI GA LG H AR AT 55 TR0 N B3 e
L (1) IS RS 2 AT d5 22 M 2L RO U, AR
SC A B A R T SR HE S (R T A [ B R AR
RS RE T B d /N AL o E R HERE [B] 7l AR
RUGZATIAE] T, . EARIIEE b Z At 1 5 B () 9

TSN, T = - T, Mot T, SRR
FLEGHH LI BN, Db T M) AL,

RT —SEi L, 5, M 2% n] LLHT s R
AR R, I e] Lo i R 5 418 5
T B0 PR [RD R A AL B A BRI 8] Py AR AR S
FHMERLN AT REPA TR RS X E T BEA IR 22 (HX i
R MREFRAG T, X TR BE B A, AR 3C
FAFIE BIRR 15 S U 2k 0 B2, A 1 5
B BB BT B % UL {E 26 0L 42 R BT R D7
LT A SR B PR AR R A A T kA T
PR, O B A M i e O AL, L P A TR AL Y
R B R, TR B i e i AN SO
AT AR [ A FH B A I B4 3 A AN o i o SR ke
MR, A, AR BT R B i L AR S S
JE BT , AT LUERE LR e il

L

L
max VZijl s. t. Zt;’ <T (1)
=

s LA SUREL, s, R LR RERE , i
TR L BERMEBLEE s, FIEZMEL, o XN
A5 L ZHESRET ], Y B Ty 1k [ i, X T HA
FHIRIAR B EE 1) [F) — 2, ) A 1T R A [R] (5 7
R i A e ) | DR B R (] A $E
R[], AT LLOHE [ R TRT A Ay o S 2 ) s B TG
2.2 EIfEIEZE

FESSFAL BT R T | 45 )2 0 7 B 2 C B AN B A ST
MR, THIBRRIMHG R, MAEMKEAE
AN TS, SEUZR G TE— ', 75 Z R e 57
DI R BT A SR B IE R M . A SCRI AR ) 2
BALZFEAESEOTE A LR EMEER P
LB IT B ST F = {f, fo,, fil,
HAH A S f, B SEAL)ZE (N ERZE 2 E %
J2) SAES AL EAE Cnak BRI ik EEDEHE) o R
B Y2 FLAT AR ] A0 8 B8 I, SR e o R v o H
MR )2 BEAh, T AR e S H0b 2 1 i A R
AL T RE A R FI R BT RO 58, T HE W A L A H AL
L FAL AT DL — 2B AR f; RS, f FoRTHRY
BN, fF Rt s im0, FW— 2 A A
AT 2 s R

DURHESR B SR R S BRI R & R 4l
BEAILERG RRG OC R ] 43y e AR i i 4 &
ST SRR OC R AT S SN AR M S B0

— 333 —



EHAREIN 2026 4E4 H 4536 5 4

TR RO ZR . 19 R AR OC % ph i 22 2% F 4
FNEEA P | T LA SE 1 B B AT I Y B A R i AR
AR, 1 RINAOEUC R AR T4 W TS AR
WL I — A2 BN RO sRESE E i g
BALPAT R A b T A T RE Y B A, T A T
T AR OC F ) 23 AN [ B B A 2 [R]— 2 A
2 J2 BB 4B R A — 2L

T 1 VEANA TR S A AR R
R o TS DTS A AR R A MR R
SRJE s OB s 1 5 B A Se 48 &K (breadth
first search , BFS) FRHRUAL 5 3% 17 550 1 A B R 41, IF:
B EYE,

Bk B AU
B PR A F
Hith. AAAIE G
WA ILABIE GGl21][20]) K0, B ST v = ||
fori = 1toLdo
if f, JEHA R N RR IR T
COlfT L) =Colff 1] =1
forj = 1toLdo
iR S R
COLLIf ] = Colp L) =1

done
done
fori = 1toLdo
if ff eV
g =1
FERE RS R ¢ = BFS(CG, g)
o0l g BB r 5 6 h

done

2.3 FHEBMKIKEE

RIS BT R i o dl ), (1) R e R
SR R R — )2 LR G L
SR, 2 (1) o SCRY 20 AR Ak T B2 NP ERY, &5
BERERUIT AR A 254 Ak 39 A S BN B
JEESHOR , P LIOREHE R (] B Ak, OfagE— 2B XA
G RS [ 434 492 ) R T LA e 1sf 1) 1 FH 3
RN A B HK A

