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A SHARP CONVERGENCE RATE FOR A MODEL EQUATION OF
THE ASYNCHRONOUS STOCHASTIC GRADIENT DESCENT*

YUHUA ZHUT AND LEXING YINGH

Abstract. We give a sharp convergence rate for the asynchronous stochastic gradient descent
(ASGD) algorithms when the loss function is a perturbed quadratic function based on the stochastic
modified equations introduced in [An et al. Stochastic modified equations for the asynchronous stochas-
tic gradient descent, arXiv:1805.08244]. We prove that when the number of local workers is larger than
the expected staleness, then ASGD is more efficient than stochastic gradient descent. Our theoretical
result also suggests that longer delays result in slower convergence rate. Besides, the learning rate
cannot be smaller than a threshold inversely proportional to the expected staleness.
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1. Introduction

Thanks to the availability of large datasets and modern computing resources,
optimization-based machine learning has achieved state-of-the-art results in many ap-
plications of artificial intelligence. As the datasets continue to increase, distributed
optimization algorithms have received more attention for solving large scale machine
learning problems. Parallel stochastic gradient descent (SGD) is arguably the most
popular one among them.

Based on the interaction between different working nodes, there are two types of
parallel SGD algorithms: synchronous v.s. asynchronous SGD (SSGD v.s. ASGD).
Both methods compute the gradient of the loss function for a given mini-batch on local
workers. In SSGD, the local workers pause the training process until the gradients
from all local works have been added into the shared parameter variable. While in
ASGD, the local workers interact with the shared parameter independently without
any synchronization, i.e., each local worker continues to compute the next gradient
right after their own gradients have been added to the shared parameter. Therefore,
ASGD is presumably more efficient than SSGD since the overall training speed is not
affected by the slow local workers. On the other hand, ASGD can potentially suffer from
the problem of delayed gradients, i.e., the gradients that a local worker sends to the
shared parameter are often computed with respect to the parameter of an older version
of the model. Therefore, extra stochasticity is introduced in ASGD due to this delay.
An interesting mathematical problem is how the delayed gradient affects the training
process.

There have been a few papers in the literature that analyze the convergence rate
of ASGD. Most of them are from an optimization perspective. For example, [7,12,14]
proved that ASGD can achieve a nearly optimal rate of convergence when the optimiza-
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tion problem is sparse; [13] studies the relationship between ASGD and momentum
SGD.

Related work.  This note follows a perspective based on partial differential equation
(PDE) and stochastic differential equation (SDE). In [10], Li et al. first introduced the
stochastic modified equations (SME) for modeling the dynamics of SGD in a continuous
time approximation. Following this work, there have been quite a few papers along this
direction [5,8,9,11] for SGD. Specifically, [3,4, 6] use the approximated SDE and PDE
to study the convergence rate of SGD and SGD with momentum. However, literatures
about ASGD are limited. Recently, in [1], An et al. applied the SME approach to the
study of ASGD. Based on their paper, we study the convergence rate of ASGD.

This note studies the convergence rate of the time-dependent probability distribu-
tion function (PDF) of ASGD to its steady state distribution by using PDE techniques of
the stochastic modified equation. The main focus is on the case where the loss function
is a perturbed quadratic function. There are mainly two difficulties in this analysis. The
first one is that asynchrony results in a degenerate diffusion operator in the correspond-
ing PDE. No trivial analysis is able to give an exponential decay rate for the convergence
to the steady state. Thanks to the association of a degenerate diffusion operator and a
conservative operator, the decay rate can be recovered through “hypocoercivity” [15].
The key here is to construct a Lyapunov functional to prove the exponential decay of
this functional. The second difficulty is to obtain a sharp convergence rate. Such a
sharp rate is important to understand the influence of the asynchrony quantitatively.
Though our analysis is based on the framework introduced by [2], the current case is
more complicated because one has to bound extra terms introduced by the perturbed
loss function around the quadratic function. The main contributions of this paper are
the following;:

e We give a sharp convergence rate for ASGD when the loss function is a per-
turbed quadratic function.

e For a fixed learning rate, longer delays result in slower convergence rate.

e The learning rate should not be smaller than a threshold and the threshold is
inversely proportional to the staleness rate. See Remark 3.1 for details.

e When the number of local workers is larger than the expectated staleness, then
ASGD is more efficient than SGD. See Remark 3.2 for details.

