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Abstract

Bilevel optimization, which captures the inherent
nested structure of machine learning problems, is
gaining popularity in many recent applications.
Existing works on bilevel optimization mostly
consider either the unconstrained problems or the
constrained upper-level problems. In this con-
text, this paper considers the stochastic bilevel
optimization problems with equality constraints
in both upper and lower levels. By leveraging
the special structure of the equality constraints
problem, the paper first presents an alternating
projected SGD approach to tackle this problem
and establishes the O(e~2) sample and iteration
complexity that matches the state-of-the-art com-
plexity of ALSET (Chen et al.|[2021)) for stochas-
tic unconstrained bilevel problems. To further
save the cost of projection, the paper presents
an alternating projected SGD approach with lazy
projection and establishes the O(e~2/T’) upper-
level and O(e~15/T'3) lower-level projection
complexity of this new algorithm, where T is
the upper-level projection interval. Application
to federated bilevel optimization has been pre-
sented to showcase the performance of our al-
gorithms. Our results demonstrate that equality-
constrained bilevel optimization with strongly-
convex lower-level problems can be solved as
efficiently as stochastic single-level optimization
problems. The code is available at https://
github.com/hanshen95/A1POD.

1 Introduction

Projected stochastic gradient descent (SGD) is a funda-
mental approach to solving large-scale constrained single-
level machine learning problems. Specifically, to minimize
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E¢ [£(x;£)] over a given convex set X', it generates the se-
quence ¢t = Proj (2 — aVL(2*; £F)), where o > 0
is the stepsize and VL (z*; £¥) is a stochastic gradient es-
timate of E¢ [L(z*;€)]. If E¢ [£(x; €)] is nonconvex, pro-
jected SGD requires a sample complexity of O(e~?) with
O(1/¢) batch size (Ghadimi et al.| 2016). The requirement
of O(1/¢) batch size has been later relaxed in (Davis and
Drusvyatskiy, [2019) using the Moreau envelope technique,
and its convergence rate matches that of vanilla SGD.

However, recent machine learning applications often go
beyond the single-level structure, including hyperparame-
ter optimization (Maclaurin et al., 2015} [Franceschi et al.}
2017), meta learning (Finn et al.|2017), reinforcement learn-
ing (Sutton and Bartol [2018) and neural architecture search
(Liu et al.,2019). While the nonasymptotic analysis of the
alternating SGD for unconstrained bilevel optimization with
strongly convex and smooth lower-level problems were well-
understood (Ghadimi and Wang}| 2018} |Hong et al.| 2020 Ji
et al.,|2021;|Chen et al., 20215 L1 et al., [2022al)), to our best
of knowledge, finite-time guarantee of alternating projected
SGD on bilevel problems with both upper-level (UL) and
lower-level (LL) constraints have not been investigated yet.
In this context, a natural but important question is

Can we establish the O(e~2) iteration and sample
complexity of alternating projected SGD for a family of
bilevel problems with both UL and LL constraints?

We give an affirmative answer to this question for the fol-
lowing stochastic bilevel optimization problems with both
UL and LL constraints, given by

gIél/Iyl F(z) £ Ee[f(x,y*(2); )]

sty (x) £ argmin Eolg(z,y; @)]
yeY(z)

(upper) (la)
(lower) (1b)

where £ and ¢ are random variables, X = {x | Bx = e} C
R and Y(z) = {y | Ay + h(z) = ¢} C R% are closed
convex set; A € R™v X% B ¢ RMeXdz ¢ ¢ R™v ¢ €
R™= b : Ré= — R™v; A and B are not necessarily full
row or column rank and A can be nonlinear. In @), the UL
optimization problem depends on the solution of the LL op-
timization over y, and both the LL function and constraint
set depend on the UL variable x. The equality constrained
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bilevel problem (T)) covers a wider class of applications than
the unconstrained bilevel optimization, such as distributed
bilevel optimization (Tarzanagh et al., [2022; Yang et al.,
2022), hyperparameter optimization for optimal transport
(Luise et al.| 2018} |/Gould et al.,2022), and design of trans-
portation networks (Marcottel 1986} |Alizadeh et al.,[2013).
When A = 0,B =0,h = 0,c = 0,e = 0, the problem
reduces to the unconstrained stochastic bilevel problem
(Ghadimi and Wang| 2018} /Hong et al., 2020; Ji et al., 2021}
Khanduri et al., 2021} |Chen et al., 2021}, [2022al).

Generically speaking, to solve (IJ), we can resort to alternat-
ing projected SGD method that performs

y* = Projy,x) (v* — BhY) (2a)
oM = Projy (2 — BhY) (2b)

where h’; is an unbiased stochastic gradient estimator of
Eylg(z*, y*; )], h’} is a (possibly biased) stochastic gradi-
ent estimator of F(xk), and, « and 3 are stepsizes. An im-
mediate challenge in analyzing the projected SGD updates
in @) is that h’;: is usually biased due to the inaccessibility
of y*(x). Moreover, the bias is roughly proportional to the
LL accuracy [y**! — y*(2*)]|, but the latter is not ensured
to be small enough after O(1) LL steps. Therefore, if we di-
rectly apply the existing analysis for nonconvex constrained
single level problem (Davis and Drusvyatskiyl[2019) to even
merely UL constrained bilevel problem, it either leads to
suboptimal rate (Hong et al., |2020) or requires additional
LL corrections (Chen et al2022a)), let alone coupled with
LL constraints. Leveraging the smoothness of the projection
to linear equality constraints, we develop problem-specific
proof and establish the convergence of alternating projected
SGD comparable to the unconstrained case.

Furthermore, alternating projected SGD in (2)) may not be
suitable for the scenarios where evaluating projections is ex-
pensive since it calls projections at every step. For example,
when the constraint set represents the consensus constraint
in federated bilevel learning (Tarzanagh et al., [2022), pro-
jection amounts to averaging the gradients of all clients
(Parikh et al.| 2014}, which suffers from high communica-
tion cost. This motivates a projection-efficient algorithm for
(I) beyond alternating projected SGD.

1.1 Contributions

In this context, we consider the bilevel optimization with
(possibly coupled) equality constraints. We analyze the
convergence rate for alternating projected SGD, AiPOD for
short, propose a projection efficient variant of AiPOD and
apply it to the federated bilevel optimization. We summarize
our contributions as follows.

C1) We provide the first nonasymptotic analysis of AiPOD
for bilevel optimization with both UL and LL con-
straints and attain the O(e~2) sample complexity to

achieve e stationary point of (), which matches the
complexity of alternating SGD algorithm for uncon-
strained bilevel problem (Chen et al.,|[2021).

C2) We propose an efficient variant of AiPOD termed E-
AiPOD tailored to the setting where evaluating pro-
jection is costly, and establish an improved projec-
tion complexity of the UL and LL variable over Ai-
POD respectively, i.e. from O(e~2) to O(e~2/T) and
O(e~15/T%), where T is the UL projection interval.

C3) We show the implication of the proposed method on
federated bilevel learning and provide the enhanced
communication complexity over the state-of-the-art
work (Tarzanagh et all 2022). Experiments on numeri-
cal examples and federated hyperparameter optimiza-
tion are provided to verify our theoretical findings.

1.2 Technical challenges

We highlight the technical challenges for the analysis.

T1) The state-of-the-art analysis of unconstrained bilevel
optimization (Ghadimi and Wang, 2018; |[Hong et al.,
2020; |Chen et al., |2021) relies on the smoothness of
the implicit gradient mapping Vy*(x). However, the
well-known formula of Vy*(z) does not hold when
LL problem has constraints so that the smoothness of
y*(x) is unknown.

T2) The update of UL can be viewed as biased projected
SGD. However, the bias of gradient estimator will lead
to suboptimal rates if we directly apply the general
analysis of projected SGD (Davis and Drusvyatskiyl,
2019) to the UL sequence x, since we can not separate
out a negative term to mitigate the LL bias.

T3) The Lyapunov function that is critical in analyzing the
single-loop unconstrained bilevel optimization (Chen
et all 2021) is insufficient for the analysis of our
projection-efficient variant E-AiPOD due to the ad-
ditional errors caused by skipping projections steps.

1.3 Related works

To put our work in context, we review prior art from the
following two categories.

Unconstrained bilevel optimization. Bilevel optimiza-
tion has a long history back to (Bracken and McGill, 1973
and has inspired a rich literature, e.g., (Ye and Zhu| [1995j
Vicente and Calamai, [1994;|Colson et al.,[2007; |Sinha et al.,
2017). Later on, spurred by the advancement of hyperpa-
rameter optimization (Maclaurin et al., 2015} [Franceschi
et al.,[2018)) and meta learning (Finn et al.|2017), bilevel
optimization has received more attention as a unified tool for
problems with nested structure. With the more use cases in
large-scale machine learning, developing stochastic methods
with finite-time guarentee has become the recent focus in the
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AiPOD E-AiPOD BSA ALSET | stocBiO FSLA TTSA 1G-AL
stochasticity v v v v v 4 X
UL constraint v v X X X v X
LL constraint v v X X X X v

y-update projected SGD proxskip SGD SGD SGD SGD SGD ALM
sample complexity O(e7?) O(e7?) O3 | O(2) | O?) | O(e?) | O %) /
UL projection O(c™?) O(e72/T) / / / O(e=2?) /
LL projection O(e7?) O(e 1°/T%) / / / / /

Table 1: Sample complexity and projection complexity of our methods AiPOD, E-AiPOD and the state-of-the-art works on
bilevel problem (BSA in (Ghadimi and Wang] 2018)), ALSET in (Chen et al.| 2021)), stoBiO in (Ji et al., 2021, FSLA in
(L1 et al., [2022a), TTSA in (Hong et al., 2020)), IG-AL in (Tsaknakis et al.,|2022)) to achieve an € stationary point, where
proxskip is in (Mishchenko et al., 2022)) and ALM denotes Augmented Lagrangian methods. The notation O omits the

polynomial dependency on log(e~!) terms.

area of bilevel optimization. The interest of the nonasym-
pototic analysis of the stochastic bilevel optimization has
been stimulated since a recent work (Ghadimi and Wang,
2018) that tackles the bilevel setting where the LL objec-
tive is strongly convex and Lipschitz smooth. As VF(x)
contains the Hessian inverse of the LL objective which is
computational expensive, it has emerged various numeric
approximation methods including Neumann series approxi-
mation (Ghadimi and Wang} 2018)), unrolling differentiation
(Grazzi et al.| [2020), and conjugate gradient (J1 et al.,2021);
see a comparison in (Lorraine et al.||2020; Ji et al., 2022). In
terms of the alternating SGD algorithm, (Chen et al., 2021
achieved the O(e~2) sample complexity, which matches the
results for single level case. Recently, (Li et al.,[2022a)) has
put forward a fully single-loop algorithm which updates the
Hessian inverse approximation dynamically. Beyond the
alternating SGD framework, (Khanduri et al., 2021} |Yang
et al.,[2021b) incorporate variance reduction techniques to
further accelerate the convergence; see a recent survey for
bilevel optimization (Liu et al., 2021a). Nevertheless, none
of them solve (T)) with both UL and LL constraints.