FHI(1, ) FRENE |2 H LTI ¢ 15, T3R5
18 e e MRS A3 o OB YA 1 2B 5T 3

— 334 —

Mg EE s B9F343 o), I BRT 1 - 1 JE 3R A e KA
ORIBHERTR], R, SOB AT ¢ 2 1R B I
] ¢y, WIASEIRT 1 - 1 JZs i) PRt n] LK fa) st
LTI

I(1,t) =masxl(l—1,t—t;) + 1, (2)
max i, Ji <t

I(1,0) = ¢°=° (3)
0 HiAts

A FH 2B ) B RS B 1) = AR I B A
TR SR At o DI A 328 1 X v 1) e LT B3k 17 % s i
FE RS, AR R S8 O(L -1 T1 -1 S1),
2SN O(L -1 T ), B80T R E Y
FEAR A9 20452 I S A B, T AR AR R
SR % BARRR A 2 R,

ik 2, shASHLRR R
A I T
i Y < )2 L B A
WAL S ASFRIEEN dp[ L[ T] FRHESE p[L][T] MO
fors € Sdo
iftdp[L][6;] >4
BLTE] = &, pL1[4] = s

done
forl =2t L do
fors € Sdo
fort = t; to T do
ifdpll-1][t-1] +1) >dp[l][t]
L) = dpll = 11[e =] + 35, plL1[e] = s
done
done
done
%m%ﬁﬁﬁﬁ@%ﬁ@t=a%wmbuﬂﬂ
forl =2t L do
BREVEEWHIRIE s, =5 = p[1][t]
t=1t-1

done

XETEEMER TR, th TR R E A8
4, HAZE R T, 7T AFE— 20 Al T 00 1
WIEE N, SR, BUA SRR A E 2R
J7ik EEFATAGTHAAZ Aol A 2 AR
FeAliTT A2 01 1 A SRS R AR A
S LA R 2H 0 i) T R A, SOl P 1 B



2SR ST A HRIN ) 29 R S5 AR 1 BT AL

F 1, WA T A AL AR
LM L PR i RO 2 T S0 b
g W W Wy W, 25 g P § AR
TR, | o | FoRAL RO A S — LA
RO 2 kT 450 5 B 2 0 T 5
VT EATRRHONE s (02, FCB B A4 50
w2
Wi )
S I(W) 5 i — o BRI 4 T 4 4
W R R R R A A R TS W
BRI, | - |12 265 2 SR T 7, 4
BB KRBT P — 2 F A
o3 & ML

1

(W) =

O =y 2 ) (5)
bR, B AT SRR A3, DA
R T BE SRR AL

2.4 HEIE B E T

CA R A IE AR BN 145 2 AE bR
PESRPREE b (IS AT I (], 4 5B 47 I [R) 38 LS — A~
i B T A R A B RS DA S E AR, X R AN
T FH A AT TRRAAE 4 | S TR 45 g sl e 1 5 2 R
Gt 8, v MR, HeAh X T AL BT A
PN BRI DAL B R BN Z R i g S
TSR SR, AR SO M RERTY Sl AR IS
H bR A5 2 DL S At A BN B S BT HZE Y
AT ]
2.4.1 PB4

ARSCH 2 BT T EI U RHE TE A
¥ MITFRIZ AL TR A R JT S AR DG Y
W ELHEAT PO, TR A% o3 g 5 250 A 5
B, THHEEEE X iR R DU R, AL
FLOP - Byte ', i85 I Y FLOP SEit, i Vi £
AR AR i AR R R A R A N AT
MR T B/ N TR TR B (A T
GO, KT A TSR at, AR
A AR B S B0 A B L4 AR E 1] Y
TEAR it RRAE I AR | A AS R 2R R TR AR A A%
R (BRI LR A 25 I
AR B2 10 ) by e {77 ST T B B DA (Y A 30