The rest of the paper is organized as follows. Section 2 summarizes the results of [1]
and derives the PDE for the probability density function (PDF) of ASGD based on
these results. Section 3 presents the main results, while the proof of the main theorem
is given in Section 4.

2. PDE for the probability density function of ASGD
We consider the minimization problem,

OeRd

min £(6) ;:%Zfi(e). (2.1)

where 6 represents the model parameters, f;(6) denotes the loss function at the i-th
training sample and n is the size of the training sample set. In the asynchronous
stochastic gradient descent (ASGD) algorithm, the parameter 6 is updated with

Or+1=0—nVofy, (Or_r.),



YUHUA ZHU AND LEXING YING 853

where v is i.i.d. uniform random variable from {1,2,---,n} and 6i_,, is the delayed
read of the parameter 6 used to update 61 with a random staleness 7.

In [1], An et al. derived the modified stochastic differential equation for the algo-
rithm, under the assumption that 75 follows the geometric distribution, i.e., 7, =1 with
probability (1—r)x! for k€ (0,1). We call x the staleness rate. Note that if x is larger,
then there is a longer delay. Besides, the expectation of the random staleness 7y is ﬁ,
so we call ﬁ the expected staleness. By introducing

Y =74/ %Emvf(em)v

when the learning rate 7 is small, (0,yx) can be approximated by time discretizations
of a continuous-time stochastic process (Oys,,Yss,) for 0:=+/n(1—k). (04,Y;) satisfies
the stochastic differential equation (SDE)

dO; =Yidt+71dBy, 59
0Y, =~V f(©,)dt — Y, (22)
where 7=7%1/(1-r)/*%, y=/((1—k)/n), and ¥ is the covariance matrix condi-
tioned on 7, that is, ¥ is the covariance between ©; and Y;. We refer to [1] for more
details of the above SDE. In this paper, we assume 3 is a constant for simplicity. Note
that although the theoretical upper bound of the approximation error of the above
SDE increases in time, the numerical experiments in [1] show that the approximation
error remains small until ASGD converges. So we think it is meaningful to analyze the
convergence rate of the continuous form.

We first formally derive the partial differential equation for the probability density
function ¥ (t,0,y) of (6©,Y;). For any compactly supported C* function ¢(04,Y;), by
It6’s formula,

1
49(01,Y7) = (Yo Vo (=T F(0)~7¥0) V6 V0 -Vass ) e+ 7V,
Taking expectation of this equation and integrating over [t,t+ h] leads to

%E(¢(@t+h,n+h) —$(61,Y7))

1

t+h -2
:E/ E(YS~V9¢+(—Vf(®s)—st)-quﬁ—i—2V9'V9¢) ds,
¢

which further gives,
1
[ 016.5) (e hobuy) — 0(2.0.0)) dody
1 [th 72
i [ [ (5500 T 10 ) 9,0+ TV Va0 wit0) s,
t
Integrating by parts and letting h — 0 results in

2
Jot6mpsdsay= [ o(=y-ov4950)5,04 9, )+ V0 Vo) doiy,
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which is true for any test function. Therefore, the PDF 1 (¢,0,y) satisfies

2

Oy~ =V I(0)-V, o =V, () + 5 Vo Viu. (2:3)
In what follows, we consider the case where V f is a perturbed linear function,
V() =wif+e(0).
A further change-of-variable of
r=y, v=-wyf—7y,
turns (2.3) into

1 1
8tg+v'vxg*w§x'vv9:7vv : <’Ug+ vag) +e€ <w2(1}+’}/1})> : (vngfyvvg)
0
(2.4)

with g(t,z,v) =1 (t,—wig(v—kvx),x), B= Tigg.

