Supplementary Materials for

Stability-Based Generalization Analysis of the Asynchronous Decentralized SGD

The supplementary material contains the full experimental results and detailed proofs of our theoretical findings.
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A More Experimental Results

In AD-SGD (Lian et al. 2018), the communication topology is designed as a bipartite graph in order to prevent the deadlock
problem. The topologies that we have employed (as shown in Figure 3) all satisfy this property. Consider a distributed system
with 16 computing workers, the corresponding doubly stochastic matrix of the four topologies are
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In the following, we will show more experimental results, including the performance of convex models with decreasing learn-
ing rate; non-convex ResNet-18 and VGG-16 on the CIFAR-10, CIFAR-100, and Tiny-ImageNet datasets. The experimental
observations are consistent with the theoretical analysis and description of the experimental results in the main text.

.02
0.06{ — 0.5 0.025 0.025
. . .
e 03 \/\/\—/\’V\,_,w 2 2 0.020
890 — 02 © 0.020 e
e e C
o 0.041 — 0.1 o o
S 2 0.015 5 0015
Sooa| | g 8
® 5 0.010 ' 0-010 Star
g o g g 0.005 Ak
@ @ 0.0057 § $o. B
$o.01 & & Bipartite
—— Complete
0.00 0.000 0.000
0 1 2 3 4 0 1 2 3 4 0 1 2 3 4
Iteration le4 Iteration led Iteration led
(a) Learning rate (b) Asynchronous delay (c) Decentralized topology

Figure 1: Convex model on the MNIST dataset. Generalization errors for varying learning rates, asynchronous delays, and
decentralized topologies with the decreasing learning rate. (a). Fixed maximum delay 7 = 32, ring topology. Decreasing

learning rate oy = ¢ With varying «; (b). Fixed oy = 155573 ring topology; (¢). Fixed oy = 547, 7 = 32.
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Figure 2: Convex model on the MNIST dataset. Training errors for varying learning rates, asynchronous delays, and decentral-

ized topologies. (a). Fixed maximum delay 7 = 32, ring topology. Decreasing learning rate oy =

Fixed a = 0.1, ring topology; (¢). Fixed a = 0.1, 7 = 32.
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Figure 3: Convex model on the MNIST dataset. Testing errors for varying learning rates, asynchronous delays, and decentralized
topologies. (a). Fixed maximum delay 7 = 32, ring topology. Decreasing learning rate a; =

a = 0.1, ring topology; (c). Fixed o = 0.1,7 = 32.
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Figure 4: Non-convex ResNet-18 on the CIFAR-10 dataset. Generalization errors for varying learning rates, asynchronous
delays, and decentralized topologies. (a). Fixed maximum delay 7 = 32, ring topology; (b). Fixed learning rate o« = 0.1, ring

topology; (c). Fixed a« = 0.1,7 = 32.
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Figure 5: Non-convex ResNet-18 on the CIFAR-100 dataset. Generalization errors for varying learning rates, asynchronous
delays, and decentralized topologies. (a). Fixed maximum delay 7 = 32, ring topology; (b). Fixed learning rate o = 0.1, ring
topology; (c). Fixed a = 0.1, 7 = 32.
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Figure 6: Non-convex ResNet-18 on the CIFAR-100 dataset. Training errors for varying learning rates, asynchronous delays,

and decentralized topologies. (a). Fixed maximum delay 7 = 32, ring topology. Decreasing learning rate oy =
varying «; (b). Fixed oy =
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Figure 7: Non-convex ResNet-18 on the CIFAR-100 dataset. Testing errors for varying learning rates, asynchronous delays,

and decentralized topologies. (a). Fixed maximum delay 7 = 32, ring topology. Decreasing learning rate oy =
varying o; (b). Fixed oy =

