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ABSTRACT

The Lookahead optimizer [Zhang et al., 2019] was recently pro-
posed and demonstrated to improve performance of stochastic first-
order methods for training deep neural networks. Lookahead can be
viewed as a two time-scale algorithm, where the fast dynamics (in-
ner optimizer) determine a search direction and the slow dynamics
(outer optimizer) perform updates by moving along this direction.
We prove that, with appropriate choice of step-sizes, Lookahead
converges to a stationary point of smooth non-convex functions. Al-
though Lookahead is described and implemented as a serial algo-
rithm, our analysis is based on viewing Lookahead as a multi-agent
optimization method with two agents communicating periodically.

Index Terms— Lookahead optimizer, deep learning, stochastic
non-convex optimization.

1. INTRODUCTION

Deep neural networks (DNNs) are essential contemporary tools
for machine learning tasks across a range of domains, including
speech recognition, computer vision, and natural language under-
standing [1, 2, 3]. Training DNNs for supervised learning tasks
essentially involves solving a finite-sum optimization problem of the
form,

min f(z),
z€Rd

wﬂf@y:%§:mm, M

where f; quantifies the loss of the model being trained with respect
to the <¢th training sample when the model has parameters «, for a
model with d parameters and training dataset with m training sam-
ples. The objective of training is to find model parameters  which
make the loss as small as possible on average over the entire training
set. In the training of DNNs, one challenge is that the functions f;
are not convex. Moreover, the problem dimensions d and m may
both be very large.

The most widely-used training methods make use of stochastic
gradients. For example, stochastic gradient descent (SGD) performs
updates

Tpt1 = T — Vg (T3 k),
where y;, is the learning rate and g(@x; £k ) is the stochastic gradient,
typically assumed to satisfy properties such as being unbiased and
having bounded variance; i.e.,

Ee[g(x; ) | ] = Vf(x), and )
Ee[llg(z:€) — V(@) | 2] < o® 3)

where o2 is a finite, non-negative scalar. In practice, stochastic gra-
dients arise when one estimates the gradient of f with a mini-batch

gradient: the average of the gradients of a small, randomly sampled
subset of terms f;.

Training large DNNs on large datasets is time-consuming, and
the search for more efficient optimization methods for this task
remains very active [4]. The recently-introduced Lookahead opti-
mizer [5] takes a novel approach to improving stability and reducing
variance for DNN training. Zhang et al. [5] propose the Looka-
head optimizer, which we describe in detail below, and empirically
demonstrate that it improves the performance of other methods like
SGD and ADAM [6] on image classification, language modeling,
and neural machine translation tasks. Zhang et al. [5] also provide
some theoretical guarantees in the case where f is quadratic. Specif-
ically, they derive an optimal step size and show that the variance
of Lookahead is lower than that of SGD when using stochastic gra-
dients, and they also provide some convergence guarantees in the
setting where f is quadratic and gradients are deterministic.

Our contribution in this paper is to provide a convergence analy-
sis of Lookahead in a more general setting. Specifically, we assume
that f is smooth (i.e., differentiable, with Lipschitz gradients) and
that the stochastic gradients satisfy the properties (2) and (3). In this
setting, our main results show that Lookahead converges to a first-
order stationary point; specifically, if one uses a sequence of step
sizes that decrease at an appropriate rate, then E[||V f(x)||?] — 0,
and if one uses an appropriately-chosen constant step size, then

L g BV @0l = 0 (=)

Perhaps surprisingly, although it is a serial optimization method, our
proof approach involves viewing Lookahead as a multi-agent opti-
mization method [7] with two agents. This allows us to leverage
existing analysis techniques for multi-agent stochastic optimization
methods, and it also opens the door to natural parallel, multi-agent
extensions of Lookahead.

2. THE LOOKAHEAD OPTIMIZER

The pseudo-code of Lookahead is listed in Algorithm 1. Lookahead
maintains two copies of the model parameters, the fast model and
a slow model. The fast model is updated at each iteration using the
selected base optimizer (e.g., SGD, ADAM). The slow model is only
updated every 7 steps and considers the change of the fast model, i.e.
Ti,r — Tt,0, as the descent direction and uses @ < 1 as the step size
as shown in line 6 of Algorithm 1. In the next round, the initial fast
model will be reset to the current value of slow model (see line 2).
We compare LookAhead with SGD Momentum on the CIFAR-
10 and ImageNet datasets. We train a Resnet-34 following the exper-
imental protocol of [2] on CIFAR10 and an Resnet-50 on ImageNet



Algorithm 1: Lookahead Optimizer of Zhang et al. [5]
Input: Initial model parameter zo; Objective function f(x);
Base optimizer A; Slow learning rate «; Inner loop
length 7.