General loss functions are much harder than the quadratic loss in the SDE for
ASGD. First, different from the PDE for the SGD, or SGD with momentum, which
is a Fokker-Planck equation or a Vlasov-Fokker-Planck equation, the steady-state is
explicitly given for general loss function. The steady-state of (2.3) cannot be explicitly
calculated except for the case where f is a quadratic loss. Second, the sharp decay
rate for general potentials is still an open question even for Fokker-Planck equations
or Vlasov-Fokker-Planck equations, so it is even harder for the sharp decay rate for
equations like (2.3) . In this paper, we use the sharp decay rate to study the difference
between ASGD compared with SGD. If the decay rate is not sharp, then the relationship
between the parameters will be unclear.

3. Main results and proof sketch
When =0, the steady state M (x,v) of (2.4),

1 wd 1
M(z,v) = M, M, = (Ze’*z‘)w) <Z2eé’v|2> , (3.1)

1

where Z1,Z, are the normalization constants such that [ M,dv= [ Mydx=1. However,
for general f(6), unfortunately there is no explicit form of the steady state. By denoting
F(x,v) as the steady state of (2.4), the weighted fluctuation function

1
h(t,x,v)= i [9(t,x,v) — F(x,v)]
satisfies the following equation,
O¢h+Th=Lh+ Rh, (3.2)

where
T=v-V, fng.vq, is the transport operator;
L= %%VD -(MV,) is the linearized Fokker-Planck operator; (3.3)
Rh=¢-(Vyh—yV,h)—Be- (wgz —yv) h are the perturbation terms.
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The above Equation (3.2) is typically called the microscopic equation in the literature.
It is also convenient for the forthcoming analysis to define the inner product (-,-) and
the norm |[|-||, as

(hyg). :/thdm, IRl = (B (3.4)

In addition, ||-||* is the standard L2 norm with respect to the Lebesgue measure.
Under the above Gaussian measure M, the following Poincare inequality holds

1
AP ——
I ”*7d,8min{w(2),1}

(||th||f + vahui) . for Vh s.t. /thxdsz (3.5)
The following key assumption ensures various bounds of the perturbation £(8).
ASSUMPTION 3.1. There exists a small constant ey >0, such that,
max||e;] oo s [l 2l o s [le - V]| oo dmax]lef] oo D el pooslle” @l oo lle” 0]l oo <o,
i
where €'(0) is the derivative of £(6).
The following theorem states an exponential decay bound for the fluctuation h.

THEOREM 3.1.  Under Assumption 3.1 with eg small enough, the fluctuation h decays
exponentially as follows,

1RO Se 2@ H(0),

where H(0) = ||V4h(0)|> +C || Voh(0)]|> +2C (V. h(0),V ,h(0))
C1 depending on wqg,y and

e=¢9Cy for a constant

%7

when v<2wy: p=+, C:w§7 627/2;
when v > 2wq : u:'yf\/’yQ*ﬁlwg, 0172/2*%2)7 017/2;

when y=2wqy: Y0>0, there exists C(6),C(0), such that the decay rate p=-y—9.

(3.6)
More specifically C1 = (11 +11C+ 156’) €-C3- %,
_ max{1,7,y*87.8w3}
where Cy = min (1,02} ol
REMARK 3.1. How the learning rate and staleness affect the convergence

rate? When the perturbation e is small, the decay rate is dominated by e~2#!, By the
definition of d;, one has t =kd; =k+/n(1— k) with k the number of steps, 1 the learning

rate and « the staleness rate. Inserting the definition of v=+/((1—x)/n) into (3.6), the
dominated decay rate e”2#* can also be written as,

1
when 7> Q(l—/{): ut=(1—k)k;

(3.7)
when 7 < 4610(2)(1—,%): pt=(1—-r)k— (\/(1—5)2—4(4)8(1—5)77) k.

From the above discussion, we make two observations:
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— The learning rate should not be smaller than 40%2(1 —k). For a fixed staleness
0
rate Kk, when the learning rate is larger than the threshold ﬁ(l — k), the con-

vergence rate is a constant only depending on (1 — k). While the learning rate
is smaller than this threshold, the convergence rate will become slower as the
learning rate becomes smaller.