0.1
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ring topology; (c). Fixed o, =
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Figure 8: Non-convex ResNet-18 on the Tiny-ImageNet dataset. Generalization errors for varying learning rates, asynchronous
delays, and decentralized topologies. (a). Fixed maximum delay 7 = 32, ring topology; (b). Fixed learning rate o = 0.1, ring
topology; (¢). Fixed a = 0.1,7 = 32.
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Figure 9: Non-convex VGG-16 on the CIFAR-10 dataset. Generalization errors for varying learning rates, asynchronous delays,
and decentralized topologies. (a). Fixed maximum delay 7 = 32, ring topology; (b). Fixed learning rate o = 0.1, ring topology;
(c). Fixeda = 0.1, 7 = 32.
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Figure 10: Non-convex VGG-16 on the CIFAR-100 dataset. Generalization errors for varying learning rates, asynchronous
delays, and decentralized topologies. (a). Fixed maximum delay 7 = 32, ring topology; (b). Fixed learning rate o = 0.1, ring
topology; (c). Fixed a = 0.1,7 = 32.
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Figure 11: Non-convex VGG-16 on the CIFAR-100 dataset. Training errors for varying learning rates, asynchronous delays,
and decentralized topologies. (a). Fixed maximum delay 7 = 32, ring topology; (b). Fixed o« = 0.1, ring topology; (c). Fixed
a=0.1,7T=232
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Figure 12: Non-convex VGG-16 on the CIFAR-100 dataset. Testing errors for varying learning rates, asynchronous delays,
and decentralized topologies. (a). Fixed maximum delay 7 = 32, ring topology; (b). Fixed o« = 0.1, ring topology; (c). Fixed
a=0.1,7=32.
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Figure 13: Non-convex VGG-16 on the Tiny-ImageNet dataset. Generalization errors for varying learning rates, asynchronous
delays, and decentralized topologies. (a). Fixed maximum delay 7 = 32, ring topology; (b). Fixed learning rate o = 0.1, ring
topology; (c). Fixed = 0.1,7 = 32.



B Missing Theoretical Proofs
B.1 Properties and Technical Lemmas
From the iterative format of AD-SGD, i.e.,

Xt+1 = XtW — OétG(Xt; th), (Bl)
the consensus model has the following recursive property

1 & 1 O~ 1 :
Xt—o—l:aEXH—l :EZZ w; Xt (k *Oétavf(xt—n(%%zjt(it))

i=1 k=1

1 - B.2
= o 2l = S e ) 250) 2

(673 .
=Xt — va(xtfn (it); th(it))'

Lemma 4 (Lemma 3.7, (Hardt, Recht, and Singer 2016)) The following properties hold for every z.
1. Assume that f is B-smooth. Then

Ba

[~ 29tz —x + Svse¢im)| < (1 20— ). (B.3)
m m m
2. Assume that f is 3-smooth, convex. Then for any o < 2m/3
HX— SVfxiz) —x + V()| < [lx - %], (B.4)
m m
3. Assume that f is B-smooth, u-strongly convex. Then for any « < m/
[x - Sviean) —x + 29fxa)| < (1= Bk -, (B.5)
m m m

Lemma 5 Forany 0 < A\ < landt € Z, it holds

-1
)\t—l—s C
< ZA

B.6
s+1 — t (B.6)

s=1

where C\ = # + M is a constant.

Proof. The proof is very 51m11ar to [Lemma 5, (Sun, Li, and Wang 2021)], and we include a proof for completeness. For any

0< A< 1,z €ls,s+ 1], we have that )‘;_1? < /\t " Then
t—1 t—1 t
N—1-s s+1 \t—1-7 t -7 7\~ 7 t A~z
> <> / dr < A1 / dz < A1 / “dz+ A / dx
s+ — /s T 1 1T + T
s=1 s=1 2
c 7 At ! 2
§/\T1/ —dz + / A Pde < A3 11n( )+
1z tAln L
tAz 1 2

< +—
-2 tAln %
Now, we provide the bound for sup; >, {tz)\% ~11. Itis easy to check that t = 4/1In % achieves the maximum, which indicates

16
sup{t2 e V< 0
t>Il){ } Ae2 In? %

In conclude, for0 < A < 1

X_:At*1*5< 8 .2 |1
s+1 7 |Ae2ln®}  Alng |t

We then competed the proof.