Constrained bilevel optimization. While the nonasympo-
totic convergence for various approaches in unconstrained
bilevel setting has been extensively studied in literature,
the nonasymptotic analysis of stochastic algorithms for con-
strained bilevel optimization problems is very limited. Some
recent efforts have been devoted to tackle the constrained
UL setting. Hong et al.[(2020) has established O (e~25) rate
of TTSA which applied SGD in LL update and projected
SGD in UL update; [Chen et al.|(2022a) has achieved @(6’2)
convergence rate by adding additional corrections on LL
update for the stochastic setting; (Chen et al.| (2022c) has
proved the O(e~!) convergence rate of proximal acceler-
ated gradient based method for deterministic constrained UL
problem under the Kurdyka-t.ojasiewicz geometry. As for
constrained LL problem, the vast majority of works focus on
either the asymptotic analysis, e.g., initialization auxiliary
method (Liu et al.,[2021b)), value function based approach
(Gao et al., 2022b); or design aspects, e.g. optimality of
bilevel problem (Dempe et al., 2007; Ye and Zhul |2010),

reformulation (Dempe and Zemkohol [2013}Brotcorne et al.,
2013), and differential properties (Gould et al.| [2016} |Dyro
et al.,|2022). The notable exception is a recent breakthrough
(Tsaknakis et al.,|2022), which tackles linearly inequality
constrained LL problem in a double-loop manner, i.e. up-
date UL variable after attaining a sufficiently accurate LL
solution. However, the overall iteration/sample complexity
has not been established therein.

We summarize the comparison of our work with the closely
related prior art in Table|[T]

2 AiPOD for Stochastic Bilevel Problems

In this section, we introduce notations, present the AiPOD
algorithm and establish the finite-time convergence for it.

2.1 Preliminaries

For convenience, we define g(z,y) := Ey [¢(z,y; ¢)] and
f(z,y) == Ee [f(z,y;€)]. We also define V,g(z,y) as
the Hessian of g with respsect to y and denote

a2 22
mg(ac,y) mg(%y)

Vayg(z,y) = : .
o a2
3xdm3ylg(w’y) 3xdmaydyg($7y)'
We use || - || to denote the ¢5 norm for vectors and Frobe-

nius norm for matrix. We also denote AT and BT as the the
Moore Penrose inverse of A and B (James| [1978). More-
over, we define P, := I — BT B as the projection matrix
over the null space of = and ||z||p, := \/z " P,z as the P,
weighted Euclidean norm.

In literature, the common convergence metric for con-
strained optimization is (Ghadimi et al.| 2016

E[]A} (@ - Projy(z — AVF@))[2] @)

for some A > 0. In (I), since X contains only linear equality
constraints, (3)) can be simplified according to the following
lemma, the proof of which will be deferred to Appendix B}
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Lemma 1. For any x € X and any A > 0, we have that

INTH (@ = Projy(z = AVF ()| = [IVF(2)lI3,

Therefore, we define the e stationary point x for (I as

E[|VF(z)|3,] <e 4)

If B = 0, @) is reduced to E [|[VF(z)||?] < e, which is
the standard stationary measure for unconstrained stochastic
bilevel optimization settings (Ghadimi and Wang} 2018 Ji
et al., 2021} Chen et al., 2021).

2.2 The basic algorithm

In this section, we will introduce the basic version of AiPOD
algorithm for (TJ), which updates z and y in an alternating
projected SGD manner.

At a given UL iteration k, we update 4**! by the output of
the S projected SGD steps for g(x*, y). With initialization
y*0 = y*, we update

y* T = Projy ey (v° — BVg(a", "% 67%))  (5)

and set y* ! = y*9. For UL, the gradient VF(z) can be
calculated by the chain rule

VF(z) = Vo f(z,y*(x) + V y* (2)V, f(z, 5" (x)) 6)

where the implicit mapping Vy*(x) is essential.

Without LL constraint, Vy*(x) can be derived from the LL
optimality condition V,g(z, y*(z)) = 0 as (Ghadimi and
Wang| 2018))

Vy*(2) = =V, 9(2,y" (1)) Vyeg(z,y" (2)). (D)

We generalize it to the constrained LL setting, and establish
the implicit gradient for constrained LL in the following
lemma, the proof of which is deferred to Appendix [C.1]

Lemma 2. Define Vs as the orthogonal basis of Ker(A) :=
{y | Ay = 0}. When g(z,y) is twice differentiable and
strongly convex over y, the implicit gradient Vy* () can be
written as

Uy (2) == Va(2 Viyg(a v @)Ve) Ve
% (Vyag(@, 4" (@) = Vog(w,y" (2))A'Vh(x)) — A'Vh(2)

Py

®)
where AT is the Moore-Penrose inverse of A.
Compared with (7), the term P; in (8) can be viewed as

projecting V, 1g(x,y* (x)) to Ker(A); while P, accounts
for the coupling constraints Ay + h(x) = c.

Algorithm 1 AiPOD for constrained bilevel problem

Initialization: 2, y°, stepsizes {«, 8}, N
fork=0to K —1do
: fors =0to S —1do
update y***1 by ().

1:

2:

3 > Set 40 = ¥
4:

5 end for

6.

7

8

9:

> Set yFt+1 = ¢S
evaluate w* in (@B)
calculate /% in
update 2* ! = Proj (zF — ahf)

end for

With the similar spirits of the existing works (Ghadimi and
Wang| |2018}; Hong et al.|[2020; (Chen et al.,[2021)), we obtain
the UL gradient estimator h’;c at UL iteration k by setting

x = z¥, approximating y*(z*) by y**1 in () and estimat-
ing P; by Neumann series. Thus, h’} is defined as

B =V, f(aF, yF T ¢F) + wP (92)

where w* is defined as (cf. () and (§))
w*i= (Vh(a*) ATV 9" 5" o)

Vg, v 6l) )

N/
cN C T k k+l. k T
X Va [el‘[ (I—EVQ Vuug (0566 ) v2>]v2

g’ln:1

x Vyf(@®, y* €)= V(") TATT Y, £ (2,451 €Y)
(9b)

where ¢ € (0, 1] is a given constant, N' is drawn uniformly
at random from {0, -~ N — 1}, and {{), -+ , ¢y } are
i.i.d samples.

We can update 2**! by projected SGD with estimator h’}

in (9a) in the outer loop and update y**1 by projected SGD
in the inner loop (3); see the full algorithm in Algorithm|[I]

2.3 Theoretical analysis

For the analysis, we make the following assumptions.
Assumption 1. Assume that f,Vf,Vg,Vayg9,Vyyg, h
and Vh are Lipschitz continuous with {¢,0¢1,041,
ly.2,8g2,0h0,0n,1, respectively.

Assumption 2. For any fixed x, assume that g(x,y) is fig-
strongly convex with respect to y € R%.

Assumption 3. The stochastic estimators V f(x,y;£),
Vo(@,y;8), Vayg(@,y;¢) and Vyyg(x,y;¢) are un-
biased estimators of Vf(x,y),Vg(z,y), Vayg(x,y)
and Vy,g(x,y), and their variance are bounded by
UJ%, 0371, 0372 and 03,2, respectively.

Assumption 4. The set X is nonempty. For any x, the set
Y(z) is nonempty.

Assumption|[TH3]are standard for stochastic bilevel optimiza-
tion (Ghadimi and Wang} 2018} Hong et al., 2020; Ji et al.,
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2021; Khanduri et al.| 2021} |Chen et al.l 2021] [2022a; L1
et al., 2022a)). AssumptionE]is to ensure the feasibility of
the problem (I). Since Ay = b has solution y if and only
if AATh = b according to (James, |1978), Assumption E]
is equivalent to AAT(c — h(x)) = ¢ — h(x). One suffi-
cient but not necessary condition for Assumption[]is that
A is full row rank, which does not impose any additional
requirement on h(z). Another sufficient condition is Vz,
¢ — h(z) € Ran(A), e.g., h(z) = 0,¢ = 0, where A is not
necessarily full row rank.

One of the keys to establishing @(6_2) convergence rate of
unconstrained bilevel optimization (Chen et al., 2021} [Li
et al.,[2022a) is to utilize the smoothness of y*(z). Thanks
to the singular value decomposition, we can obtain the
smoothness of y*(z) for linearly equality constrained LL
@) in the next lemma, the proof of which is deferred to
Appendix [C.T]

Lemma 3. Under Assumption and Wl y*(x) is Ly-
Lipschitz continuous and L,,,.- smooth, where the constants

L, and L., are specified in Appendix|C-1|

However, due to the UL constraint, the proof for uncon-
strained stochastic bilevel optimization (Chen et al.,|2021)
cannot be applied even with the smoothness of y*(z) in
Lemma For constrained UL with LL unconstrained
bilevel problem, the recent works (Hong et al.| 20205 |Chen
et al.||2022a) have leveraged the Moreau envelope technique
in (Davis and Drusvyatskiy, [2019) to develop projected im-
plicit SGD. However, when the stochastic gradient estimator
is biased, the bias term delays at a slower timescale. As a
result, existing methods either suffer from the suboptimal
O(e=2?) iteration complexity (Hong et al.l 2020), or re-
quire an additional correction in the LL update to achieve
the O(e~2) iteration complexity (Chen et al., 2022a). Ow-
ing to the special property of linear-equality constraits in
Lemma we establish the O(e~?2) iteration complexity of
Algorithm|[T]in the next lemma without resorting to Moreau
envelope technique. The proof is deferred to Appendix [C.4]

Theorem 4 (Convergence of AiPOD). Under Assumption
if we choose N = O(log K') and

), o Pt
), - a
VK Hg

where a1, g are defined in (69) then for any S = O(1) in
Algorithm[I} we have

1= S (1
7 2 EIVFeII] =0 7z).

Theorem [ shows that Algorithm [T]achieves an e- station-
ary point by O(e~?2) iterations, which matches the itera-
tion complexity of single level stochastic projected gradient
descent method (Davis and Drusvyatskiyl, 2019) and the
unconstrained bilevel SGD method (Chen et al., [2021).

o = min (dl, Qo,

3 Extensions to Lazy Projections

In this section, we focus on the case when evaluating pro-
jection is expensive and then propose a projection efficient
method E-AiPOD to avoid frequent projection steps.

Besides the explicit projections for - and y- updates in
Algorithm calculating w* in (9B) also requires projecting
Vg (a®, yi c;S’(“n)) onto the null space of the LL prob-
lem, i.e. calculating V5"V, g(a*, " 6f,))Va. We use
the following ways to save projections.

Lazy LL projection. We leverage a recent breakthrough
of projected SGD called Proxskip (Mishchenko et al.| [2022)
in the LL update which evaluates projection lazily with
probability 0 < p < 1. At each LL iteration s, we first
perform an SGD update corrected by the residual r** as

grtt =yt = B(Vyg(a®, Y ¢

With probability 1 — p, we skip the projection and keep
k,s.

— ™). (10a)

yFostl = ghestl phstl — pkis. with probability p, we
update LL parameter y** and the residual 7** as
y* = Projy gy (57 = Br/p) - (10b)
rk,s-‘,—l _ Tk’s +p(yk,s+1 _ Qk’s+1)/ﬁ. (1OC)

In (T0d), 7*** compensates the error of lazy projection and
is updated every 1/p rounds in expectation so that the cor-
rected gradient descent in can approximate the pro-
jected SGD update in (3). If the overall convergence rate
for AiPOD equipped with LL lazy projection mechanism
does not deteriorate, the expected number of projection
evaluations is reduced from K S to pK S.