— Longer delays result in slower convergence rate. For a fixed learning rate, the
optimal decay rate e=2(1=%)% only relates to the staleness of the system. If the
system has more delayed readings from the local workers, i.e., (1 — ) is smaller,
then the convergence rate is slower.

All the above discussion is based on the assumption that 5 is small enough so that the
SME-ASGD is a good approximation for ASGD. In other words, we assume wy is large
here, hence the threshold 715 (1— k) is still in the valid regime.

0

REMARK 3.2. When is ASGD more efficient than SGD? Assume we have m
local workers and the learning rate is larger than the threshold n > ﬁ(l — k). When
0

the perturbation ¢ is small, for single batch SGD, the decay rate is e2* after k steps,

while for ASGD, the decay rate is e “2(1=%)% after calculating k gradients. Since now we
have m local workers, for the same amount of time, the decay rate for ASGD becomes
e~ 2(1=r)mk Therefore, as long as (1—k)m>1, ASGD will be more efficient than SGD.
Since the expectation of the random staleness 7y, is ﬁ, in other words, when the number
of local workers is larger than the expected staleness, then ASGD is more efficient than
SGD.

We run a simple numerical experiment in Figure 3.1 to verify the above conclusions.
(a) When £=0.98, the threshold for the learning rate is (1—x)/4=0.005. One can see
that the blue and red lines spend similar time to converge, which verifies that the
convergence rate is the same when the learning rate is above the threshold. When
the learning rate is below the threshold, as the learning rate becomes smaller, the
convergence of ASGD becomes slower. (b) When the learning rates are all above the
threshold, as the staleness rate becomes larger, it takes a longer time for the ASGD
to converge. (c) When the staleness rate is 0.96, it takes 2 local workers for ASGD to
converge faster than SGD in time. Remark 3.2 gives a conservative estimate for the
number of local workers. In practice, it actually requires fewer local workers for ASGD
to be more efficient than SGD.

The proof of the theorem is given in Section 4. The main ingredient of the proof is
the following Lyapunov functional H (t),

H(t) = Vahl; +C|Voh|+20(V:h,Voh), (3.8)

where C,C’ are constants to be determined later. Note that,

d d 2 9 A d
ZH(O) =2 (IVah]+CIV |2 ) +20 2 (Vah Voh), (3.9)
The first two terms can be estimated with an energy estimation given in Lemma 4.1 of
V.(3.2), V,(3.2), while the estimation of the last term is given in Lemma 4.2. Actually,
4 ||Vvh||i will give the dissipation of HVUhHi, and 2 (V,h,V,h), will give the dissipa-
tion of ||th|\i The term ||th|\i and the constants C,C in the Lyapunov functional
are to make sure the functional is always positive and after combining the results in
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£ =0.98 ] 7=0.01 4 7=0.01
7=0.01 h —x =096 —Seb
7= 0.005 i - - k=097 —— ASGD with x = 0.96 and 2 local workers
7 =0.002 i £ =098 0.8
n=0.001 \ k=099
0.6
£ £ = 04
0.2
-0.5
0
- 0.2
200 400 600 800 1000 1200 0 200 400 600 800 1000 1200 0 2 4 6 8 10 12
number of steps number of steps time
(a) (b) (c)

Fic. 3.1. Apply ASGD to minimize the quadratic function f(6) =602 with two components f1(0) =
(0—1)2—1 and f2(8)=(xz+1)2—1. All the plots are averaged results over 1000 simulations with
initialization 0p=1. (a) Compare the convergence of ASGD with different learning rate when the
staleness rate is k. (b) Compare the convergence of ASGD with different staleness rate when the
learning rate is n=0.01. (c) Compare the convergence of ASGD and SGD in time.

Lemmas 4.1 and 4.2, one could have,

%&H(t) +CH(t)<0. (3.10)

2
*

Finally, the exponential decay of ||h(t)]|
relationship between H(t) and ||h(t)]|>.