1 fort € {0,1,..., T — 1} do

2 Synchronize parameters 0 < 2¢t—1

3 forl € {0,1,...,7— 1} do

4 | Base optimizer step: @111 = 11 — A(f, ©1,1)
5 end

6 Update slow model: z: = z:—1 + a(®t,r — X+t,0)

7 end
8 Return slow model z7_1
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Fig. 1: Comparison between SGD with Momentum and LookAhead
optimizers on CIFAR10 and ImageNet. We observe that LookAhead
provides optimization benefit over SGD with momentum on both
datasets. Using low values for the slow learning rate o can speed-up
the optimization initially, but do not achieve as good final training
loss as higher « values.

using a similar set-up than [8]. We use a batch-size of 256 and step-
wise learning rate decay. In both case, we observe that LookAhead
provides optimization benefit over SGD with momentum. Using low
value for the slow learning rate « can further speed-up the optimiza-
tion initially, but do not achieve as good final training loss as higher
« values. LookAhead did not lead to significantly better generaliza-
tion performances than SGD, in both settings.

3. CONVERGENCE ANALYSIS

In this section we provide a new perspective to analyze the Looka-
head optimizer by viewing the optimizer from a multi-agent perspec-
tive [7]. Specifically, one agent updates the fast model  and the
other agent updates the slow model z. While the fast model is up-
dated after every iteration using the base optimizer (e.g., SGD), the
slow model is only changed through the periodic synchronization
between agents. In a typical two-agent problem, the agents would
cooperate to minimize f1(x1) + f2(x2) subject to a consensus con-
straint 1 = x2. Here we have fi = f, fo = 0, &1 = «, and
o — Z.

The description of Lookahead originally presented in [5], and as
shown in Algorithm 1, involves nested loops, with the fast variables
updated in the inner loop, and the slow variables updated once in
each outer loop. Of course, the algorithm can be written equivalently
with a single loop (let us refer to an iteration counter k) where the
fast variables are updated at every iteration and the slow variables
are only updated at those iterations where, e.g., (k + 1) mod 7 = 0.
We will analyze this single-loop setting.

Formally, let x denote the fast model after k£ base optimizer
steps, and zj, denote the corresponding slow model. Define the pa-
rameter matrix Xy = [zx,2x] € R?*? and stochastic gradients
matrix Gy, = [g(xx; k), 0] € R¥*2. Then, the update rule of the
Lookahead optimizer can be written as

Xit1 = [ Xk — Gr] P 4)
where P, € R?*? represents the model synchronization matrix,

al’, (k4+1)mod7 =0
P, = ( ) (5)
I, otherwise

with @ = [, 1 — a]". It is worth noting that (Py) x>0 is a sequence
of time-varying column stochastic matrices, unlike many previous
works on decentralized optimization [7, 9, 10] which require Pj to
be row-stochastic or doubly-stochastic. Moreover, not every Py has
its second largest eigenvalue strictly less than one in magnitude. Pre-
vious studies using column-stochastic matrices include [11, 12, 13]
and those incorporating push-sum updates [14, 15].

Notethat1'a =a'1 = 1and Ia = a. Therefore, P.a = a.
Multiplying the vector a on both sides of (4), we have

Xit1a = [ Xk — 7 Gi] Pra 6)
= Xia — ayig(®r; &) (7
For the purpose of analysis, let us define the sequence y, = Xra =

axk + (1 —a)zk, Yk > 0. Substituting the definition of yy, into (7),
we obtain the simple vector-form update rule:

Yur1 = Yk — aveg(Tr; En). ®)

Comparing (8) to the normal SGD updates (yx+1 = Y —V69(Yr; Ek)),
we can observe that y, performs perturbed gradient updates using
an effective learning rate o<y, and the stochastic gradients are
evaluated at ¢, instead of y. Besides, note that, V¢ > 0,

Yir — Ttr = (1 — ) (2tr — @er) =0, )]
Yir — Ztr = a(XT4r — 247) = 0. (10)

The fast model, slow model and y; are equal to each other after
every 7 steps. Thus, if yi converges to a stationary point then the
fast model x; and slow model z; do too. In the sequel, we will
focus on analyzing the convergence of yy.

3.1. Main Results

The convergence analysis is based on the assumption that stochastic
gradients are unbiased and have bounded variance, as presented in
(2) and (3). Moreover, assume the objective function f(x) is L-
smooth, i.e.,

If(x) = f@)Il < Lz -yl ,Vz,y € R”. (11)

We first show that Lookahead with diminishing learning rate can
converge to a stationary point in the considered setting. The proofs
of all theorems are deferred to Section 3.2.