A SOANZE R T8 53 F RS A R 17 50, PR Dy skt B
i ZEE H] H IC 4 B ASC I A A3 o H R I F
MR B, A 3G A AR B RIS | 8
AT ST B TR AL T
2.4.2  NAXPRAT IS ] S0

BB AL B 2% ( graphics processing unit, GPU) H
MR H L LAY, H— KA L T AT 2
A HR RERYGE B, 55T —1 GPU i
AL AL PER (stream multiprocessors , SM ) B %5 & 5% 3
R, MBI I B 2,
BERERTRITE, BB E B, i
FSHOTEAR R 1404 R A R E R
HEE TE AR ARG S BR T R — UG
A AR BRAT IS TA] RS2 AH [F] 1Y

XSRS, th I, Byt
SIS [R] LA AR [R] I I 3 A7 I ] 5 32 A B T
P BRAESCR 3G I, PRAT I E) 23 52 B A =S T,
W SEBRIFIRFE A 0 Ak B T RE 0 115845 2 At
Al ST

- (6)

total —‘ (7 )

A o BB T, n RIEAREL, F,, 2RUEA
TR R, F, RIEETH IR ATk [ 15R
ZNLEEC

A SR , th T U5 A R AT AL
(4, BRUE AR AT IS 18] 5 D57 4 B R i EE
B SEBRUTAR 2 A i PR I D A4 & A ik
AGTE, WA Ty

;= total . num 8
Bma DmaY ( )

K, D, AHUGER I VIFEHE 280, D, e (E

Vit kit
FRAK DTS BAREUE 5 A S B N A%
BIAA K, BE B, SIHHHEAESR G855
77 A, Lh3d O 4 3f€ ( general matrix multipli-
cation, GEMM ) Ay {51, % 4 36 1 B 43~ Sy /)N R P ofe
BAASH AT RE A K /N A {(32,32), (64,128), (128,
128) |, Wl i A% 2 B A 0 e A B AR i S 3
— 335 —



EHAREIN 2026 4E4 H 4536 5 4

SRIGHH A B B0 X T BB T34 4
BOF,., Wt sr fr s b g SR
g SRE S B, MG E], D, TR
(77 T B 5 A% I A LA 8 SR
RUE L,

FERMR (1) B, BRI RS S T
[vi) — 2%, (ELERA T s TR 95 LA A 1 A 75 22 f e o
FTT0I 7 2 AR 400 A 32 0 o B 19 )23 1 2 08
AR 8 A L3R A 20 A 7 05 8] 5 SR SRt ey 11
SR )BT R,
2.5 HEMNEARMOEREE

95 7 WO SRR TR Ehy sk b v AS B0 AR
0] T VR4 A A5 SCHRE S 1 B A 0 0 4 B T[] 24
R DA [P BE 1T A Ay 45 J2 A g B T [ &, O FH 30
BHRIKAFE . X TR — A F Bk e &, B0 2
st ] [ e A2 2 A Y, RO I )
PERFY . SRJE SRS I 1) B30 A e S O R A% 3k 2
BNARAR AR SR EA H R HESL AT ] 7 Al
KRYEREAR /3 (0 3 M B L S . oo AR A i i
e E& AT B AR, I R A i Y /N L T 3 o
VIR NGB . BIRAS SCR AR 1y F e
SRR ZRESR N LU G P R B A B,
FHEREAALGE FH A 18 GPU 32817 At (] 5130
PR HATOGE T GPU, BEAh, #5575 ok 2 i)
VF1] A5 5 AN B FH B ASE J 3k T ik i), 905 P
] H bt 1)
.
v T\