Delay computation of w" and reduce UL projection. To
save UL projection, at upper iteration k, we calculate w" by
([©B) once and update 2* by SGD T times, given by

ot = gkt _ ozh];’t, t=20,--
k

S T—1, (lla)

with 20 =
where the estimator h’;’t is defined below

BET =L L) p k. (1)

where w" is defined in (OB). Compared with A% in (a),

h]}’t can be regarded as the UL gradient estimator at 2!
obtained by delayed Hessian inverse vector approximation
wk. After T rounds, we update 2*+1 by

2F L = (1 = §)z* + 6 Proj, («®7) (12)

where 6 > 1 positively correlates to T so that scales the
projected descent stepsizes. In this way, we only project the
Hessian estimator to the null space to evaluate w” att = 0
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Algorithm 2 E-AiPOD for constrained bilevel problem

1: Initialize: 2°,y", stepsizes {, 3, §}, probability p, N
2: fork=0to K —1do

3 fors =0to S —1do b»sety®? =gk k0 =k
4: update §***1 by (T0a)

5: draw Bernoulli % with p

6: if 9% = 1 then

7 update y***1 by

8 else

9- yk,s+1 gk ,s+1
10: end if
1: update r*5*1 by
122 end for > set PRt = pFS and yF+1 = ¢85
13: compute w* defined in (OB).
14: fort=0to7T — 1do
15: calculate h];’t in (T1D)
16: update z**+1 by (TTa)
17:  end for > set 270 = oF

18:  update x**1 by (12)
19: end for

and project x sequence at the end of the T-loop. The error
resulting from the delayed w* will be shown to be bounded
by O(a?), which is not the dominating term in the analysis.

We summarize E-AiPOD in Algorithm [2]and characterize
its convergence rate by using a new Lyapunov function as

VF = F(zb)

w2 (@) - 12 + St = @) a3)
L, p?

where L and L, are constants defined in Appendix|C.T]and
The complexity bound of E-AiPOD is stated in the
following theorem.

Theorem 5 (Convergence of E-AiPOD). Under Assump-
tion[IH4) if we choose stepsizes such that adT < &, where
a < 1 is a constant formally defined in (94), and let
B =0aT),p=0((P),S = O(1), then the sequences
generated by Algorithm|2| satisfies

K-1

1 2(V0 — F*)

adTK
+ 2c267a8 + O(a?6°T) (14)

E[|VF(z
k=0

Hp ] S +2€10'§’1O£6T

where c1 and co are constant formally defined in Appendix
[D.3|and F* is the lower bound of F(z).

With proper choices of « and 4, the four terms in (I4) could
vanish simultaneously. The following corollary shows the
results for vanilla periodical projections when ¢ = 1.

Corollary 6 (Reduction of LL projection). Under the

Theor = -2
same condition of Theo em if we choose a TV

d = 1, the convergence rate of Algorithm[2]is

1= 1

=Y E[|VFE":]=0(—==). a5

F X EIVEIRI =0 (). a9
Since K = O(e™2) and p = O(/B) = O(K %), the total
number of evaluations of LL projection is reduced to

O(pK) = O(K%) = O(e™19). (16)

Corollary [6]implies that the convergence rate of E-AiPOD
is the same as that of AiPOD when § = 1, but the LL pro-
jection complexity can be reduced to O(e~1-5). Compared
with Proxskip (Mishchenko et al.l [2022) which improves
the projection complexity on k = ¢4 1 /14, we can further
achieve the reduction on € owing to the smaller LL stepsize
B = O(1/VK). Besides, the next corollary shows the ben-
efit for enlarging &, which further reduces the iteration and
projection complexity of E-AiPOD.

Corollary 7 (Reduction of UL projection). Under the
same condition of Theoreml lf we choose o = T f

§ = VT, and select LL batch size as O(T) such that 02 =
O(1/T), the convergence rate of E-AiPOD is

K—1
1 ~ 1
— Y E[|VF@EN3 (9(> 17
i 2 BIVEEIE] =0{ ). (D
As a result, the sample complexity for both the UL and LL
is TK = O(e72); the total number of the UL projections
reduces to O(K) = O(e~2/T); and, the total number of LL

projections reduces to O(pK) = O(K1) = O(e~15/T7%).

Corollary [7|implies with larger §, increasing 7" can acceler-
ate the convergence rate and improve the projection com-
plexity without degrading the sample complexity for both
levels. Compared with the single level case, 03 can be seen
as the additional error caused by the LL stochasticity. The
idea behind reducing the UL projection complexity is to
reduce the variance of the averaged gradient estimator by
T gradient descent steps and use larger § to balance the
projection stepsize. However, this can not reduce the vari-
ance of LL; see the different terms for 6; and 03 over 1" in
(T4). Therefore, we need to increase the LL batch size cor-
respondingly to reduce 03 in bilevel problem. By virtual of

the faster rate, the sample complexity for LL is still @(6_2).

4 Application to Federated Bilevel Learning

We consider the federated bilevel optimization (Tarzanagh
et al., [2022) in the consensus form

min F(z) = 57 Z o (@m Y (2m))
M
st. y*(r) =argmin — ¥ gy (Tm,Ym)  (18)
APy
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E-AiPOD (p=0.3) vs AiPOD
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Figure 1: Impact of p in E-AiPOD (left) and comparison between AiPOD and E-AiPOD (right). Here the running average
of error is defined as % Zszl(HVF(xk)H?gx + ||yF Tt — g (2F)]|?).

where each client m € [M] := {1,--- M} maintains
its local model z,,,y,, and is only accessible to its in-
dividual function (fn,gm); * = |21, --,2p]" and

]T are the collection of individual mod-

Yy = [ylv"'vyM

els; y*(x) = [yi(z1), -yl (war)] " is the optimal
LL model; and X = {z |21 =---=zp} and Y =
{y | y1 = -+ = yam} denote the consensus set.

With I; € R*d denoting as the identity matrix and 1, €
RM denoting as the all-1 vector, we can define the consensus
matrix A and calculate the orthogonal basis of its kernel as

1n

VM

®Ia, Va: ®@Is (19)

1 -1

where ® is the Kronecker product, A € RUM—1)xdM gpnq
Vy € RIMxd We can define B the same as A except for
dimension d. In the federated bilevel setting, with e =
¢ = h(x) = 0, the UL and LL constraint sets become
X ={z|Bzx=0}andY = {y | Ay = 0}.

Therefore, the UL gradient in (6) can be specialized as
VF(z) = [V F(),--, Vs, F(z)]" in the federated
bilevel setting (T8)), where

Ve F(@) = Vo, frm(@m, Yo (Tm))
\v4 *T Loy M .
Vi lon) S G o)) 200

m=1

| M
i Z VyyGm

m=1

_|_

with Vi, (2m) = — ( (:cm,y,’;(:cm))>

X Vyegm (Tm, Y (Tm)) . (20b)

Moreover, evaluating the projections in federated bilevel
learning is equivalent to averaging x,, and y,,, i.e.,

;M
,Z), withi:M Z:cm

m=1

Projy(z) = (z, - (21a)

M
. _ _ I
Projy, (y) = (7, ,7), withg= 5 Z::l Ym-  (21b)
With the above facts, we are able to apply E-AiPOD to the
federated bilevel setting, which is summarized in Algorithm
BJin Appendix.

Besides, the convergence of Algorithm |§| is inherited from
the result of E-AiPOD in Theorem [5] and the weighted
norm measure (@) in our analysis coincides with the mea-
sure in non-consensus form of federated bilevel learning
(Tarzanagh et al.l 2022) (see the proof in Appendix @, SO
we have the following corollaries and comparisons.

Corollary 8 (Convergence rate and sample complexity).

Under the same condition of Theorem[3] the convergence
rate of Algorithm3)is

Therefore, the sample complexity of Algorithm B] for both
the UL and LL is TK = O(e~?). Next we will leverage
Corollary [7]to establish communication complexity.

K-1

> e [|vrah;,] - o

k=0

1
K

1

VTK

Corollary 9 (Communication complexity). Under the
same condition and parameter choices with Corollary 7]
the UL communication is reduced to O(K) = O(e72/T),
while the LL communication is reduced to
O(pK) = O(K%) = O(¢~ 5 /T%).

Compared with the state-of-the-art work FedNest
(Tarzanagh et al.| 2022)), the sample complexity of FedNest
and Algorithm [3|are the same, while the UL and LL com-
munication complexity of Algorithm [3|are reduced from
O(e2) to O(e~2/T) and O(e~5/T'7), respectively. It is
worthy to mention that we simplify the local updates from
SVRG-type in FedNest to SGD-type in Algorithm [3|and our
communication gains do not require transmitting additional
messages besides local models in the communication
rounds (e.g., momentum variables in (Li et al., 2022b)).
Compared with Scaffnew (Mishchenko et al., 2022), we can
further reduce the LL. communication complexity on € since
we can tolerate O(1/+v/K) LL stepsize. Due to the space
limitation, we will defer the literature review of federated
bilevel learning in Appendix [E.3]and provide a comparison
of communication complexity in in Appendix [E.4]

5 Experiments

To validate the theoretical results and evaluate the empirical
performance of our methods, we conduct experiments in
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Comparison of p in E-AIPOD, non-iid data
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Figure 2: Federated hyper-representation learning: Impact of communication probability p (left) and comparison of our
algorithm with FedNest (right). The experiments are run on the MNIST dataset with non-i.i.d. distribution.
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Figure 3: Federated learning from imbalanced data: Impact of communication probability p (left) and comparison of our
algorithm with FedNest (right). The experiments are run on an imbalanced MNIST with non-i.i.d. distribution.

both synthetic tests and practical federated bilevel learning
tasks, which will be presented in this section.

Synthetic experiments. We first consider a special case
of the coupling equality-constrained bilevel problem

min sin ¢z +d"y* (@) +In (o + " ()] + 1)
« 1 2
s.t. y*(x) = argmin — ||z — y||
veV() 2

where X = {z | Br = 0} C R, Y(z) = {y | Ay +
Hz = 0} ¢ R', and A, B, H, ¢, d are randomly gener-
ated non-zero matrices or vectors. To guarantee that )(x)
and X are not singleton, the matrixes A and B are rank-
deficient matrices. In the simulation, we use the noisy gra-
dient where the Gaussian noise with zero mean and the
standard deviation of 0.1 is added. In this setting, Assump-
tions [TH4] are satisfied.

The test results are reported in Figure[T] In the left figure,
we test the impact of the probability p on the projection
complexity and the iteration complexity. It can be observed
that E-AiPOD with relatively small p has almost the same
iteration complexity (as indicated in the lower left figure)
while it significantly saves projection rounds (see upper left
figure). We also compare AiPOD and E-AiPOD in the right
figure. It can be observed that E-AiPOD is able to save
projection while maintaining the same iteration complexity

as that of AiPOD, which is aligned with our theory.

Federated representation learning. With additional de-
tails provided in Appendix [F2] in this part, we apply E-
AiPOD in Algorithm 2]to the federated representation learn-
ing task, which builds on the bilevel representation learning
(Franceschi et al.| |2018)). The goal is to learn a joint repre-
sentation model and a client-specific header while protecting
data privacy. The experimental results are reported in Figure
2} From the left figure of Figure[2] a relatively small value
of p helps save communication rounds while a too small
value of p might degrade performance. With a properly
chosen p = 0.1, it can be observed from the right figure that
E-AiPOD outperforms FedNest (Tarzanagh et al.,|2022)) in
terms of communication complexity.