B.2 Proof of Lemma 2
From the iterative format (B.1) of AD-SGD and the following notation

X;=[x(1) x¢(2) -+ x¢(m)];
G‘(Xt;zjt):[o e 00 e Vf(X¢or, (i0); 25,i3)) O - 0],

we have that x; = X‘Tim ,x¢(1) = Xye;, where e; is the column vector in R™ whose i-th element is 1. Then we can derive

) Xit1lm
i1 = %1 (8] = [ =" = Xipae
m
X, W1, — ;G(Xy;25,)1m

= m — (thei — atG(Xt; th>ei)

Xl — a:G(Xy:25, ) 1m .
- t 0 G(X+;2;,) — (X¢We; — a:G(Xy;25,)e;)

m

m

X 1m - ! SG Xs‘ j 1m : S
_ 1 ZSZI « ( 7Z]3) o <X1Wtei _ Z O[SG(XS; zj§)wt5ei> ||

s=1

t
2 : U ]-m —
OZSG(XS; st) < — Wt Sei> H
s=1 m

) < 1

<L s || =2 — Wi e

< ; o || = e

© &

<L Z a A8,

s=1
where (a) uses x1(1) = x;(2) = -+ = x;(mn), which indicates X; W = X; Xilm _ X,e; = 0,V 4. (b) uses the bounded
gradient assumption, and (c) uses the properties of the doubly random matrix W ([Lemma 3, (Lian et al. 2018)]). Thus
t
41— Xepr (0)] < LD a A2 (B.7)
s=1

Remark 1 Ift = 1, we have that |x; — x1(i)|| = 0, then we define 22;11 a 78— = 0.

[ |
B.3 Proof of Lemma 3
t—1 =1 =
l[x¢ —x¢—r, || < Z %541 — x| < Z E&HVJC(XS—TS (iS);th(is))H < m As. (B.8)
s=t—T1¢ s=t—T¢ s=t—T¢
Remark 2 If 7, = 0, we have that ||x; — X¢—, || = 0, then we define ZZ;LH Qslr,=0 = 0.
|
B.4 Proof of Theorem 1 (generalization error in the convex case)
Let S = {z1,-+,2j,, 2z, and 8" = {z1,---, 2} ,--- ,2z,} be two training dataset of size n differing in only a single

example z;, . xp and x/. denote the output model of running AD-SGD on S and &’ for T iterations, respectively. For the two
data dividing methods, the probability of AD-SGD selecting the same sample in both S and S’ at the ¢-th iteration is 1 — 2

n’



i.e., jt(it) # j«. Then we have
Ot . Qg .
%141 — X4l = IIxe — Evf(xtfn (t); 2, (i) — X + Evf(xéfn (i); Zj, (i)l

(077 Qi
<lx: — Evf(xﬁzjt(it)) —x; + Evf(xé%zjt(m)ﬂ
o Qi Qi Qi .
+ ||Evf(xt§zjt(it)) - EVf(thn; th(u)) + EVf(thn; th(u)) - EVf(Xt,n (it); th(it))|‘

ot Qi Qi Qi .
+ ”Evf(xé;zjt(it)) - Evf(xéfn; zjt(if,)) + Evf(xéfn; zjt(ir,)) - va(xfffn (zt); th(h))”

(@) Boy Boy Bay Boy )
< lxe =3l + =%t = Xe—r | + = lXt—ry — Xp—r, (81) ]| + — - IIXQ*XQ_T,,IlJrfm 1% s, — X, (it)]
®) %0y L t—1 2604,5 t—r—1
< —x = t—i—1—s
R LE DS s

s=t—T1¢

t—7—1 t—1

2BLO[t 1 g

< e =3 + == ( 2 QN1 ; R)

S= S= Tt

(B.9)

where (a) uses the convexity (B.4) and the S-smoothness assumption; (b) uses inequalities (B.7), (B.8). With probablhty the

selected example is different, i.e., j¢(i¢) = j.. With the bounded gradlent assumption, we have

(673 . 2LO¢t
%11 — x|l = lIxe — Evf(xt—n (it); 25.) — X + Vf(xt 7 ()25 )| < e — xi]| + .

(B.10)

Denote §; = ||x; — x;||, then 61 = ||x; — x]|| = 0. With 1nequahtles (B.9) and (B.10), taking expectation of d;; with respect

to the randomness of the algorithm, we have
t—7¢—1 t—1

1 1.2B8Loy P 12Lay
<(1--= - ¢ = =
Bfje) < (1= DB+ (1= 2= (3 > %)+ LBl + 2
g 4+ 200, 2(n — 1)BLay (til ey *i ozs>
' nm nm s=1 o s=t—T, m .
We then have
T—1 T—1 t—7—1 t—1
2L 2(n —1)BL 1 Qs
E[§ < = |: S)\t Te—1—s5 7:|
[T]—nmm‘“*nm Lol e
2L a t—7—1 t—1 a
<= 28L ! { Nemme—1=s —S}
IR T e B G
For every z, the L-Lipschitz condition indicate that
92 To1 Tl =1,
E|f(xr;2) — f(xp:2)| < LE[67] < == Z X aprr Y i[ D oaaT e Y —5]7
n t=1 m t=1 m s=1 s=t—T¢ m
which means that the uniform stability satisfies
ZLQOét 25[/ Qg iy ¢ 1 =1 g
< t—Tt—1—s s .
Cstab Z[ nm + m ( ; a5 +s§_:T m)}