T3 JZIEATIN 8] 73 A T ETEZE

IS 1A]
s

B 1 ITCP &Ei%iiiEE

— 336 —

PG FE A RSO0, MO [8 5 I ) 7 e
R A PR

3 LA

AN AERR LR E T T — R 5%
R 95 UE T B 7k A R
3.1 XWigE
3.1.1 BRI LS

£ 3 AR M £ s 4 CIFAR-10, CIFAR-100
Fl ImageNet 147 1) {Z 55, CIFAR $85 50k
I FH T 55 UE 5 BE L A A, ImageNet 2 —
AT R IEI G 5 . X5 T CIFAR B4, A
S MR ISR AL, )i ) BRI E 0. 1, 7
55 50 MIEARFE YRS 75 A ARE I/ 10 £, 8
IYIZk 100 MUK, XF T ImageNet £ , i I
JE2E S HESRL PyTorch™ B 5 M FUUI SR A5 AL, By AL
Ji , BT A BRI R 42 IR 55 011 2 o B S L B R e ik A7
T . X T BT S B, B O R A S KN
128 (53 VT HL ) |, B 0 e B [ 4R A KN
1 x 10" ([a1F& K B RIBR 2L 10%) o
3.1.2 RLHk

AR5 25 BRI 04 45 48 A A& 55 O 75 AT L
B, LAVEAS st RER A At . RSk U K 5 L)
AT AL

(1) 3838 59 4% ( channel pruning,CP) ™' J&2—4%
B SR % SR AR Y RO NP AL BB
VE R BIRAT 55 1 — A R B2k

(2) AMC " ] I 58 b 2 2] 568 B R s o) E 47 =
RORHE, A Zh b FHRBTE T &

(3) Greg""* B A I 2R B A, 7311 25 v 728 4
PAE BT SRR B AEST R BE 0 A Wk T 0,

(4) I'T45E 41 7 19— 1k ( gate baich normalization,
GBN) "7 iy 4 3fe L3 T8 45 ik P F 3R A7 AR e, 4
TR N T B 0 AR 2, IR %A
THE A T2 mukik a2

(5) DepGraph"™ BE31 T —Fl K, LA LAY
J5 A PRIZ A OC R, F 2t T —Fh 44
B A 5 1 R VR B A T A BE LR



2SR ST A HRIN ) 29 R S5 AR 1 BT AL

(6)ResRep ™ SR H T —Fh &5 ¥4 52 504k 5 %
PN D REL R | 7 4 B 2 80 A R AR R
M EET 8 35 5 S 405 IF R A BN B Y 46
ek
3.2 ZWERSW

WEIEAEHT TAE R H R &, 3R 1 M3 2 4004
45 T #E CIFAR 10 | ResNet 56 £ %I fil CIFAR 100
F VGG 19 BRI Y AL IR . SCI AL ARSI Y
PLRIFELE T AE 2.0 F1 2.5 Ik b R BTRL 5 A R Y
WERR . TETK Tesla V100 | 3R f# ResNet 56 %1
KATZE 18 min, K VGG 19 FERI K LT E 3 min,
NEETETT DU B A PR T 2%, AR SCHR Ay 4 B
[F1] 24 B ) 25 AR AL BT AT LA S RE I B R 45 B 1
UERRR , AT CP BY A5 v, AR SCR AT T A [H]

T BT AN [ 0% 7 it B o 5 e A BT RG AR DA
KB ERME, ASCHR A )7 R — UK A R AT
FEHAA R B bR ke,

%3 TEH & A n9 KA AR 5 ImageNet |
— VA SO 7k . I BEE S EUIZRRIRARLTTR
SR HBCE T EARR I e, SR BN A
SCHR B TR AEAN R 2248 LA KA [ RAR A A5 Y | 3
SEPL T SR S R R A AU, R T AR ST
PRI P AT AT e A X6 T Sy v 0 4
PR T 42 LAY MobileNetV2 | A4S SCHE H 1) 55 4 55
LIS B S A BB OL e, M R0 K LU R i A SR 2
TIHE/N2.09% | JE7R 1 7E By AN 2% Fe e B[] R i
Y H

LSS bR, R 7E 2 B -4 T B3 ImagcNet ER LHRIERANL %
IS PG A 1 DR, 5 % th TR PE b R TR RORES
. ‘ AN cp 73.50 63
GIGITHE, MR RGBT} AT ResNes0 (0 o -
{6 D KT Rl 4K S (0 DT e, BRI B 45 2 1(756';[15;0;5 DepGraph ~ 74.59 54

