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0i11:= 0; + 1idy

>R 2T % (Gradient Descent)
dt . — —Vf(gt)

> 852 B ECPE T % (Projected Gradient Descent)
0 — vV
C 044 i =1q (0, — vV f(0:))
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0111 := 0; + 1 d;
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>Frank-Wolfejx

vy ;= argmax(v, —V f(6;))
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%= : Stochastic Frank Wolfe (SFW)

Algorithm 1 Frank Wolfe Algorithm 2 Stochastic Frank Wolfe (SF'W)

Require: (7:)ien C Ryg Require: (7;)ien C Ry}

t<+ 0,0y €12 t <+ 0,0 €

loop loop
v; = argmax{v, —V f(6;)) v; = argmax(v, —V fs, (6;))

vEQ e —

d; = v, E 0, £#c d; = v, E 0, 2NNy FHERNDE
0: 11 = 0; + v:dy 01 =0 + vdy
t+—t+1 t+—t+1

end loop end loop
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>REFEICHEITSSFWDEEDY

Pruning Ratios 50% T0% 80% 90% 95%

SFW-Pruning + SFW-Init (ours) 93.10 93.10 93.10 93.10 92.00

One-Cycle Pruning (Hubens et al., 2021) - - 90.87 90.72 90.67
Early Bird (You et al., 2020) 9321 92.80 - - -

OTO (Chen et al., 2021) 90.35 90.35 9035 9035 90.35

DPF (Lin et al., 2020) - -
Group MDP (Deleu & Bengio, 2021) - -

- - 93.87
- 89.38 -

Table 1: Comparisons to more state-of-the-art methods on VGG-16 and CIFAR-10.
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[Miao+22] L. Miao, X. Luo, T. Chen, W. Chen, D. Liu, and Z. Wang, “Learning pruning-
friendly networks via Frank-Wolfe: One-shot, any-sparsity, and no retraining”, In
Proceedings of the 10th International Conference on Learning Representations, 2022.



— -
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Theorem 2. Consider the stochastic setting of (1) where f is G-Lipschitz and F is L-smooth. Then,

the output x, of Algorithm 2 with parameters vz = v = 4,/ 2(F(;(£5fém*)), by = b =T forallt €

{0,...,T — 1}, satisfies the following bound: 253 Ny FHAZ
D

Eig(ea)] < 7= (6 +y/EECIEEN 1 4 ),

where £* is an optimal solution to (stochastic) problem (1).

[Reddi+16] S.J. Reddi, S. Sra, B. Poczos, and A. Smola, “Stochastic Frank-Wolfe Methods for
Nonconvex Optimization” in 54th Annual Allerton Conference on Communication, Control, and
Computing, pp.1214-1251, 2016.
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T SFWO TR (E:A)

Algorithm Learning Rate = Gradient (batch size) Momentum
SFW (Reddi et al., 2016) =0 (, /ﬁ) mini-batch (b = T) No
AsySFW (Gu et al., 2019) =0 (, / ﬁ) mini-batch (b = T) No
FW-SD (Grigas et al., 2019) v = O (\/%) mini-batch (b; < n) No
SFW (Négiar et al., 2020) V= i3 mini-batch (b < n) No
Yes

SCG (Mokhtari et al., 2020) Ve = 7 Noise (Increasing)

- - , mini-batch

AdaSFW (Combettes et al., 2021) Tt = s (bt _0 (2_22)) No
AdaCSFW (Combettes et al., 2021) Ve = t% mini-batch (b < n) No

any SFW methods (Nazykov et al., 2024) Ve = \/; Noise No
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ENSy FYHAL X b =0 BNy FYHL X —
X 1 1 1 B
EHFERY =7 O (T + 7 + ’y) (Theorem 3.1)) @ (T + 7) (Theorem 3.2)
ﬂﬁl}\ = L i ' N
m V= @ ( 7 (Theorem 3.3)
J&I]\ . 1 1 L . ]. .
(an T aEEe e O (Tmin{l aay T ) (Theorerm 3.4(i)) | O (Tmin{l_a,a}) (Theorem 3.5(i))
D L T »
am [ O (T \/_) (Theorem 3.4(ii)) O (T) (Theorem 3.5(ii))
"Vt ‘= (?777"'72717777777"'77727 yP 17/777]3 Y- 7715 2)77>0777€(071)7KP:T‘
K K K
‘ by := (b, b, \b,Ab, -, Ab, ,55—119, A Tp .. ,A@—lg),b >0A>1LEQ=T |_
E E E
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/=1 - Frank-Wolfe gap

SEM EREIcB LTI, V(0|2 INEDIEEL L T
I EIETER L,

>Frank-Wolfe;Z Dt TlE, INRDIEIEL L TIEHEIIC
Frank-Wolfe gap G(6;) B’FIHI N TE 7=,

G(0;) := max{v — 8, -V f(0))

>0* cRY% ) L CORFNEERTHZET B L,
Vo € Q: (v— 60", VF(0*)) >0 ie, G(O*)<O0
DBRERYIIDZ &b b, gape/hET B2 L%#BET.