Federated loss function tuning. With additional details
provided in Appendix[F3] in this part, we apply E-AiPOD to
the federated learning from imbalanced data task. The goal
is to learn a good model that guarantees both the fairness and
generalization from datasets with under-represented classes
(L1 et al.l 2021). The experimental results are reported in
Figure 3] From the left figure of Figure[3] a relatively small
value of p helps save communication rounds. With p =
0.3, it can be observed from the right figure that E-AiPOD
outperforms FedNest in terms of communication complexity.
Algorithms with a larger T" have faster convergence at the
start, but achieve the same accuracy as those with 7" = 1.
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6 Conclusions

In this paper, we established the first finite-time conver-
gence of alternating projected SGD algorithm (AiPOD) for
equality-constrained bilevel problems which matches the
state-of-the-art result for alternating SGD in unconstrained
bilevel problem and also the single-level projected SGD.
We proposed a projection-efficient variant E-AiPOD for the
settings where evaluating projection is costly. E-AiPOD can
reduce the UL and LL projection complexity to O(e~2/T')
and O(e~1%/T'1), respectively. We applied E-AiPOD to
federated bilevel setting and achieved the reduction in com-
munication complexity. Experiments verified our theoretical
results and demonstrated the effectiveness of our methods.
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A Preliminaries

Definition 10. Suppose £ : R — R such that each of its first-order partial derivatives exist on R?, then its Jacobian is

defined as
oL, dL,
6:61 6zd1
VL = : :
dLa, dLa,
oxq 0xq,
Therefore, Vh(x) and Vy*(x) can be written as
Oh . 9Ly
611 axdl
Vh(z)=| =+ -~ 1 |, Vy(r)=
0L, L,
Oz e 0T q,

Definition 11. The Bregman divergence of a differentiable function £ : R? — R is defined as
D (u,v) := L(u) — L(v) — (VL(v),u — v).

(22)

(23)
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For an L-smooth and p-strongly convex function £, we have
B lu— ] < De(u,v) < & Ju—of? 24
and
57 IV£0) = VLW < De(uv) < 5 IVE(w) = VAW, es)

Moreover, for any u, v, we have (VL(u) — VL(v),u — v) = Dz (u,v) + Dz (v, u).

Lemma 12 (Closed form linear operator of projection). For any nonempty linear space C = {z | Az + b = 0}, the
projection operator has the following closed form

Projo(z) = (I — ATA)z — ATh (26)

where At is the Moore-Penrose inverse of A.

Proof. Case 1. We first consider the case where b = 0.

We denote P = I — AT A, then C = Ker(A). According to Proposition 3.3. in (Barata and Hussein, 2012), we know that P
is an orthogonal projection and

C = Ker(A) = Ran(P), C* = Ker(A)* = Ran(A") @ Ran(ATA) = Ran(I — P)
where (a) holds since At = AT AAT (Barata and Hussein, [2012) and

Vz = ATAw, 2 = AT(Aw) = Ran(ATA) C Ran(A'),
Vz = Atw,z = ATA(ATw) = Ran(A") C Ran(ATA).

Thus, for any x, we can write © = Pz + (I — P)x and Pz L (I — P)z, which means Pz is the orthogonal projection.
Then due to the uniqueness of the orthogonal decomposition, Proj-(z) = Px.

Case 2. We then consider the case when b # 0.

For any z € C, we have z + ATh € Ker(A) since
A(z+ ATb) = Az + AATh = —b 4+ 44T, Y0

where (a) holds since C' is nonempty if and only if AATh = b (James, |1978). Similarly, we can prove for any z € Ker(A),
2z — Atb € C. Thus, Ker(A) = C + ATb.
Moreover, since projection operator minimizes the distance to set C, we have
Projc(z) = argmin ||z — z||*> = argmin ||z + ATb — (z + ATD)]|?
zeC zel

weKer(A)

@ { argmin ||w — (z + ATb)||2} — Afp
= PrOjKer(A) (l’ + ATb) — ATb

Y pz + Atp) — ATp

9 (1~ At A)e — AT

where (a) is due to Ker(4) = C + A'b, (b) comes from Case 1, and (c) is derived from the definition of P and
(I — ATA)ATh = (At — ATAAT)b = 0. O
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B Proof for Lemmal(ll

Lemma 13 (Stationarity measure under linear equality constraints). For any x € X and any \ > 0, it holds that
IVE(@)|3, = [IN (z — Projy(z — AVF(2))) |

where P, = I — BTB.

Proof. For any ), according to (26)), we have

A (z = Projy(z — AVF(2))) = A\ Yz — (I — BIB)(z — A\VF(x)) — Ble)
MYz + (I — BIB)AVF(z) — [(I — B'B)x + Bfe])
A1 (z — Projy(x)) + (I — BTB)VF(z)

= (I - B'B)VF(x)

where the first equality is due to X = {z|Bxz = e} and (26) the last two equality holds since x € X and (26). Then with
(I — BtB)? = I — BB and the definition of || - || p, , the proof is complete. O

C Proof for Algorithm 1]

In this section, we present the proof of Algorithm [T}

In this section, we define
]'—zi = U{y07x07"' 7ykaxk:7yk717"' 7yk7s} (27)

where o{-} denotes the -algebra generated by the random variables. Then it follows that 7 = o{y®, 2%, - ,yk*1}.
C.1 Proof of Lemma2]and Lemma

We restate Lemma [2]and Lemma 3] together in a more formal way.
Restatement of Lemma 2-3. Under Assumption and|4) the gradient of y*(x) can be expressed as

Uy (@) = —Ve(Vs g,y @)Ve) VT (Vieg(@,y" (@) = Vipg(a,y' (@) ATVA()) = ATVh@)  @8)

where Vs is the orthogonal basis of Ker(A) := {y | Ay = 0}. Moreover, y*(x) is L, Lipschitz continuous and Ly, smooth
with

_ ly1 + (ég,l + Hg)HAT”éh,O

L, = ,
y g
lo (14| AT)10h,0) (14 Ly) (1 4+ “2) + (Lg,1 + 11g) | AT |01
gz 1= . (29)
Hg
. . T . 1 0 d
Proof. By singular value decomposition, we can decompose A = UXV ' with ¥ = 0 € R™v*%  and

orthogonal matrix U = [U; Us] € R™*™v and V = [V} V3] € R *du. Also, by assuming Rank(A) = r, we know that
Up € R™>7 V; € R%*" and ¥; € R™*" are full rank submatrix. Therefore, A can be decomposed by

T

Vi

1 0
0 0

Vi

A=[U; Uy T
2

=U 5,V

and V4 is the orthogonal basis of Ker(A).

Next, if we define yo(z) := AT(c — h(z)), we can prove yo(z) € V(=) since

Ayo(z) = AAT(c — h(z)) = ¢ — h(z)
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where the last equality holds due to Assumptionlé__ll From the definition of yo(z) and (23), we know

Vayo(z) = —ATVhA(z). (30)
Moreover, since V5 is the orthogonal basis of Ker(A), we know Y(x) = yo(z) + Ran(V2). Thus, let z*(z) =
arg min, g(z, yo(x) + Va2), then we have y* () = yo(z) + Vaz*(x).

Since z*(x) satisfies
V.g(@, yo(w) + Vaz*(2)) = Vo' Vyg(a,yo(z) + Voz"(2)) = 0

then taking the gradient with respect to x of both sides, we get
0= Vo (Vy' Vyg(a, yo(a) + Vaz"(x)))
= Vayg(,y0(z) + V22" (2))Va + (Va2* (2) V2| + Vago(2) ") Vyyg(z, yo(x) + Vaz* (x))Va
= Vayg(,y0(z) + Va2"(2))Va + (Va2* (@) Vo' = VI h(2)ATT) Vg2, yo(2) + Voz" (2)) Vo
= nyg(x7 y*(l‘))VQ + (VwZ* (x)TVQT - vTh(x)ATT) vyyg(xv y* (x))v2 (31)

where the third equality holds from (30). Then, rearranging (31)), we get
* * -1 * *
V' (z) = = (Vo' Vyyg(a,y" (@) V2) Vs (Vyeg(@,y™ (@) = Vyyg(a,y* (2) AT V() (32)
and as a result of y*(z) = yo(x) + Vaz*(z), we have
Vy*(z) = Vyo(z) + V2 V2" (2)
« —1 * *
= —ATVh(z) = Vo (V2 Vyyg(a,y" @)Ve) Vo' (Vyeg(,y" (@) = Vyyg(,y" () ATVA(2)) . (33)

Next, utilizing the fact that V5 is the orthogonal matrix, we know pg g, = V' Vyy9(, y)Va. Therefore, we have for any
z,Y,

-1 1
Vo (V3! Vyyg(z, y)Va) V5 < ;71' (34)
g

Besides, we have for any =, it follows that

IVyag (@, y*(2)) = Vyyg(e,y* (@) ATVA(@)| < 1+ [ AT16,0)IV2g(2, 3" ()]

<
< (14 |AT|th0)Eg,1- (35)

As a result of (33), (34) and (33), Vy* () is bounded by
IVy* ()]l
* -1 * *
< [ve (0 Vgt v @)12) V[Vl y (@) = Vayg(ay* @) ATVA@)| + [ATVAE)]
< Loat (bgr + 1) | Ao _

— -y

Hg

which implies y*(z) is L,, Lipschitz continuous.

Finally, we aim to prove the smoothness of y*(z). Defining By = V, V,,9(z1,y*(21))V2 and By =
Vo' Vyyg(w2, y* (22))Va, for any 21 and 22, we have

IVy™(z1) = Vy* (z2)]]

= V2 (7 Vo, y* @0)V2) VST (Vaaglor, 57 (1) = Vopglon, ™ (21) AT V()
Ve (Vo) Vg, y* (@2)Va) " Ve (Vyagl@a,y* (22)) = Viyg(@a, y* (22)) ATVA(2)) |
+ 147 (Vh(a1) = Vh(a))]
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< VaBy Vo' I Vyag(@r, v (21)) = Vyag(z2, y* (2)))]
+ Ve By VR IV yyg (21, 5" (21)) ATV (1) = Vyyg(2, 5" (22)) ATV A(22) |
+Va(Br ! = By W' I Vyeg (w2, y* (2)) = Vyyg(@, y" (22) ATV A(@2) || + lha
(@) 1

S o IVieg(@n, 97 (@) = Viyeg (22,57 (@2))
9

Aflflry — ]

1 i .
+ ITIIVyyg(:vl,y (21)) = Vyyg(@a, y* (@) | AT [ VA(z1)
g9

1 .
+ ;IIVyyg(xza y (@) I ATV A(z1) — Vh(zs)|
g

L Lo (1+ HQA*HEh,O)
g
® Coa (1+ [[AT]|€h0) (1 + Ly)(1 + ij) + (Lg1 + 1) | AT][€n 1
Hg
where (a) comes from (34), (33) and the following fact
Vo (B =By ) V'
= V3B (By — B1) By 'Vy!
= VaBy ! (Vo' V(2,47 (22))V2) — (V2 Vyyg(ar, 5" (21)V2)) By 'V
= ‘/231_1V2T (Vyyg(@2,y" (22)) — Vyyg(x1,y" (21))) ‘/232_1V2T