. pUis
Ko ATCEE ) 5 M BR AR I A A T 8 A O ITCP 75.84 46
AR, TR R E (L AN B O 65.20 s
(71.87% GReg 66.87 55
BT%) e Graph 67.16 55
#1 CIFAR 10 b ResNet 56(93.80% ) SR & RXfbtt % LS gL 69,25 29
J7 i 2.0 L FHERER 2.5 I R R SR VIT-B/16 cp 77.34 44
cp 91.75 90.24 (811 '0767 ) ORe 79.18 43
AMC 91.90 91.03 o 'm] : %Ott DepGraph 79. 46 41
GReg 92.36 91.89 R ITCP 80.77 40
GBN 92.17 90.77
DepGraph 92.86 92.26 3.3 MEEERERIAE
ResRep 92.71 92.18 . . ‘ L
ITCP 93.72 03. 58 FEASSCHE A 4 R BT [H) 29 5 A9 25 40 Ak B A v

%2 CIFAR 100 t VGG 19(73.67% ) Bit ZERXttk %

RS 2.0 I HERFE 2.5 Ind LT R
cp 71.65 71.10
AMC 72.23 71.97
GReg 73.15 73.01
GBN 72.59 72.27
DepGraph 73.34 72.89
ResRep 73.18 73.04
ITCP 73.60 73.54

K FHPERER AL THHE BRI ] | AN 2 SEPris 1715 3]
ARSI AR, P LT S0P P BEASE A ) o 1 o
DLRO B R SR A 52, SIS XT T AE 5K Tesla
V100 ith B I, Ph 256 B9t BEA/INEERE 50 000 5K 4]
JgEstTa], MK 2 H AT LI #], ResNet 50 1 VGG 19
F4) 4 L o ] T30 P R AR R 22 7E 6. 00% LAY, 2 LAF
ARSI 5t B A4 J2 76 AN (R 0 BT ) 4 LR (]
MobileNetV2 F4F B A ] 152 22 i K, W] R 23 5% i 59 A%
ATERE

— 337 —



EHORIEIN 2026 4E4 4536 % 54 W

I i M
N i P

1A /s

B\

MobileNetV2

ResNet50

VGG19
B

B2 #EFETUNESUEETTT

R T ERHZ IR 22X B L 2R, 7ECIFAR 10
RIS T 35 F0000 Bk (] ) B A 55 581 S Bl £ psf
[ P BYAHEA TR EE , 2% 4 #fdts T R RIS R B A IS 11
WERR  IE R E N 2.0, WK 4 TLIFEF], R
P REASE IR 1) FI0 ] [ % 5 28 B9 AS 0K 1 5 M A /N
MobileNetV2 fi4 i 22 K, 33 A B A PRI A 540 i 2 17
FIs ) O Qi 25 35K, T 2% P9 48 A7 A T 2 149 5 3 L 5
A%, T ARAR Ak 3 SR A O EE B A7 S R
PRI 7 G0 L S0 PR A% 1 000 B o 10 308 A K, 3 i B
R BB BT, X S R S0 A A
R4 ResNet 50 F1 VGG 19 1 55, S FHE e 7 Fii
W DARE BY RS M RE . Pl SEBRas 4T ] Y
DU A7 AE BEBLYE | A R ) T] B AR | s S e 3
FIF [ 74 0000 150 2 %o B A A ok ) AR i ] L) 220

R4 FAREEBREHEHNERERILE %
Tk ResNet 50 MobileNetV2 VGG 19
JRASEAY 93.62 94.43 92.84
K FE T psf [ 93.43 93.18 92.73
SR FH S0 B (] 93.43 93.54 92.74

4 % b

ARICAR Tl e 58 A R i) 24 SR 2544 £k
BT, AT LATE CRUESRE BN R T3, AR e A%
SRR L A I BT RO 58, TTCP B STHs e B i
(] LR B AAT: 55 A — A L SR AL IR, 7 45
EHMERRINT ALY, SR R AP RE 248, O F sh LRIk
KA o R T RSOGO [R A B E T 14 i B A (], g
— 338 —

T A PERERY TN HE BEA )  kE G T B B
ATHFEIM &, 7€ CIFAR 10 ,CIFAR 100 F1 ImageNet
Btk FaTE RS IR 1A SO kA R, 1ITCp
TEPRUEANE AT T, AN T B2 0T B R S B 1
e B ER R

S 30K
[ 1] Han S

connections for efficient neural network [

, Pool J, Tran J, et al. Learning both weights and

// Advances

in Neural Information Processing Systems. Montreal, Can-

ada:MIT Press,2015:1135 - 1143.