4. Proof of Theorem 3.1

The following proposition summarizes a few equalities and inequalities, which will
be used frequently in the proof of the main theorem. The proofs are provided in the
Appendix.

can be derived from this inequality and the

PROPOSITION 4.1.  For Vg(t,z,v),h(t,x,v), the following statements hold
(a) (Tg,h),=—{g,Th),, (Th,h), =0.

(b) <Lg,h>*=—%<vvg,vvh>*.

(¢) (Rg.g). <caCallgl, (Rg.h).+(Rh.g), <eoCa (llgll2+Al2).

max{1,7,v%8v.6ws}
min{1,w2} .

11
(d) (Va(RR),Vh), < 56003 IV A2 +260C3 | Vo7

where Cy =

11
(e) (Vo(RR), Vo), < = eoC3 Vb2 +260C3 [ V]

15 15
(1) (ValR0), Vi), (Vo (BE), Vb, < D eoC3 Vbl + 2 coC3 Vb
The following lemma is the energy estimation of V,(3.2) and V,(3.2).
LEMMA 4.1. The weighted fluctuation function h(t,z,v) satisfies

d
= (IV2AI2+CIVhl?) +2%Z/M(invmhf+C’\8vivvh|2)dv

<—2(C—w})(Voh,Voh), —29C ||V b
+(11440) 0Ca ||V h||> 4 (4+11C) €0Cy ||V o 1| 2.
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Proof. After taking V, and V, to (3.2), multiplying them with V, hM and V,hM
respectively, and integrating over dxdv, one obtains

2dtHv W2+ (TV b, Voh), —w2 (Voh,Vah), = (LY h,Voh), + (Vi (Rh), YV h), .

LR+ (TV b, Voh) . + (Vah, Vuh), = (LY h, Voh). — (Voh, Voh).
+ (Vo (Rh),V,h), .

2dt

By invoking Proposition 4.1/(a), the second term of the LHS of each equation vanishes.
Multiplying these two equations with 1 and C respectively and adding them together
gives rise to

th(nv B2+ C V) = (LVoh, Vah), +C (LY R, Voh),)
<—(C=wd) (Vah,Vuh), —yC||Voh|? + (Vi (Rh),V h), +C(V,(Rh),V,h), (4.1)
After applying Proposition 4.1/(b),(d),(e), one obtains

1d

57 (IVhIE+CIVah12) + (Dav,.,vzmi+0||amvvh||i>
—(C=w§)(Vah, Voh), =1 C[Vuhl];

11
+< +20> €0Ca | VAl +(2+ C) €0Cs ||V uhl%.

LEMMA 4.2.
d Y
yr (Vih,V,h), + 25 Z (8, Vuh, 8y, Vb)),

15 15
(Vo Vuh), + 6B [Vuhl2 = [Vahll2+ 5 0GR [Vahl]2+ < €oCR [ Vo2

Proof. Taking V, and V, to (3.2), multiplying them by V,hM and V,hM
respectively, and integrating over dxdv, one obtains

d
<dtvwh,vvh> +(TV . h,V,h), —wi (Vuh,Vuh), = (LVh,V,h), + (Vi (Rh),V,h),.

d
<dtvvh7vxh> F(TVoh,Voh), 4+ (Vah,Vah), = (LV,h,Voh), —v(Vyh,Vah),
+ (Vo (Rh),Vh), .

From Proposition 4.1/(a), the sum of the second terms on the LHS of both equations
vanishes. Applying Proposition 4.1/(b) to the first term on the RHS of both equa-
tions combine them into a single term. Finally, summing the above two equations and
applying Proposition 4.1/(f) to the last terms leads to

d o
o (Voh,V,h), +2B Z (00, V2h, 05,V uh),

15 15
—7(Vah, Voh), +wi [ VohllZ = | VahZ + 5 €C3 VRl + - €0C3 IV (4.2)
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|
Proof. (The proof of Theorem 3.1.) By combining the results in Lemma 4.1
and Lemma 4.2, one concludes that

d 1
ﬁH(t)+/[Vrh,Vvh]K[Vzh,Vvh] 7 ddv

2y +1
— ) ) P|o,. ) —
+ / Bzi:[avlvxh,avlvvh] (00, V2D, 00,V h] " - dadv

§(11+4C+15C‘) 60022\|V$h||i+<4+110+15é’> «0C2||Voh)?, (4.3)
where
201 C—wi+~C)I I, CI
_ d ) ( 0 ’YA)d . p= Ad dl (4.4)
(C—w2+7vO) g (29C —2wiC)1y Cl; Cly
Note that K can be decomposed as,
T ) 01y Iy
K=QP+PQ', wtih@Q= ) . (4.5)
—wOId ’)/Id