AM[lzy = 2]

IVyyg(z1,y"(21)) — Vyyg(z2,y" (22))]| + L

||.’1?1 —l‘QH (36)

so that

IA

V2B Vo IV yyg (@2, 47 (2)) = Viyg(aa, 5™ (x0)) Ve By V5 |

1
Eﬂvyyg(xz,y*(wz)) = Vyyg(z1,y"(21))]] 37
g

IVa (B = By ) V1|

IN

and (b) comes from
IV2g(x1, 5" (1)) — V2g(2, 4" (22))| < Ly [lz1 — zall + [ly* (21) — " (22)]]
<Ly (1+ Ly) [lz1 — 2o (38)

from which the proof is complete. O

C.2 Smoothness of F'(x)

Lemma 14. Under Assumption F(z) is smooth with constant L which is defined as
Lp=1L;1 (14 Ly)*+{s0Lys (39)

Proof. For any x1 and xo, we have that

IVF (1) = VF(22)|| = [Vaf (1,4 (21)) + V y* (21)Vy f (21,57 (21))
— Vo f(2,y%(22)) + V5 (22) Vy f (w2, y* (22))
< |Vaf(@1,y"(21)) — Vo f(z2,y" (z2)) ||
+ IV Ty (@) Vy f 1,y (21) = VT y* (22) Vy f (22,57 (22)) |
<L (lzr — zof| + Iy (z1) — y* (z2)])
VY (@) IVy f (21, 5™ (21)) = Vy f (22, y" (22))]]
IV f(@2,y" (@) I VY (z1) — Vy*(22) ||

(a)
< (072 (14 Ly)* + €roLy) a1 = @]l = Lz — 2]

where (a) comes frome the Lipschitz continuity of y*(x), Vy*(z) in Lemma and the Lipschitz continuity of V f and f in
Assumption|T} O
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C.3 Supportive lemmas for the proof of Theorem 4]

For simplicity, we denote

Vi(x,y) = Vaf(z,y) + [(Vh(z) ATV g(z,y) — Vayg(a,y))
><V2(V2Tvyy9(xvy)v2)_1V2T - Vh(x)TATT] Vyf(x,y). (40)

Lemma 15 (Boundness of V f(z,y)). For any x,y, we have that ||V f(z,y)|| < €70 (1 + Ly).

Proof. Based on (34), we have that
-1 1
[V (2 Vgt ve) v < - (1
9

Then we can obtain the bound for V f(z, y) since

IVF @)l < IVaf (@, 9)ll + V(@) " ATV yyg(2,y) = Vayg(z,y)|
x |[Va(Vy' Vyyg(a,y)Va) Vo IV f (2, 9)[| + [ VR(2) TATT[|V (2, )l

V4 1+7 Af
<150 <1+ o1 ( M’“O” ”)+£h,o||A*||>—ff,o<1+Ly>

g
from which the proof is complete. O

Lemma 16 (Lipschitz continuity of V f(z,v)). Under Assumption and Vf(z,y) is L Lipschitz continuous with
respect to y, where the constant is defined as

Ly1lp1+Lrol Lroly 18
Ly = (1+ ool AT||) [ € + 22 L0002  D10000 02 ) 42)
/‘LQ /‘Lg,l
Proof. For simplicity, we define some notations first.
By =V, Vyyg(z,y1)Va, Bz =V, Vyyg(z,y2)Va,
Cl = Vh(-r)TATTvyyg(xyyl) - me9($7y1)7
Cy = Vh(-T)TATTvyyg(xay?) - vag<x792)'
For i = 1,2, according to (34), we have the following bounds.
T “1y,T 1
1Cill < (14 Lol AT Lo,1s  [VaB7 VL || < o IV f (@, y:)ll < 0 (43)
g

Besides, we can also bound their differences as
1C1 = Call < (1+ | AT1no) 929 (. 91) — V2g(,yo)l| < (1 + AT [1£4.0) €y aller — s

and

_ _ (@) _ _
||V2Bl 1V2T — V2B, 1V2TH < ||VZB1 1V2T|H|V2B2 1V2T||||Vyyg(l’»y1) - vyyg(l"a y2)||
lyo
< 2y — e
2 [ |
where (a) is due to
‘/2 (B1_1 _ Bg_l) ‘/2T
= VB ' (B — By) By 'V,
= VQBl_1 ((VQTVny(xvyZ)VZ) - (VQTVyyg(x,yl)Vg)) Bz_lva
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= VaBr Vo' (Vyyg(@,y2) — Viyg(,51)) VaBy 'V

Likewise, we have
IVyf(@,91) = Vi f(@,y2)[| < Lpallzy — z2]|.

Thus, for any z, y1, Y2, based on (@3) and (@3], we have

va(l‘,yl) —vf(%yz)u
<|IVaf(@,m1) = Vaf (@,y2)|| + |CLVaBT VLV fa,y1) — CoVaBy 'Vo Yy f(x, 1) |
+ IVR@) ATV f (2, 31) — Vi £z, y2)]|
(a)
< (L4 nollATN sl — w2l + [ CoIVa BT VR IV f (2, 91) — Vo f (2, 92) |
H UV f (@, y2) |[Va BTV, = VaBy "Wy || + [[Va By 'V |||V f (2, 2) [|Ch — Co

(®) Corlir+Lrolos  Lrolyil
< (1+ bnollAT)) <€f,1+ lohl 7 77079l 4 ZHO 90 9’2) 1 — oll

2
Hg 9,1

where (a) is due to

C1D1Ey — C3D5Ey
=C1D1Ey — C1D1Ey 4+ C1D1Ey — C1 Doy Ey + C1 Dy By — CoDo Ey
:ClDl(El — Eg) + ClEQ(Dl — DQ) + D2E2(Cl — CQ)

(b) comes from ([@3)) and @3)), from which the proof is complete.

To prove the bias and variance of gradient estimator k%, we leverage the following fact.

(44)

(45)

(46)

(47)

Lemma 17 ((Hong et all 2020, Lemma 12)). Let Z; be a sequence of stochastic matrix defined recursively as Z; =

YiZ;_1,i>O0with Z_1 = I € R4 Y; are independent, symmetric random matrix satisfying that
IEYV]I<1—p, E[IY; -EN][P] <o
If (1 — ) + 0% < 1, then for any i > 0, it holds that

E[IZ]2] <d((1-m?>+0%) .

Based on this lemma, we can bound the second moment bound of Hessian inverse estimator.

Hg
u2+o2,

Lemma 18. Let ¢ = and for any k, denote the Hessian inverse estimator as

. N -

k _ CN ¢ T2 ko, k+1. 4k

Hyy—TH (I_gV? Viy9 (x Y 7(b(n)) V2>
[Z2 — 9,1

Then the second moment bound of H ij can be bounded as

N(dy —r)

k21 =S
L R e et
’ g g,

Proof. LetY,, = I — 75V, V2 g (2,y; ¢(n)) V2. we know that

€g71
Clig 2 5203,2
EXa]l < (1-72), E[lYa —EN]IP] < —5
6971 eg,l
Moreover, since
( B %>2 5203,2 1 261y 52(,“527 + 0372) o uf] 1
g1 63,1 lya 63,1 Ly (Hf, =+ 0372)
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which satisfies the condition in Lemma[T7] we can then plugging Y, into Lemma|[I7]and achieves the second moment bound

k
for Hyy.

N/
EN2(d, — ) p2
(125, 171 7] = E [E (1152, 1°13", 7] |77 < E 1- ¢ hg
" v G lo1 (15 +5.)
~ N—-1 n
SczN(Zy_r) 1— Ng
£g71 n=0 Zg’l (/‘3 + 03,2)

o PNy =) b1 (g +052) @ N(dy—r)
R K " g (M5 + 03 5)

where r is rank of A and (a) comes from the choice of ¢.

Lemma 19 (Bias and variance of gradient estimator). Lef ¢ = e
By = [hF] 7],

then h’} is a biased estimator of UL gradient which satisfies that

) N
= 7

BE Y < Lolpe (1o —Fa ) iy
[hF f@® g™ ytf,0 €g71(ug+gg’2) k

AN(L+ 8 ATy = )+ 02,) (203 + 62,

E [|nf - h}IP1FE] < oF + )~ 52 = O (NK?).

Coa (15 +075)

Proof. We first prove #8) by noticing that the error by finite updates can be bounded by

N-1 o) e’}
n=0 n=N n=N
e
VoDV, ||V
< VDVT n __ || 2
Thus, letting D = I — gg%VQTVyyg(x, y)Va and multiplying each side by éfl’
IR Ry é
Vs ((VQTvyyg(x7y)‘/2) - 71 (I - £1V2Tvyyg(‘ray)v2)n> V2T
9, n=0 9,

eV (1= 75 Vag(a,y)) Vol I
"y (1= 102 (1= 25 Vgt ) 1)

cp N
< <1 B Zg‘l)

h Mg

where the second inequality holds according to p,1g, —r =< Vy' Vyyg(x,y)Va. Then we have

IV f(a®, 4" ) = BY||
< ||VR(z®)TATTV g(2F, y* ) — Viyg(2* y’““ )| 1V f (2, g5 )|

N—
VQ((VQTVyyg( Yyt = Z

X

) Vyyg(@,y)Va)" ) v,

(48)

(49)

(50)

(51

(52)
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(14 Gl A7) 1650 (1~ 82

+ — TN

< "o PN W) e (1 - cug)
Hg ¢

(53)

9,1

where the second term of (a) is derived from || X~ — Y =1|| < || X ~!|[|X — Y||||[Y ~}||. Then plugging in the choice of &

to (33) results in @g).

The proof of #@9) is based on Lemma|[I8] For ease of narration, we denote
Vi@ "t 6l) = V(") TATTV (%, 4" 5 600)) — Vayg(a®, 9" ()
Vayg(a g = Vh(a") T ATV g(a®, ") = Vo 9(a® g™,
We notice that
E[Vh,g(*, "1 01 7| = Vi, g(a, y)
and then the bias and variance of Vﬁy g(zk, y* gbfo)) can be bounded by

V2 9@ty 2 < 201+ 6 o ATHEE (54)
E[IVE, 9", 5" 6fy) = Vh,gla®, |2 |

< VAT AT R [ Wy09(2", 515 0f) = Vaug(a®, g )2 7]
+E || Vayg(a v 6fy) = Vayg @b,y |27

< (146 ollAT?) o5 5. (55)

T

Thus adding (34) and (53), we arrive at the second moment bound for V2, g(z*, y**1; ¢ ) as

B [IIVE, 92, 5"+ ofo)I21 75 |
— |E [Vh,g(2", 5"+ 0 )1 FE | 12 + B |90, (2%, 5"+ 0)) = Vg, g )12 7
< (146, ollATIP) (26 1 + 07 5)- (56)
Then the variance of h’;p can be decomposed and bounded as
E {10 — R 7]
<E[IVas ¥ €5 = Vas g 11
+ VR ATE IV, £ (", 5556 = W, £k, 117
+E[||Vﬁyg(wk7yk“;¢]<“o))V2H§yV2TVyf($k,yk“;ék)
— Vgt y T VRELH, | VTV, £,y 11
(a)
< (L4 ol AT)oF + BE[| Vi, g2,y 5 6(o)) IP | FRJEL | Hy, |I°| FE JE(I Vo £ (2, 555 65) = ¥y £ (2", 6171 7]
+ 3E[|VE,g(a®, " ol |71 FE BV £ (*, "5 €9 1P| FRBL Hy, — BLH, |F17) 72
+ 3E[| Hy, || FR BV, f (5, ™5 €N IPIFR IR Va9 (2", 5" 5 60)) — Vg (@®, o )21 7]
N(1L+ 6ol ATP)(dy — 1)
Ly (g JF(7A3,2)

6N (1+ €5 ol AT)1*)(dy — r) (05 1 + 05 2) (207 + £7,) _. 52
Zg,l(ﬂg + 03,2) !

b 3
< (L+ ol AT|)oF +

—~

(2651 4 05.2) (207 +€5.0) + (0F + £7.0)03 2]

< (14 LhollAT)oF +

where (a) comes from and (A + B + C)? < 3(A? + B2 + (?), and (b) comes from the second moment bound and
variance of V! g(z*, y**1; ¢’(“0)), H,, and V,, f(a®, y*+1; ¢F). O
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Lemma 20 (Descent of upper level). Suppose Assumption hold, then the sequence of xj, generated by Algorithm
satisfies

E[F(«"+1)] — E[F (a*)] < —SE [[VF@H)I},] + aL3E [y (@*) — | + abf

a Lpa? _ Lra“o
(2 5 )E[Ilh’;ll?amHQf (57)

where P, = I — B B is the projection matrix of B and B' is the Moore-Penrose inverse of B.