B.5 Proof of Corollary 1 (generalization error for different learning rate in the convex case)
According to (B.13), for the constant learning rate oy = «, we have

T-1 t—r—1 t—1
2L 2 Oé t—1i—1—s a
2L20(T — 1 2L22T*1 1
< i B o -
nm m — \1— Am
2L%a(T —1) 2BL%*(T—-1); 1 7
i N (LT
nm m 1-X m

(B.11)

(B.12)

(B.13)



For the decreasing learning rate oy = it follows that

t+1’
9 T—1 T-1 t—r—1
26[’2 : t—T1¢—1—s Qs
€stab<7z m t_zlat{ Z Ol>\ + ; mi|

or2 ™ 1 opr2 ™ 1 s
<7 gp— -
_nmzt+1+ m Zt+1[/\725+1+ ms+1}

t=1 t=1 s=1 s=t—T¢
<>2L2 25132 =1 o ™

nm m t:th—I—l t/\Ter(t—Tt—l—l)

212 WI2 O\ 1 1 1= 1
< mr [T e T - }
_nmn + m  LAT ;(t t+1)+m;(t—7}+1 t—|—1)
(b) 2 2 =
<£1 T4 2L (C)\+T+ln(7'+1))

m \AT m

2L2 28L% /C\ 27
< —InT+ B ( )\-1- T)

nm m A\ AT

where (a) uses the inequality (B.6) and

T-1 1 T-1 H_ll T
—1§ / fd:c</ —dz <InT,
t=1t+ t=1 "t z 1
and (b) uses
P L oya- ey )
ol D S D e et
T -1 Tt
<7 - — <7 —dr <7+In(7+1).
*T+;t+1 f_T—Tt+lT+;/t AT sTHIE+)

(B.14)

(B.15)

B.6 Proof of Theorem 2 (generalization error for different learning rate in the strongly convex case)

xr and x/- denote the output model of running AD-SGD on S and &’ for T iterations, respectively. With probability 1 — %, the

example selected in S and S’ is the same at the ¢-th iteration, i.e., j:(i¢) # j«. Then we have
/ _ Qy AW / O / AW
[xe41 — Xl = e — Evf(xt—ﬂ (it); 25, (i) — X + Evf(xtfn (i) 2j,i))
o Qi
Qi Qg Qg 67 .
IV (ke 2ju0)) = —V (Xe-r32,60)) + *Vf(thn;th(it)) = oV (xer (10): 25,0

a a e! .
+ ||—tVf(X;;zjt(it)) - iVf("i:sfmzjt(it)) + Vf( Xtz i 2, (i) — Etvf(ngﬁ (@t); 2. (i0)) |

(a) et Baoy 5at . Boy Bag
< (1= S0 =3 = ke = [+ e, = X (i) 4+ g = x|
(2) 1 216 % 250%L — 2506tLt7ﬂ71 AT 18
S (- S0lbexill+ S50 30wt TEL D e
t—7i—1 t—1
po 28Loy tmri—1—s Qs
< (1= B2 — x4+ > o p3 =),

”tn

ol

(B.16)



where (a) uses the strong convexity (B.5) and the 5-smoothness assumption; (b) uses inequalities (B.7), (B.8). With probability
% the selected example is different, i.e., j;(i;) = j.. With the bounded gradient assumption, we have

Qg .
[Xe+1 = Xppq |l =[x — EVf(xt,Tt (i);25,) — x; + Vf(Xt 7 (ir); 2],

|
« (67
<lxe — EtVf(xt;zj*) —x; + Etvf(xg;zj*)“

Q Q (67 « .

+ ||EtVf(Xt; zj,) — Etvf(xt—n;zj*) + Etvf(xt—nszj*) - Etvf(xt—n (it); 25.)
(673 it Qi « .