INHREENT—TER /Ny FH A by =10

T E[f(60) ~E[f(6")] Do  LD> _ (1 1
7 2 El0@) s - =+ O(T*ﬁﬂ)
S WA B 1= (0 € 05.1)
L~ 2max{f.|f()}} , Do LD _ ! |
T £ I [g(gt)] S Tl_a + \/5 + 2(1 — CL)Ta = O (Tmin{l—a,a} + %)
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S dmax(£.|f0)} Do ulD® _ (1 1
ng[g(gt)]S Ty +%+ o7 _O<T+\/E>

4
=




INEREEAT—IE MM/ Ny FH A4 X

by := (b, b, ,b,Ab, AL, -+, Ab, -+ ACTID AT o A9 b >0, > 1L,EQ =T

_J/

B B E
>EMFEE 1t =1
T—1
1 E[f(60)] —E[f(6)] Do EVA LD (1 )
=D EG(6)] < + + =0 =+
T — [ ( t)] ’YT T \/g(\/x_ 1) 9 T Y
. . 1
>R EER = (t + 1)a,(a < [0.5,1))
1 — 2max{f,|f(6*)]} Do EVA LD* 1
T ; E [g(et)] < Tl—a + T \/B(\/X o 1) - 2(1 _ a)Ta =0 (Tmin{l—a,a})
>IRADZEEER vo= et en "),y >0 € (0,1), KP =T
K K K
T-1 -
1 2max{f,|f(6*)|]} Do  EVA Yoo LD? (1)
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Training ResNetl1l8 on CIFAR100 dataset with decaying learning rate (lll)
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Algorithm 1 APGD

1:

9:
10:
11:
12:
13:
14:
15:
16:
17:

Input: f, S, 29, 0, Nier, W = {wo, ..., wn}
Output: L'max f max

Auto-PGD

1) Ps (z O 4 vV £(2©) )
frmax < max{f(z(?), f(z1))}
Tmax — (O if frox = F(2(©) else Tpay — D
for £ =1 to Ny.,—1 do

2*+D) L pe (a:(k) +a(z(F+D )

+(1 — a)(z® — a:(k_l)))

if f(z(*T1)) > fi.x then =
Tmax < x(k—i_l) and fmax — f(a:(k—i_l))

end if

if £ € W then
if Condition 1 or Condition 2 then -

n < n/2and z*F+D) — gz

end if

end if

end for

PGDIC & % T D {5 D E#

& 5 il T



Algorithm 4 Auto-Frank Wolfe
Require: .f: Q: Lo, 70, Nit&’r‘: W = {wﬂz " :wn}
madv‘<—${),m_1<—0 AUtO_FW
for t =0 to N;terr — 1 do

v, = argmax(v, Vf(x))
veld

Tip1 = Ty + Vedy
if f(xs11) > f(xaqy) then

)

Tuae © T - RERLEMELELS ¢ EERE
end if - BEIY > FIVICRE
if t € W then
if Condition (i) or (ii) is satisfied then | L
Y41 '<—’Tt/2 _ I&%b‘?i(‘v")f‘a‘th‘t%
$t-|:1  Ladv (i, FERZFTIC L, 1B 5% [
'Z“f}lf J RBbh-eZAXTHERT.
end i

end for




HUEFEER(CIFARLO0, Lo B

D EIE, e = 8/255)

paper Architecture clean accuracy || APGD | AFW

(Wang et al., 2023) WideResNet-70-16 75.22 48.11 | 48.16
(Wang et al., 2023) WideResNet-28-10 72.58 44.05 | 44.12
(Debenedetti et al., 2023) XCiT-L12 70.76 38.97 | 39.02
(Rebuffi et al., 2021) WideResNet-70-16 63.56 38.28 | 38.31
(Debenedetti et al., 2023) XCiT-M12 69.21 38.69 | 38.77
(Pang et al., 2022) WideResNet-70-16 65.56 36.66 | 36.71
(Debenedetti et al., 2023) XCiT-S12 67.34 37.08 | 37.06
(Rebuffi et al., 2021) WideResNet-28-16 62.41 35.73 35.8
(Jia et al., 2022) WideResNet-34-20 67.31 36.46 | 36.62
(Addepalli et al., 2022a) WideResNet-34-10 68.75 36.84 | 36.92
(Cui et al., 2021) WideResNet-34-10 62.97 37.05 | 37.17
(Sehwag et al., 2022) WideResNet-34-10 65.93 35.77 | 35.89
(Pang et al., 2022) WideResNet-28-10 63.66 35.25 | 35.26
(Jia et al., 2022) WideResNet-34-10 64.89 35.28 | 35.53
(Addepalli et al., 2022b) WideResNet-34-10 65.73 35.64 | 36.07
(Cui et al., 2021) WideResNet-34-20 62.55 34.08 | 34.27
(Cui et al., 2021) WideResNet-34-10 | 60.64 33.99 | 34.10
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