Proof. Since X = {x | Bx = e}, for any x, we have that Projy(z) = (I — B'B)z + Bfe is a linear operator of
according to (26)). Thus, we have
2F T = Projy (2% — ahlfc) = (I - B'B)(z" — Olh‘};‘) + Bfe
= (I — B'B)a* + Be — (I — B'B)(ah})
= Projy(2¥) — a(I — B'B)hj;
=a" — a(l - B'B)h} (58)

where the last equality is due to ¥ € X.

Taking the expectation of F'(z**1) conditioned on F, we get

(a) L
E[F(*|FF] < Fa®) + (VF("), B [ = a*|F]) + B [Jle™ T — o2 7]

= F(2") — a(VF(z*),(I - B'B)R%) + %FoﬂE [I(1 — BT B)RE || 7]
< )~ 21~ BBVEGHP + 21 - BB)VEG) — )

B (a Lpa? Lra®s}

2

2 2

) 11— BIBYRE +
(¢) « « _
< Fah) — SIVEGHIE, + SIVF@E") - P
a Lpa?\ - Lra?5?
- (2 -5 ) 115, + =5 (59)

where (a) comes from the smoothness of F, (b) is derived from 2a"b = |la|?® + ||b]|* — ||a — b||%, E[|| X|?|Y] =
IEX|Y]||? + E[|| X —E[X|Y]|?|Y], (I — B!B)? = I — BB and Lemma|19} (c) is due to the definition of || - || p, and
II— B'B|| < 1.

Besides, we decompose the gradient bias term as follows

IVE(a®) = BE|? < 2| VF(*) — T f(b, g )2 + 2|V f (2", g+ — B2
<2Vf(aF,y* (a") = V(" y")|? + 267
< 2L?¢Hy*(xk) — yk“H + Zbi. (60)

Plugging (60) to (39) and taking expectation, we get that
« *
E[F(@*)] - B[F()] < ~SE [IVPH)3,] + oL3E [l (%) - 7] + o}
252

a  Lpa? k12 Lrpa©cs
(5 - 555 ) B0+ =5
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Lemma 21 (Error of lower-level update). Suppose that Assumption hold and B < eg%’ then the error of lower-level
variable can be bounded by '

E[lly"+! — y*(a*)]|?] < (1 - Bug) *E[lly* — y* (=")|?] + 85202, (61a)

B[yt — y* (@2 < (147 + nLyeCha?) By -y (o))

L2 Lyx 2~2 2 Lyﬂﬁ LZ2/ 2 k|2
+ y‘|‘ " OéO'f-‘r Ly+7+7 Oé]E[thle] (61b)

~ 2
where C’JQc =207 + 26? 0 (1 + e/j—l) + &?, v and n are balancing constants will be chosen in the final theorem.
) g

Proof. First, since the lower-level objective function is strongly-convex and smooth, when 0 < § < ﬁ, we have the
g,
following fact

lyr — BVyg(z,y1) — (y2 — BVyg(x, y2)) 7
= [ly1 = w2l” + B2V yg(z, 1) = Vyg(z, y2))I* = 281 — y2, Vyg(@,91) — Vyg(@,92))
< (1= Bug)llyr — y2ll* = 28Dy ((z,31), (2, 92)) + B2 Vyg(x, y1) — Vyg(z, y2))|?
< (1 - Bug)llyr — v2” (62)

where the first inequality is according to (24)) and the last inequality is due to (25) and 8 < eg%

Then, for each lower-level update, we obtain that

E[lly™ ™ = y* (@) 1* Fr,s]
= E[|| Projy,x) (y*° — BVyg(®, 4 ¢"*)) — Projy e (y* (z*) — BV g(2*, y* (2*)))I°| Fe.s]
<SE[ly™* — BVyg(a*, 4" ¢5%) — y* (%) + BV g(a®, y* (%)% | Fr. o]
< E[ly™® — BVyg(a, y*%) — v (a*) + BV yg(", y* (@) |* Fr.s]

+ B2E[||Vyg(z*, %= ") — Vg(a®, yF*)||?| Fi ]
< (1= Bug)lly™® —y* (@)|? + 802, (63)

where the first inequality is due to y* (z*) = Projy ux) (y* (zF) — BV, g(z*, y*(2*))) and the last inequality is obtained by
@) with = = 2%, yo = y*(2*), y1 = y™*, and Assumption[3] Taking expectation of both sides in (3], one have

Efly*** =y (@)% < (1 = Bug)Ellly™* — y* (@*)%] + %07 1. (©4)
Thus, (6Ta) can be obtained by telescoping (64).

On the other hand, we have

yF Tt — (@12 = |y =yt @)+ lyt (%) =y ()P
J1
+2 (M — g (aF), yt () -yt (e
Ja

Since y*(z) is L, Lipschitz continuous, J; can be bounded by

E[] < LE [[|a* — 2%|?]

W LR [E [||(T - B'B)RE|?) |Ff]
(b) ) i
< 2L} (E[IR53,] +67) (65)

where (a) comes from (58), (b) holds since E[||C||?|D] = |E[C|D]||? + E[||C — E[C|D]||?| D] and Lemma|[19}
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On the other hand, we can decompose J5 by two terms as follows.

Jy = _<yk+1 _ y*(xk),Vy*(xk)T($k+l _ mk)>

—( =yt @),y (@) — () — Yyt (@) T 2b))
Ja 2

Moreover, the conditional expectation of J; ; can be bounded by

E[Jo1|FP] = =@M — g (a"), E[Vy* (a") T ("1 — o) | F7)
< —aly*tt —y* ("), Vy* (a*) T (I - B'B)R})

a)

Mt
vy 212
< Sl =yt @)+

—

||h 5, (66)

where (a) comes form Young’s inequality and the boundedness of Vy* (xk) Then taking expectation of (66), we obtain that

2 2

ElJ2a] < SE[ly*" —y* @2+ 5 2ElIRF I3, (©7)

Based on the smoothness of y*(z) and Jensen inequality, Jz 2 can be bounded by

ElJ2z] <E [y =y @)l (") =y (2*) = Vy* (@) T (@ = 2")|]?]
L *
< FE[I -y @l - 28]

@ nL,.a? . a’n
< Sl -yt @I + y”n E [IA5117,]
Lymoz2

Ly *
< T g [|lyh+ — g (*) | PR 1512 FE] + =5 BB, 7]

2
2

L T 2 * ~ L z O
R I~y @I (IR +6)] + =5 (BRI + 55)

IA

N Ly y S = -
< Mg [yt — g @) (2R — TGS P + 2T, g )+ 63)
L0 N
+ U (BRI +73)

Y nLy;a2

(262 + 2635 1+ L,)* +63) E [y —y" (o))

2
Ly

+

(B[R} II3,] +67) - (68)

where (a) comes from the update (38), Young’s inequality and [|h%||p, = ||(I — BT B)A%|| < |[h%|| and (b) holds from
Lemmaand Lemma Then denoting C% := 2b? + 2(2 ; (1 + L,)* + 5% and combining (83). (&7) and (G8). we get

E[|y*+ — o (z")]?] < (1+7+77LWC’ )E[Hyk+1 (@) + < L?g;x) a26?

(4B ) mti,

This completes the proof. O

C.4 Proof of Theoremd

We first restate a formal version of Theorem [l as follows.
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Restatement of Theorem[d] Under Assumption defining the constants as

_ 1 _ Lg
ay = ) Qg = = (69)
2Lp + 4Ly Ly + e Ly (5LfLy +nLyzC?)
and choosin
* & 5LfLy +nLy:C?
o = min (ahag,) , 8= a, N =0O(log K)
VK Hg

then for any S > 1 in Algorithm[I] we have

K—-1 1
B (IVFEIE) =0 ()
k=0 K

where P, = I — BTB is the projection matrix on Ker(B) and ||z|p, = \/xT P,z is the weighted Euclidean norm
associated with P,.

1

Proof. According to Lemma 2] and plugging (6TB) into (6Ta), we get that
* ~ S *
Ellly** =y @I < (147 + 0Ly Cha?) (1 = Bug) Elly* - y* (")

~ L z o
+(1+'Y+77LyzC )SﬂQ 91+<L§+;)a20?
I . L2 _
+ <L§ + Ty + j) @R [|[R]3,] - o

We can define Lyapunov function as
L *
VF = Fak) + 2oy (@) - o)
y

Using Lemma[T9H21] we get

E [VFH] —E[V*] < —%E IVE@®)3,] +aL? (1 - Bug) E [|ly* — y* (=")]?] + ab?
o Lpa? LFOéifTJ%
—<2— 5 ) (1R 1%,] + —
L

22 [+ v+ 1L4eCha?) (1= Bug)® — 1] E [Ily* = v ()]

Ly

+L—(1+7+L Lfa+77Ly,;C )S 00
y
Lf(z Lyz) 2~2 Lf 2 Lyr LZQI 2 Tk2
L2+ a?5t 4+ L L2+ 2+ L QPE|R
Ly y n f Ly y n v [” f”Pm:I

L
<7—]E (IVE(x )||P}+L—f(1+7+Lnya+nLyrc )525091
+abi+[+( )] a?57

o (Le 1\ | LyLy
e Ly Y M R e
[2 (2 e ( +7)+ 0Ly ) ] sl

Lypgf L nL¢L,.C3a? .
( IR0 qrf - =0 - B (|t -y ()] an

L, L, L,

Selecting v = 4L Ly, can be simplified by

, L ~
B[V — BV} < ~SE[|VF@")3,] + 72 (1+5LsLya+nL,.Ca?) 32502
Y
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Lr Ly Ly )
A

2 L,
« Lp LfLuw
L 14 6 anL.ZPC’QaQ *
- (J”Lyg —saL} - ———— | E[lly" -y @")I] (72)

Let o < 1, then the sufficient condition of making the last two terms negative becomes