IV f(xt:25.) = —Vf(xiri25.) + V(X 525.) = EtVf(x;,ﬁ (it); 25.)
ot .

+ ||*tVf(XLTt (it);25.) — *Vf(Xt G zs )|l

PG

2l Boy Boy . Bov Boy .
< (U= —=)lxe = xtll + ==t = Xer | + ——=llxe—re = xe—r (i) [| + —= 1%t = Xtr, | + =7, = Xtr, ()]
o
+E”Vf(xt7”rt(lt);zj*) vf(xt Tt(lt)’zj*)l
t—1 t—1i—1
1o , 2Ba; L 26at b1 2L04t
1—— - — L AT
S W= S =l + 00 3 et Z a -
po 2La;  2B8Lay /'R = a
t t t —r—1—s 5
< (1= )% — x| + +T( S oaaT e 3 E)'
s=1 s=t—Ty
(B.17)
Combining the inequalities (B.16) and (B.17), we have
1 Lo 1.28La; /" C<t = a
ElS <(1— 177t 5 1- = t( S)\t*thlfs 75)
[Bra] < (1= (1= TOER] + (1 - )= s:zlo‘ 2
t—7—1 t—1
1 o 128Lay 15 o 12Loy
= TR+ L= (3 e X )
t—1—1 t—1
o 2La;  2BLay tmr—1—s 045)
< (1- R[] + 20t 4 22 (ZlasA F )
S= =1—T¢
We then derive
T-1 T-1 t—1—1 t—1
JT%e% 2La;  2BLay b1 Qs
Blor) < 30 ((JT - B0 [Z2 4 222 (03 et S 2] (B.18)
t=1 k=t+1 m nm m s=1 s=t—T¢ m
For every z, the L-Lipschitz condition indicate that
T—1 T—1 2 2 t—7—1 t—1
Tte 7% 2L%0;  2BL°qy b1 o
E|f(eri2) — F(dpia)| < LELsr) < 3 (T (- £y [2E0 (3 a3 D)
t=1  k=t+1 m vm m s=1 m

which means the uniform stability satisfies

t—r—1 t—1
Catal, < Z ( H _ pag )[2L2at N 2ﬁL2o¢t< Z ATl Z %)]

nm m m
t=1 k=t+1 s=1
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For the constant learning rate a;; = o, we have

a 2L%a  2BL%2 TS =1
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For the decreasing learning rate oy = m, the stability turns to
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where (a) uses the inequality (B.6), and (b) uses the following inequalities
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B.7 Proof of Theorem 3 (generalization error in the non-convex case)

xr and x/- denote the output model of running AD-SGD on S and S’ for T iterations, respectively. With probability 1 — % the
example selected in S and S’ is the same at the ¢-th iteration, i.e., j:(i¢) # j«. Then we have

Qg . Qg .
[xt41 — Xfs+1|| = |lx; — Evf(xtfn (it); Zj, (i) — X} + Evf(xifn (it); Zj, (i)
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With probability 1, j, = j., we can get

el ,
l[xer1 = xppall = lIxe — Etvf(xt—n(lt)ﬂj*) x; + Vf(xt (i) 25|
of (B.22)
! Qi
< e =il + -
Combining inequalities (B.21) and (B.22), we have
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Following [Proposition 2, (Regatti et al. 2019)] and we define szy 1+ %) = 1. Then we have

T-1 / T-1 Ba 9 Loy t—7e—1
]E J t t—7i—1—s .
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For every z, the L-Lipschitz condition indicate that

— - ﬁa 202 ot
k Ty — s
E|f(x7;2) — f(xp;2)| < LE[67] < Z( H m)) t< Z Baght~T 1= )
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which means the uniform stability in the non-convex case satisfies
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B.8 Proof of Corollary 2 (generalization error for different learning rate in the non-convex case)
According to (B.25), for the constant learning rate oy = «, we have
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€stab S < Z( H ) ( Z BO[)\t Tr—1— S)
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For the decreasing learning rate oy = it follows that
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where (a) uses 1 + x < ¢*. (b) and (c) respectively use the following inequalities
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With ¢ = 1/, we have
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€stab S

B.9 Proof of Theorem 4 (generalization error for decreasing learning rate in the non-convex case)
Following [Lemma 3.11, (Hardt, Recht, and Singer 2016)], let §;,—¢ and we have

t
€stab < 50 + LEi5T|6t0:0i'