Banner R, Hubara I, Hoffer E, et al. Scalable methods

C] // Advances in
Neural Information Processing Systems. Montreal, Cana-
da; MIT Press,2018:5151 —5159.

[ 3] Hinton G. Distilling the knowledge in a neural network [ EB/

OL]. (2015 =05 =09) [ 2025 =03 — 12 ]. https: // arxiv.

org/pdf/1503. 02531.

Jaderberg M, Vedaldi A, Zisserman A. Speeding up con-

—
\S}
[

for 8-bit training of neural networks [

—
~
I

volutional neural networks with low rank expansions[ EB/
OL]. (2014 =05 —15) [2025 —03 — 12]. https: // arxiv. org/
pdf/1405. 3866.
[ 5] Li H,Kadav A,Durdanovic I,et al. Pruning filters for ef-
ficient ConvNets[ C] // Proceedings of NIPS Workshop on
Efficient Methods for Deep Neural Networks. Barcelona,
Spain: ICLR,2016:1 -5.
Evei U, Gale T, Menick J, et al. Rigging the lottery:

—
o)}
[

making all tickets winners[ C ] // International Conference
on Machine Learning. Online;PMLR, 2020, 2943 —2952.
[ 7] Lee N, Ajanthan T, Torr P. SNIP: single-shot network
pruning based on connection sensitivity [ EB/OL]. (2017 —
02 -06) [2025 — 03 - 12 ]. https: // openreview. net/fo-
rum? id =rJqFGTslg.
Lin M, Ji R, Wang Y, et al. Hrank: filter pruning using
high-rank feature map [ C] // Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recog-
nition. Seattle, USA .IEEE, 20201529 - 1538.
LiuZ, Li J, Shen Z, et al. Learning efficient convolu-

—
e}
[

—
=]
[

tional networks through network slimming[ C ] // Proceed-
ings of the IEEE International Conference on Computer
Vision. Venice,ltaly: IEEE, 2017.2736 —2744.

[10] He Y, Liu P, Wang Z, et al. Filter pruning via geometric
median for deep convolutional neural networks accelera-
tion[ C | /) Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Long Beach,
USA . IEEE, 2019.4340 —4349.

[11] Molchanov P, Mallya A, Tyree S, et al. Importance es-
timation for neural network pruning[ C] // Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Long Beach, USA:IEEE,2019.11264 —11272.

[12] Liu L, Zhang S, Kuang Z, et al. Group fisher pruning for
practical network compression[ C ] // International Conference
on Machine Learning. Online : PMLR,2021.7021 —7032.



2SR ST A HRIN ) 29 R S5 AR 1 BT AL

[13] Tanaka H, Kunin D, Yamins D L, et al. Pruning neural importance estimation for global filter pruning under mul-
networks without any data by iteratively conserving synap- tiple resource constraints[ C] //Proceedings of the IEEE/
tic flow[ C] // Advances in Neural Information Processing CVF Conference on Computer Vision and Pattern Recog-
Systems. Online: MIT Press, 2020:6377 —6389. nitionWorkshops. Seattle, USA . IEEE, 2020 .686 —687.

[14] Wang C,Zhang G, Grosse R. Picking winning tickets be- [21] Aflalo Y, Noy A, Lin M, et al. Knapsack pruning with
fore training by preserving gradient flow[ EB/OL]. (2018 - inner distillation[ EB/OL]. (2020 —06 —-03) [2025 -
12 -21)[2025 - 03 — 12]. https: // openreview. net/fo- 03 —127. https: / arxiv. org/pdf/2002. 08258.
rum? id = B1VZqgjAcYX. [22] He Y, Lin J, Liu Z, et al. AMC: AutoML for model