By invoking Lemma 4.3 in [2], we know that there exists a positive definite matrix P
such that,

K=QP+Q"P>2uP, with p=min{Re(\): ) is an eigenvalue of Q}. (4.6)

The value of u, C, and C can be separated into three cases.

-case I: y<2uwo: p=7v, C=w?, C=v/2

- case 2: Y>2wo: p=7—1/72—4wd, C=+2/2—ui, C’:fy/?
- case 3: y=2wy: For V0> 0, there exists =~ —0,C(5),C(d), such that (4.6)
holds.
Inserting K > 24P and using the fact that H(t) = [[V,h,V,h|P[V,h,V,h]T L dzdv, we
can bound the second term in (4.3) from below by 2uH (t). By the positive definiteness
of P, the third term is always positive. Therefore,

d . .
S H(t)+2uH (1) < (11+4C+15c) «0C2||Voh|? + (4+11C+15C) €0C2||V b2,

d .
SH(1)+2(0— O H(t) < —26H (1) + (11 +110+ 150) 0 C2 (||Vxh||i + ||v,,h||3) ,
d 2 C ’

el _ < _ 5 _ ~

T H()+2(p— ) H(t) < —€||[Vah+ CVoh|| —e \@Vvthmeh

—e(C=C2) Ikl = 5 (0= C2) IVl
+ (11+110+15é) o C2 (|\vzh\|§+ ||Vvh||i) .

The RHS is less than 0 for all V A,V h if

(11+110+15é) €0C3 ge(céz’)mm{Lé},
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which implies that as long as ¢y is sufficiently small one has

d

SH(1)+2(n— ) H(1) <0 (4.7)

for e= (11 + 110—1—150) €0C3 mdx{l C}. By integrating (4.7) over time and applying
Gronwall’s inequality to it, we obtam
H(t) < H(0)e 2(1m=9)t,

By the Poincare inequality (3.5) and the positive definiteness of P, one can bound H ()
from below by ||h]|” up to a constant,

H() 2 (V]2 +(Vuh]2) 2 1A
Therefore, we can conclude

()2 S H(0)e w9,

Appendix. The proof of Proposition 4.1. Proof.
(a) The first equation can be proved via integration by parts,

(Tg,h>*:/(U~ng—w§x-vvg)thxdv
:/(—U~V$h—|—w§x~vvh)g—|—gh(—v-VxM—I—wgz-Vq,M)dxdv
—~(Thag).+ [ oh v (Bule) ~ - (30)) dudo=—(Thag)..

The second equation is directly followed by (T'h,h), =—(Th,h),.
(b) This equation can be obtained also by integration by parts,

(Lg,h), 5/M MVUg)thxdv——f/Mva V., hdxdv

5
=—L(V,g,V,h),.
6< g )

(¢) The first equation can be written as

(Rg,9), =(e-(Vog—V09).9), — {Be- (wiz—v) g9,9),

(
%(&(Vr’yvv)g ), —(Be (wiz—v) 9,9), (A1)

By integrating by parts the first term and using the definition of e=
€ (—wig(v—i—'ym)) M = exp(—pwd|x|?/2+ B|v|?/2), one has

§<s,<vw—wv>gz>*=—§<<vz—m>~s,gz> — (e (VW) M)

1
5 (Ve Ve ) g (e (o-0) ),

0
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1
:§<65-(w§x—7v),92>*. (A.2)
Inserting the above equation into (A.1) gives rise to
1 €0
(Rg,9), =5 (Be- (whz—v) .g°), < 5 (B +57) ]2 < coCa g2,

where we use the assumption |- ||, ,|€ V]|~ <€ in Assumption 3.1 at the
first inequality.
Now we estimate (Rg,h), + (Rh,g),. First, similar to (A.2), by the definition
of £, M, one has