1
o < min — IR (73)
2Lp +ALyLy + =Lt SLyLy + 1Ly CF
Since we also need 3 < ;~—, then the sufficient condition for (73)) becomes
5L¢L, +nL,.C?
a < min ! YT Hg = B = Foy TNy Loy
2LF + 4LfLy + % 2931(5LfLy + nLwaf) Mg
Denoting
ay = ! ay = Ha .
2Lp + 4Ly Ly + e Ly (5LfLy +nLyzC?)
5LsLy+nLy=C3

and choosing oo = min (@1, g, %) B = o, then (72) becomes

Mg
SE[IVF(2))|%,] < (E[VF] — E[VFTY) + ¢180%02, + ¢20%52 + ab} (74)

where ¢; and ¢, are defined as

S 2
- 5L¢L, +nL,,C?
f(1+5LfLyOé+T]LyICJ%a2)< fly TNy f)

Ch =
! Ly gl
Lg Lf 9 Lyy
L LL
Cy = 5 + I, ( y T o

Telescoping (74) and dividing both sides by 1 SE e 0 a leads to

S ok [HVF(J:’“)H%I] VO + S an? +clSaog | + 2057
Zk =0 @ - 2 Zk =0 @

Let @, S = O(1) and N = O(log K), then we know &]% = O(N) = O(log K), and thus,

K- Vo 4+ ab? +cSaJ + e loo( K - 1
Z IVFEh,] < ot T b+ eSacy, + crad ~o (MBI o (L),

K—1 VK VK

2 k=0 &

Therefore, Algorithm |1|achieves an e-stationary point by @(6_2) iterations, which matches the iteration complexity of
single level gradient descent method. O

D Proof of Algorithm 2]

In this section, we present the proof of Algorithm[2} We define
fli = O'{y07x0a"' 7yk+1,90k’1,"' 7$k7t} (75)

where o{-} denotes the o-algebra generated by the random variables. Then it follows that 70 = o{°, z°, - ,y**+1}.
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D.1 Descent of upper level

First, we notice that the update of 2*** can be written as

T-1
L1 @ (1 —68)2" 4+ 6 Projy (xk -« Z hi’t)

t=0

T-1
Y (1 -5)a* +6(1 - BIB) <a: —aZh’;t>+5BT
t=0
T-1
= (1-06)2" + 6Projy(a¥) —ad Y (I - B'B)h}"
t=0

© ok _ i1 - B'B) (Z Bk t) (76)

where (a) comes from the update rule in[2} (b) is derived from the closed form of Proj(-) on the linear space X = {z |
Bz = e}, and (c) holds since z* € X.

We first quantify the bias induced by querying Hessian inverse vector product at different point.

Lemma 22 (Error of using delayed Hessian vector product). Define

G(z,y,2) == Vaof(2,y) + [(VR(E) AT V,,9(2,y) — Vayg(E,y))
xVa(Vy' Vyyg(&,y)Va) " 'Vy' = V(@) TATT] v, f(Z,y)

as the gradient estimator using Hessian vector product at point . We have

1G (@, y, 2)|| < €r0(1+ Ly)
1G(z,y, &) = V[(z,y)ll < Lalx — 7

v
1425 ol AT g1 ng )
= (ol ATt (50 + Solo g 19802y 4 (0070 + (b + L£10)) |AT]|

where Lg m
g

Proof. First, since G(x,y, &) only differs from V f(, y) at the evaluation point Z of Hessian vector product, the bound for
|G(x,y,Z)| can derived the same way as V f(x, y) following Lemma that is

1G (2, y, 2)|| < Lpo(1+ Ly).

Next, for any z, y, £, we have that

|G (2,y,%) = Vf(z,9)|

< | (VR(E) ATV 9(F,y) — Vayg(E,y)) Va(Vy| Vyyg(E,9)Vo) Vo' V, £(E,y)
— (Vh(z)T ATV g(2,y) = Vayg(z, 1)) Va(Vo' Vyyg(z, y)Va) Vo'V, £, 9) |
+IVh(E) T ATV, f(&,y) — Vh(z) ATV, f(z,9)]|

< ||Vh($)TATTvyyg(x y) — vacyg(x y)ll
X |Va(Vy' Vyyg(2,y)Va) ™! yf(@y) —
+[Va(Vy' Viyyg(2,y)Ve) ™! yf(:v ol
X ||Vh(f)TATTVyy9(fay) Vayg(&,y) — Vh(z) " ATV, 9(2,y) + Vayg(z,y)]|
+ |VRE) T ATV, (&, y) = Vyf (2, )] + IVRE) TATT = Vh(z)"ATT|[||V, f (2, 9)|

VQ( yyg(z y)VQ) 1V2Tvyf(x,y)||

(a) ~ B ~
< g1 (L4 LuollAT)) (IV2(Va Vg (Z,9)Va) Vo IV f(E, ) — Vy f ()]
+ IV f (@) Ve (Ve Viyg(®,9)Va) ™ = (Vo Vyyg(z, y)Va) V')
+ I Vay9(#,y) — Vayg(z,y)|| + |VR(E) TATT VY, 9(2,y) — Vh(z) T ATV, g(z, )



Quan Xiao*, Han Shen*, Wotao Yin', Tianyi Chen*

12 =l + nalr ol ATl — |

1+7 AT ¢ s ol V4 -
(Lt ol m‘“(@J+’”%2+M“”)+MM@J+&A%J+@MMAHm—x
Hg Hg 6971

(v)
<

where (a) and (b) hold similarly with the derivation of (36). O

Lemma [22] shows the bias induced by evaluating the Hessian inverse vector product at different point can be controlled by

the point difference.
Then we have the following lemma which is a counterpart of Lemmal'l;gl

Lemma 23 (Bias and variance of gradient estimator). Let ¢ = m + and define
Thit . marp kit =
M.—MMIHL

then h’;’t is a biased estimator of upper level gradient which satisfies that

IRE — Gk, 1, 24))| < by )
E [||h’;’t - E’;’tu?\f;} <53 =0 (NK?) (78)
2
Z (=R 1R < (79)
t=0

Proof. We omit the proof of (77) and (78) since they are almost the same with the proof of Lemma[T9] and only prove (79).

For (79), we have

2 2

T— T—
Zh’” 0] et zfuz E Zh’;’t—ﬁ?t Fe | IF
t=0 t=0
2
(@ 1 BT—1  7kT—12 — kit Tht| Zr-1] 30
= S (B (lnyt T =Ry Sonpt =t B R
t=0
1 1 2 ’
_ k,T—1 7k, T—1,2| 70 k.t Tkt 70
= SE (™=t = T \f,c}+ﬁJE 3wt wbt|F
t=0
T—1 ~2
(b) 1 kgt Tkitn2) & 9r
—WZ;E["%‘ ~ R < 7
t—=

BT hk "T=1 is independent with ZtT:_OQ h];’t - B];’t when given F -, and (b) follows from

where (a) is due to
O

applying the previous procedure T — 1 times.

We then state a lemma controlling the drifting error of lazy projections.

Lemma 24 (Drifting error of upper level). Under Assumption[IH4] it holds that for any t,
E [||a:k’t - xk||2] < a2t26~’]2c
where C? = 2b2 + 203 (1 + L,)? + &2,

Proof. For any t, we know that

E [||ack’t+1 —x

2} —F [”wk,tJrl o xk,tHQ] —F [H{Ek’t o ahl;,t o :L’k’tHQ
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@
= o’E [||h’;’t| 2} < a?C2. (80)

where 5720 =2b7 + 26?@70 1+ Ly)2 + &fp and (a) is derived similarly from the bound for E [Hh’fc HQ} in (68) based on Lemma

and Lemma[23]
Then for any ¢, it holds that

E [ka,t _ .Z‘kHZ] —F [ka,t o xk,t—l 4 xk,t—l _ xk’,t—Q 4 kaZ}

t—1
< tZE [ka,r—i-l _ xk},T”Q]
7=0
< o*t°C3
which completes the proof. O

Lemma 25. Under Assumption and let N = O(log a™1), it holds that

2
T-1
1

L A S

E
T
t=0

<0 (a?T?). (81)

Proof. For any ¢, we have that

B IR = VF(a*,y )]
< 3EH|B’;’t _ G(Sck’t, yk-i-l’xk)HQ] + 3E[||G(l‘k’t, yk+1,$k) _ Vf(mk’t7yk+1)H2]
+3E[[Vf (", o) =V f(*, 4%

(a)

< 302 4 3LAE[||z"t — 2F |2 + SL?]E[ka’t — x|

(b) -, (0

< 3bj, + 30°(Lg + L)t*CF < O(a?t?) (82)
where (a) is due to Lemma (b) comes from Lemma|24|and (c) holds by @8) and N = O(log a~!). Thus, we have

2

T-1
1 Tkt Sk okl 22
E T;:Ohf =V y") §O(aT). (83)

which results from (82)) and the fact that for any vector sequence {zt}tT;Ol,

1
T

= 2
T Z “t
t=0

T-1
D =
t=0

1 T-1
<7 2l

Lemma 26 (Descent of upper level). Under Assumption[IH{|and define

T-1

_ 1 _
k. k.t
W= > Iy
t=0
it holds that
ol aT o?LpT? = o2 LpT52
B [Ft)] < EIFGH) - SEIVFERIE] - (5 - 500 ) Bl i) +

+aTL2E [y — y* (o) |?] + O(°T?).
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Proof. First, we have

| Tl 2 T—1
kit k.t kit | Tkt
S 34 [ S P
t=0 P, t=0
@ = 2 T— 2
%) 7kt Tkt
SE |5k Z — hj
t=0 P, t=0 P,
(®) 52
<E (|53, + = (84)

where (a) follows from E[|| X + Y||?] = E[|| X||?] + E[||Y||?] when X and Y are independent and (b) results from (79).

Moreover, it follows that

1
+ kt
E |(VF(2"), (I - BBTEjh

= Z { (VF(z"), (I - BTB)h’“>|fﬂ

T

T-1
=E [(VF(z*), (I - BTBltZ: vt]

— E[(VF(a*),(I - BIB)R" t>} . (85)

Taking the expectation of F(z¥*1), we get

(@)

E [F(z"™)] < E[F()] +E [(VE(2F), 2" —2F)] + %F]E [JJz*F — 2F)2]

(b) T-1 T
< E[F(z")] — adTE [(VF(z*),(I - B'B)= ! Z Lr 2p2gog ||;Zh’;’t||§3z]
t:O t=0

(c) = L = L
< E[F(z")] — a0TE [<VF(xk), (I BTB)hfﬁ>] n TFQQT%ZE [||h’;’f||§%] —La’Ts%53

< BFh] - SRV - (%5 - TS ) BRI

- 2 2
adT =kti2 04252LFT5']%
+ ZE[IVF@ER) - B + ——
adT adT P62 LpT? o282 LpTé2
<BIF(H) - “BIVFEIR] - (% - g ) BRI + gt
1 T-—1
+ adTE [|[VE(2*) = V(" )] + adTE | [V (2", ") = 7 D A1
t=0
(e) aéT adT  o?5%LpT? o?0°LpTc7
< BIF(h) - SLEIVFEIE] - (5 - St ) BRI+

+aTSL2E [[y* — " (M)]?] + 0(*T%)

where (a) comes from the smoothness of F" and the update (76), (b) is derived from (76), and (c) results from (84) and (85),
(d) comes from 2a"b = [|a||* + [[b]|2 = |la — b]|* and ||I — BT B|| < 1, (e) is derived from Lipschitz continuity of V f(z, y))
F(z) = Vf(z,y*(z)) and Lemma This completes the proof.