Theorem 1 (Convergence of Lookahead, diminishing learning rate).
Suppose the Lookahead optimizer is initialized at yo = xo = 2o.
If the fast learning rate is kept as a constant within each inner loop,
i.e, Yer4l = Yer, Vt > 0,1 € {0,1,...,7 — 1}, and satisfies

> =00, 3 A <00, ¥ i <oo,  (12)
t=0 t=0 t=0

aver L+ (1 — )75 LPr(r —1) < 1,Vt > 0 (13)



then under Assumptions (2), (3) and (11), we have that

lim inf E[|[Vf (yx)|*] = 0.

In order to get a sense of the convergence rate and how the op-
timization error bound is influenced by different hyper-parameters,
we have the following theorem.

Theorem 2 (Convergence of Lookahead, fixed learning rate). Sup-
pose the Lookahead optimizer is initialized at yo = xo = zo. If the
fast learning rate is kept as a constant within each inner loop, i.e.,
Yer+t = v, VE > 0,1 € {0,1,...,7 — 1}, and satisfies (13), then
under Assumptions (2), (3) and (11), we have that:

= > ElIV (o)l SW

+(1—a)’y’L?c*(r—1) (14)

+ ()fyLU2

where fi,y denotes the lower bound of the objective function. Fur-
thermore, if we set v = 1/v/ K, then the above bound becomes:

K-1

1 2[f(yo) — fi] + o’ Lo®
k:OEHVf yr)|?] < ;-
272 2
+(1fa) LKU (r=1) 15)
_0 (\%) (16)

Theorem 2 shows that when the learning rate is configured prop-
erly, Lookahead can achieve the same asymptotic convergence rate
1/ V'K as mini-batch SGD [4]. Furthermore, note that when v is
fixed and K approaches to the infinity, the optimization error bound
(14) becomes ayLo? + (1 — a)*42L?0? (1 — 1). There should be a
best value of o that minimizes the error bound. Besides, comparing
to the asymptotic error floor of mini-batch SGD (yLo?), one can ob-
serve that only when (1 —a)yL(7—1) < 1, Lookahead can achieve
a better bound. This puts a constraint on the minimal value of o and
is corroborated well by experiments in Figure 1: a small o cannot
achieve as good final training loss as higher « values.

3.2. Proofs of Main Theorems
It follows from (11) and the update rule (8) that

Fyrt1) = flyr) < —ave (Vf(yr),

a’Yk

g(xr; Ex))
llg(r; &)l - an

+

For the ease of writing, we denote by E[] the conditional expecta-
tion B¢, ~p[-|F&], where Fy, is the sigma algebra generated by the
noise in stochastic gradients until iteration k. Taking the conditional
expectation on both sides of (17), for the first term on RHS, we have

Ex[(Vf(yr), 9(n; €0))] = (VF(yr), V(@) (18)
=2 (V@I + 197 @) ~ IV £ ) — V()]

19

>5 (I F o)l + [V f (@)l = L2 s — zx]°] (20)

a)’L? [|lzx — z|%]
21

=5 IV @I + IV F(@)l* — (1~

l\)\»—tw\)—t

where (20) follows (11) and (21) comes from the definition of y.
For the second term on RHS of (17), applying Assumptions (2)
and (3),

B [lg(r; €)I17] < IV f(@e)l* + 0, (22)

Plugging (21) and (22) back into (17) and taking the total expecta-
tion, we get

B (e)] <ELf ()] — SB[ 97 ] + S2EET
~ 2 (1= an D) E [V (@)’
4 ME [l — 2] - (23)

Without loss of generality, assume that £ = ¢7 4 [, where ¢ > 0
denotes the index of outer iterationand [ € {0,1,...,7—1} denotes
the index of inner loop steps. Note that the fast learning rate is kept
the same within each inner loop, that is, yir4+1 = ¢+, V¢, . Then,
summing over the ¢-th outer iteration,

E[f(yes1)-)] — E[f (yer)]

yer 21, a9 Lo’T
<= TSRV i) 7] + 0T
=0
T—1
a'ytﬂ'

y (=) 3 B[V (@ir)I]
_ a)2L2 T—1
2

(1
oy E[lirs — zeosill?] . 24)

=

o

Now, we are going to bound the last term in (24). Recall that ¢, =
Zir = Zir+41, Vvt > 0,1 < 7. It follows that

E [[[&erii — zeral|*] =E [[[@ers1 — @er||] (25)
tr+i—1 2
=E || Y. vrg(@s;8) (26)
j=tr
tri—1 2
=veE ||| Y g9(@s5¢) 27)
j=tr