[15] He Y, Kang G, Dong X, et al. Soft filter pruning for ac- compression and acceleration on mobile devices [ C] //
celerating deep convolutional neural networks[ C] // Pro- Proceedings of the European Conference on Computer Vi-
ceedings of the International Joint Conference on Artificial sion. Munich,Germany; Springer, 2018 .784 —800.
Intelligence. Stockholm, Sweden: Morgan Kaufmann, 2018 [23] Yang T J,Chen Y H,Sze V. Designing energy-efficient conv-
2234 —2240. olutional neural networks using energy-aware pruning[ C] //

[16] Wang H,Qin C,Zhang Y et al. Neural pruning via grow- Proceedings of the IEEE/CVF Conference on Computer
ing regularization[ EB/OL]. (2019 — 12 -20) [ 2025 - Vision and Pattern Recognition. Honolulu, USA. IEEE,
03 - 12 ]. hitps: // openreview. net/forum? id = Skg- 2017 :5687 —5695.
sACVKPH. [24] Choudhary T, Mishra V, Goswami A, et al. Inference-

[17] You Z, Yan K, Ye J, et al. Gate decorator; global filter aware convolutional neural network pruning[J]. Future
pruning method for accelerating deep convolutional neural Generation Computer Systems, 2022,135 ;44 - 56.
networks[ C] // Advances in Neural Information Processing [25] Frantar E, Alistarh D. SPDY: accurate pruning with speed-
Systems. Vancouver, Canada:MIT Press,2019.:2130 -2141. up guarantees | C ] // International Conference on Machine

[18] Narshana T, Murti C, Bhattacharyya C. DFPC: data flow Learning. Baltimore, USA: PMLR, 2022.6726 —6743.
driven pruning of coupled channels without data [ EB/ [26] Paszke A, Gross S, Massa F, et al. Pytorch: an impera-
OL7J. (2023 -02 —02)[2025 —-03 —12]. https: // open- tive style, high-performance deep learning library[ C] //
review. net/forum? id = mhnHqRqcjYU. Advances in Neural Information Processing Systems. Van-

[19] Fang G, Ma X, Song M, et al. DepGraph; towards any couver, Canada;MIT Press, 2019.8024 - 8035.
structural pruning [ C] // Proceedings of the TEEE/CVF [27] Ding X, Hao T, Tan J, et al. ResRep: lossless CNN
Conference on Computer Vision and Pattern Recognition. pruning via decoupling remembering and forgetting[ C] //
Vancouver, Canada: IEEE, 2023:16091 - 16101. Proceedings of the IEEE International Conference on Com-

[20] WuY C, Liu C T, Chen B Y, et al. Constraint-aware puter Vision. Montreal, Canada:IEEE, 2021 .4510 —4520.

Inference time constrained structured pruning

Li Chenhao, Li Lin, Qiu Qiang, Zhang Zhibin, Guo Jiafeng, Cheng Xueqi
(Key Laboratory of Network Data Science and Technology, Institute of Computing Technology,
Chinese Academy of Sciences, Beijing 100190)
( University of Chinese Academy of Sciences, Beijing 100049 )
Abstract

Structured pruning compresses and accelerates neural networks by removing groups of weights in a structured
manner. Most existing pruning methods target a predefined sparsity level, i. e., pruning a fixed proportion of
weights, rather than directly optimizing inference latency. However, the relationship between sparsity and inference
time is highly nonlinear, making sparsity-targeted pruning methods unsuitable for deployment scenarios with explicit
latency constraints. To address this issue, we propose a novel structured pruning method, termed inference time
constrained pruning (ITCP), which automatically searches for a pruning scheme that satisfies a desired inference-
time budget while minimizing accuracy degradation. Specifically, ITCP formulates latency-constrained pruning as a
constrained optimization problem, where the objective is to maximize a performance score under a given inference-
time constraint, and solves it efficiently using dynamic programming. In addition, a performance model is devel-
oped to rapidly estimate the inference time of models at different sparsity levels. Experimental results on CIFAR-
10, CIFAR-100, and ImageNet demonstrate that, under the same acceleration requirements, ITCP consistently
achieves higher accuracy than baseline pruning strategies.

Key words: model pruning, model compression, performance models, time constraints
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