(Rg,h),=(e-(Vag—7Vug),h), —(Be- (wiz—v) g.h),
:_<(V _’va)‘ggv}w _<Ega(vw_7vv)h>*_<E(Vz_7vv)Mgah>
<55 (Wox ’W)gah>
:0_<597(vz_’7vv) >*+0
Hence,
(Rg,h),+(Rh.g),
=—(e(Vye—7Vy)h,g), —|—<5~(V h=2Vh),g), —(Be- (wiz—~v) h,g),
— (Be- (who =) hug), < 5 (B +57) (12 +]19)?)
<eoCa (IRl +lg112)
(d) By the definition of R in (3.3),
(Vo(Rh),Vsh), =(RV . h,V k), 4+ (Vee(Veh—~Voh),Vh),
— B(Vae(wiz —yv)h,Vh) —Bws (eh,V,h),
<e0Cy | Voh|)? + (Vae(Vah —yVoh), Vb)),

1
= B(Vae(wiz —70)h, Vah), + 5 Bwieo @Il + Vb)),

(A.3)
where we apply the inequality (c¢) to the first term and Assumption 3.1
max;||&; | <€ to the last term of the above inequality. We will then es-

timate the second and third terms.

(Voe(Vieh—yVyh), Vi h), = Z <az_7 €i(0p,h =0, h), 0z, h>*
-fj

Z@ (Oz; =0y, 1), 04, h)
ZII@IILOO <2||8mih If+||3zjh||i>

8l 1 Y
<% (dmgxeélmo (2 IVahl+ 2 ||vvh||i> 4 (Z_sm) |v$h||i>

1
< Zoeo (G I+ J IV 19012 ) <eoCa (319,12 + 519,002
0
(A.4)

2
2+ 200
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where dmax; ||€}]| ;0,2 ;|l€5]| L« < €0, are used in the second inequality from
last. The third term in (A.3) can be bounded by,

- B<V$E(W8x _’yv)havwh>* = _ﬂz <az]-5i(w8xi _’yvi)haa’rj h>*

.9
VB
= _ng <Z€{L(w(2)$l _'Y’Ui)hzawjh>
J i «
B d 2 d 2 2
< Lo GBIz + G b+ 19212
<eoCy (dB|IB]12+ V1), (A5)

where ||e"- 2|, [|€" - V]|« < €0 are used in last inequality. Then inserting (A.4),
(A.5) into (A.3) leads to

1 3
(Vo (Rh),Vh), <4eoCo || Vh||2 + 56002 Vbl + 56002 (dﬁ ||h\|3) . (A6)

Now applying the Poincare inequality (3.5) under the Gaussian measure to
(A.6) gives rise to

3 1 3
(52 (0, Vat), < (160Ca+ SeaC3 ) IV + (GeaCt SeaCR ) 19,12,

(e) Similar to the proof of (d), one has

(Vo(RR),Vyh),
— (RV, 0,V oh), + (Voe(Vah =4V oh), Vo h),
—B(Ve(wiz—yv)h,Vyh) + By (eh,V,h),

1 3
<eaCall Vbl + s (5 19212+ 319,12
2 2 1 2, 1 2
+eoCs (ABINIZ+ IV 1) +eoCs (LBl + 2 [9nl?
3 9 2 1 3 9 2
< 460024-56002 ||Vvh||*+ 560024—56002 ||VIhH*

(f) Similar to the proof of (d), one has
(Vz(Rh),Vyh), +(V,(Rh),Vh),
= ((RV3h,Voh), + (RV b, Vo), ) + (Ve (Voh —AVoh), Voh),
— B(Vae(wiz —yv)h,Vh) — Bwg (eh, Vuh), + (Voe(Voh —yVh), Vb)),
—B{(Vye(wiz —~v)h, Vah), +B7v(eh,Vh),

9 9
< (26002+360022) IV.h|%+ (26002+360022> VR
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