Repeatedly using the fact | >7_ | a; H2 < Jlail|?, we get

tr4i—1 2

Elll Y g@;8)
j=tT
trl—1 2 ||tr4i-1 2
<2E Z (9(x;;&5) — V f(z5)) Z Vf(z;)
Jj=tT Jj=tt
(28)
trl—1 2
<20°1+2E ||| > Vf(z) (29)
Jj=tr
tt+1—1
<20°1+20 > E[|Vf(x;)|’] (30)
Jj=tr

where (29) uses the fact that {¢;} is an i.i.d. sequence of random
variables, and hence, for all j, s,

E[{g(x;;&) — VI(x)), 9(xs: &) — V(@) =0 (3D)



Combining (27) and (30) and summing from! =0tol =7 — 1,

T—1
> E[[|@ir+t — zer)’] (32
=0

T—1 tr41-1

<P (r =D+ 295> 1> EV ()] (33)
=0 j=tT
T—2 T—1

— (= e+ 295 S BNV @) S s| G4
=0 s=l+1

T—2

=0y (1 = D7 +9% Y [ElIVF (@erid) P + (7 = 1= D)] -

1=0
(35)

Note that (7 + 1) (7 — 1 — ) achieves its maximal value when [ = 0.
Therefore, we have

T—1
D E (@it — zersl|?] (36)
=0

T—2
<o*ir (1= D7 + 37 (1 = D7 Y B[V (@er)?] BT
=0
T—1
<yir (T = D7 [0 + Y E[IVF(@eri) 7] - (38

1=0

Here, we finish bounding the last term in (24). Substituting (38) into
(24), one can obtain

ELf (y+1)r)] — E[f (yir)]

yer 2, @i Lo’T
<= O SRV Sml] + ST
(1 —a)’avi.L2o?r (1 — 1)

+ 2
1=0

(39

where C' = 1 — ayr L — (1 — «)?~Z. L>7(7 — 1). According to the
constraint given in (13), C' > 0 and thus,

E[f(y(tJrl)‘r)] - ]E[f(ytT)]

T—1
QYtr 2
ST ;E IV f(yer)|I7] +
(1 —a)?avi.LPo*r(r — 1)
2

a?~2 Lot
2

—+

(40)

Summing over both sides of (40) from¢ =0tot =T — 1,

Elfrr) - fwo)]
1 — = a La T
<- 5; E IV (o)) Z%f

Z Vir- (41)

o 07'71
- S E(IVF @) ]

After minor rearranging, we have

’TS Z%TZE IV f (@er+0)|7]
t=0

<2E[f(yo) — flyr)]  r o 221y ir

- atSr St
+ (1 —a)’L?c*(r -1 )Zt il (42)
ST
<2/ (yo) — fmf} 2Zt 0 Vir
- atST T

Et 0 '_Yt-r

T

+(1—a)’L?c?(r —1)==0 1 (43)
where ST = ZtT;Ol 7. Recall the learning rate constraint (12),
as the increase of 7', the RHS of (43) approaches to 0. Here, we
complete the proof of Theorem 1.

When the (fast) learning rate is a fixed constant, i.e., yir =
v, Vt > 0, the upper bound (43) changes to

T—17—1 1 K—-1
Z S E[IVF ()] E [V £(y)*]
t=0 [=0 k=0

2[f(yo) — fini] 2 N2.272 2/
< oK +ayLo"+ (1 —a)"y"'Lc"(r—1) (44

where K = T'7 is the total number of iterations. When we set

v = 1/VK, it follows that

1 K-—1
7 2 ElIVFw0)l’]
k=0
[f yO fmt] + « 2Lo? (1 — a)2L20-2(7- _ 1)
/K K . (45)

which completes the proof of Theorem 2.

4. CONCLUSIONS

We have shown that Lookahead converges to a first-order stationary
point of smooth non-convex settings when the stochastic gradients
are unbiased and have finite variance and the base optimizer is SGD.
Our proof approach involves viewing Lookahead, which is readily
described as a two-timescale algorithm, as a multi-agent optimiza-
tion method with two agents (one fast, one slow) which periodically
synchronize.

While a direct approach to scaling up Lookahead would be to use
a method like large mini-batch SGD as the fast optimizer, the multi-
agent perspective also naturally leads to a decentralized implemen-
tation where nodes use approximate distributed averaging. Another
natural extension of Lookahead is to incorporate some form of mo-
mentum into the slow update step. We found that using momentum
in the slow update did not provide any advantage for serial Looka-
head. However, using momentum in the slow updates provides a
substantial improvement in the multi-agent setting. We investigate
this further in our recent submission [16].
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