Similar to the derivation in (B.27), we have
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Assume c is small enough, minimizing this bound with respect to ¢y, i.e., let
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then the uniform stability satisfies
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B.10 Proof of Theorem 5 (optimization error and excess generalization error in the strongly convex case)

Recall that x; is the output model after minimizing the empirical risk Fs for ¢ AD-SGD iterations, and x5 denotes the minimizer
of Fs. From the iterative relation (B.2), we can derive

* Qi . *
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where (a) uses the inequality (a, b) < ||al|||b|| and Assumption 4 (r is the radius of the close ball). (b) uses inequalities (B.7)
and (B.8). (¢) employs the following p-strongly convexity

(Vf(xe), % = x5) = pllxe — x5

We then have
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With S-smooth property, the optimization error satisfies
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Following the decomposition (1), the excess generalization error satisfies

€exe < €Egtab T €opt
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For the decreasing learning rate oy = 2u(T+1)’ we have
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where (a) uses inequality (B.6), and (b) uses (B.14), (B.19) and (B.20). With S-smooth property, the optimization error satisfies

copt = E[Fs(x7) — Fs(x5)] < E(VFs(x5), xr — x5) + 5 Elxr — x5|* < JE|xr — x5

2 2
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Following the decomposition (1), the excess generalization risk satisfies

€oxe < €Egtab €opt
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B.11 Proof of Theorem 6 and 7 (optimization error and excess generalization error in the convex case)

Similar to the analysis in (B.28), we have the following relationship
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The last inequality uses the unbiased property of the stochastic gradient and the convexity of the loss function, i.e.,
(VFs(xt), %t — Xg) > Fs(xt) — Fs(x%).
Then we have
- * m 112 - . t—Ti—1—s — s L & 2
;atE [Fs(xi) = Fs(x3)] < 5 [ — x5 +257«L;at l ; a AT Py m] o ;at.

Devote the average model as
— Et 1 CYtXt

XT =
Zt 1O
It follows that

iy B [Fs(x:) — Fs(x3)]
Zt 1Qt

T t—1i—1
m|lx; — x%|2 28rL 4 o
ol —xgl? 26 leasymuzms

€opt — E[FS(KT) - FS(XZ)]

T
i L? D1 af .

T T T
2> 1 Doi—10 1= s=1 s=t— 2m Y g o
For the constant learning rate oy = «
% (12 T t—T1¢—1 t—1 2 T 2
< m”Xl — XSH QBTL )\t—n—l—s o L Zt:l o
€opt < T T T o o + ml T o
2) @ Doi-10 i s=1 s=t— 2my g«

“xi2 2B8rL & 1 71  L2Ta?
m|x; — x5 4 pr Zaz T @
2T« To 2mT«

1—)\+m

_ mllx = X3
- 2T o

1 71 L2
+28rLa [ + T] -

1-X m 2m



For the decreasing learning rate oy = H%, we have
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where (a) uses (B.6) and the following inequalities
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(b) uses inequality (B.15). In the following, we fist derive the uniform stability bound for the average model X7. From the
analysis in (B.12), we have
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Combine with the L-Lipschitz condition, the uniform stability bound of X satisfies
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Then the excess generalization risk follows
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For the decreasing learning rate oy = H%
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where (a) uses inequalities (B.6), (B.14) and (B.29). (b) uses inequality (B.20) and
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Then the uniform stability bound of X satisfies
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The excess generalization risk in the decreasing learning rate follows
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B.12 Proof of Theorem 8 and 9 (optimization error and excess generalization error in the non-convex case)
With the 5-smooth property, we have
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The optimization error satisfies
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Combined with the optimization error (B.32), we have
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For the decreasing learning rate oy = it follows from (B.27)
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Z(t +1)Pemt < Z/ 2P e < / 2P e = —(T 4 1)°°.
t=1 t=171 1 pe

Then the uniform stability of X satisfies

- 412 (1 . (T + 1)P¢
€ave—stab > Be ﬂ’I’L IH(T T 1) .
Combined with the optimization error (B.33), we have
€exc < €ave—stab T €opt
_ AL (T +1)P¢ 9 0, Cy 27 BL%? 1
2L L2324+ T } .
Bc <ﬁn+ )1n(T+ )+[ v+ pm C()\ +m)+ 2 lyeln(T+1)
|
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