Os

D.2 Error of lower-level upate

Lemma 27 (Lipschitz continuity and smoothness of the r*(x)). The projection offset r*(x) is L,-Lipschitz continuous
and L,,.-smooth with constants, respectively, defined as

LT = €g71 (1 + Ly) ) Lm; = 5912(1 + Ly)2 + Eg,lLyac-
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Proof. Recall the definition of r*(x) := V,g(z,y*(z)), then for any x1, x2,

7™ (x1) — r*(2z2)|| < [[Vyg(z1, 9" (21)) — Vyg(zo, 3y (22)) ||
<Ly ([l — 22l + [y (z1) — y*(22)]])
<lg1(1+Ly)||z1 — 22| = Lel|z1 — z2]|-

Using the chain rule, we can obtain the gradient of r*(z) as

V(@) = Vyeg(z, y" (z)) + Vyyg(z, y" (2)) Vy* (2).
According to the Lipschitz continuity of Vy* () and V2g, we get for any x1, 7o

IV (z1) = Vit (z2) || < [[Vyeg(@1, 47 (21)) = Vyeg(zr, y" (1))l
+ I Vyyg(z1,y"(21)) VY (21) — Vyyg(za, y* (22)) Vy* (22)]]
<Ly 2(1+ Ly)llzy — 22l + IVyyg(zr, ™ () [ VY* (21) — Vy* (z2) |
+IVY (@) [ Vyyg(@1, 5™ (21)) = Vyyg(za, y" (22))||
< (g2(1 4 Ly)? + £y Lys) 21 — x2|| = Lyg |21 — 22|

from which the proof is complete. O

Lemma 28 (Error of lower-level upate). Suppose that Assumptionhold and g < ﬁ, then the error of lower-level
update can be bounded by '

* 52 * S * 2 *
E ||y =y (")) + pﬁllr’”1 —r @M <A =v) E |y -y @) + pﬁllr’“ = (@")|*| + 55%0;
(86a)
E[[ly**! —y* ("% < (1 +T + 2nLyx5?T202) E[[ly** — v («")]?)
L L L? -
+ (Lj + y“) a’To} + | Ly + =2 + 2 | *T°E [theug] (86b)
n U Y '
E[||lrFt —r*(@" )% < (1 +T + 277Lm5?T20<2) E[||r*t = (2h)]?]
Lra: er L2 7
+ (L,% + ) Q*T52 + <L$ pE g ’”) a2T?E [Hh’;nﬁj } (86¢)
n ¥ :

where 5? is defined in Lemma v :=min {Bug, p2} , v and 1 are the balancing constants will be chosen in the final
theorem.

Proof. First, for a given 2*, defining v := min (ﬁ fhg p2) and applying Lemma C.1 and Lemma C.2 in (Mishchenko et al.,
2022), we can obtain that

2
E [Wﬂ — R+ e fk,s}
s * 62 s *
<(1-v) [ny'fv R - AT ] R 87)

Then taking expectation of the both sides of (87) and telescoping it, we can arrive at (86a).
Next, proof of (86b) and are similar with only difference on Lipschitz constant, so that we only prove (86¢). For (86c)),

we have
P = @ = =t @) @) = @)
J1
F 2y = (@), (oF) = @)

Ja
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Since r*(z) is L, Lipschitz continuous according to Lemma J can be bounded by

E[)] < L7E [[la"*" — 2*||?]

T—1
5 hfcua]

t=0

@ o252 L2E

© a2o212 (T?E [||Z’;||§DI] + T&}) (88)

where (a) comes from (58)), (b) is attained by (84).

On the other hand, we can decompose .Jo by two terms as follows.

Joy = _<,r,k+1 _ T*(l‘k),VT*(Ik)T(l‘k+1 _ l‘k)>
J21
7<’l"k+1 o T*(l’k),r*(ajk+1) o T*(Ik) o VT*(J?k)T(JCkJrl o Ik)> .
J2 2

Moreover, the conditional expectation of J; ; can be bounded by
E[Jo1] = ~E[(r** —r*(@*), Vr*(a®) T (" —2*)))

T-1

_ k1l _ ok * t )

= —SE[(rF T — ¥ (2, Vi (2®) T (I — BTB)( E b))
t=0

= —0E | > E[(rHH! =" (@h), Vit (") (1 = B'B)RY )| F
< —aBTE[*+ — 1 (a5), Ve () (1 - B'B)R%)]

262T2L2

(a) vy k
< L +1 xRN ((2 r
< SEllr (@) + 5 E[|IP5]3,] (89)

Based on the smoothness of r*(z) in Lemma and Young’s inequality, J> » can be bounded by

El 2] S E " —r*(@®) |l (@) — r* (%) = Vre(a®) T (@ = 2?)||?]

er *
< FEIP = @l - 25
nL,z0?62 ro( ma 5 7
< R = @) Z %]+ E | Z s,
NL,0282T B N kit t L,,02%5%T? 51%
< Bl R (i - @b ZEHh 17|+ = (B[R] +
T—-1 ~2
. . L,50262T? _ G
<Ly a®S*TE | [[P¥ T — v (") > (B[RS F] + 67) | + o2 (E[llhfcllﬁ] + 1f>
t=0
(a) - L,2026%T? 57
< NLye@®PCFTE [||r* T — r* (a®)|1°] + 0;777 ( (IR51%,] + ?f (90)

where (a) comes from

E(|I51PI1F4) < 2B[|R" — G, y*H, ab) P F] + 2B[| G, g+, 2¥) P F)
< 2bp + 203 ,(1 + Ly)?

and C} = 2b% + 203 (1 + L,)? + &3
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Then combining (88), (89) and (90), we get
~ Lr:c ~
E[||rE*t — ¥ (2F )2 < (1 +v+ QT]LMC’?T2a262) E[|[rEt — ()% + (Li + 77> a252T0]2c
L., L2 =
+ (Li NRLL ) a262T2E [||h’;.u’;;] .
n Y -
which completes the proof for (86b). With similar proof for (86¢), we can prove (86b). O

D.3 Proof of Theorem 3

We first restate the Theorem [5]in a formal way as follows.

Restatement of Theorem 5| Under Assumption[IHd} defining the constants as

_ 1
a1 = - 1L, L )
5Ly Ly+nLyoC3)(14+4L s Lo+ —I 72
2Lp +ALsL, + “HLEm 4 SZedh f>£2 e i)
Qg = Hg =
69,1(5LfL7‘ + nLerf)
and choosing R
% 5L;L, +nL.,C?
o = min <a1,a2,a), 8= ! ! fa, N =0(log K)
VK Hg

then for any S > 1, we have

K-—1 - ~ 1
S [IvFEIE] =0 ().

k=0

=[ =

Proof. First, without loose of generality, we can assume that ¢, ; > 1 so that L, > L, L, > L,, and plugging (86b),
into (86a)) in Lemma[28] we get that
e T L G T

p2

jod S * c ﬁ2 C * :
< (L4 + 200, G0 0T2) (L= 0B It =y (@) + St = PP

- L’LL > o
# (140 e 2L GateT) 5ol 4 (124 520 ) (1415 ) 02T
LT L2 2 _
w(ie 52 5) (1 g5 r Rl o

Then using Lyapunov function defined in (T3] and applying (O], Lemma[26|and Lemma[28] we get

E [V¥*1] - E [V¥]

adT "
< ~CLR[IVFE)},] +0dTIE [y — v (M) + O(*T%)

0T  Lpa®8®T*\ _1,- Lpa?8*T53
- (- E|IR13,] + ——5—
2 2 " 2
8 (14 29,0 C20262T2) (1= )° 1] B I = )2 + S =) 2
L, ! »?
Ly A2 2 $22 2 2 Ly 2, Lra B 252 ~2
+E(1+7+2ancfa 62T2) S5 opat () (1405 ) 0?75

L L. L2 2 _
+ (L% + 24 ) (1 + ﬂ) o8 T°E [ |43,
N p ’
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5T
< 70[—1[41 [||VF( 2]+ 2L <1+7+L L;adT +2pL,,C2a 252T2) 82502 + 0(aPT35)

[+ () )
) [agT _ <2F ( ) ( 52) ; % (1 ; ﬁj)) oﬁﬁﬂ E[IR%12,]

Lsv L 2nLyL C2026%T? . B2
—(ij —adrL} - = - E[|yk—y<xk>||2 ol =@ oy

Selecting v = 4L L, 6T, p = /By, (92) can be simplified by

E[V<H] — B[V

< —M—TIE IIVE(@™)|3, ] + (1 +5LsLyadT + 2nL,, C? 252) B*Sol | + O0(a’T6)

{LF L Ly ( 4 Lre ) ( )} 020°T53
2522
[T ( VLo LfLm) eyt - BT _ (1, 4 Lo ) BV g e |

4 2 nLy dpig nLy Ig

L 2Ly L,;C3026°T? § 2 .
- (Jfgﬁ — 5a0L3T ~ S E [Hy’“ —y ()" + f—gllrk = @M?] - (93)
T (s

Let adT < 1 and since we also need 5 < ﬁ, then the sufficient condition of making the last two terms negative becomes
9,

5LsLy + 2Ly C?

o7
ad < — B = adT
T Hg
where
_ 1
“= (5LsLytnLysC? (1+4LL+LfL”)’
OLp + ALy Ly + ke 4 S T
_ Ky _ L
Qg = : ~—, a=min(a,as). (94)
fg,1(5LfLr + nLr:cO)%)
Then (©3) becomes
adT i -
— EllVF(@ IIE,] < (BIVF] = E[VFHY) 4+ 18?6 T?02 | + c20°6°T65 + O(a?5°T?) (95)

where ¢; and ¢y are defined as

~ 2
LS ~ 5L¢L, + 2nL..C?

L, Iig
Lp Ly 9 Lprs
2 2L
Co > + I ( -+ " (96)

Telescoping (93) and dividing both sides by adT K leads to

1 K-1
E [IVF(z")3,] <
k=0

2(VO — F¥)

TR + 2010;1(15T + 2025?(15 + O(a?5°T).

This completes the proof. O
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E Application on federated bilevel learning

In this section, we present the pseudo-code of E-AiPOD on federated bilevel learning and some omitted derivations.

E.1 Pseudo-code of Algorithm 2|on federated bilevel learning

In federated bilevel setting, if we plug V5 in (T9) to (9a), then we obtain w* = [w¥, -+ wk,] with
cIN
’LUfn:7VIyg(xI:n7ym+17¢(0)) [;1 H < ZVyyg mfay7{€+1a )] < Zv f z7yzk+1a§lk)> . (97)
g1 2

To avoid transmission of Hessian, which is highly expensive, we can calculate w¥, by communicating Hess1an vector
product purely. We detail the full procedure in Algorlthm Note that the output of Algorlthmlls exactly wk . We set the
number of LL loop S = 1 and summarize the E-AiPOD on federated bilevel learning in Algorithm 3]

Algorithm 3 E-AiPOD in federated bilevel learning: blue part denotes the LL update; red part is the UL update

1: Initialization: {29, 49 }me[n. stepsizes {a, 3, 8}, projection probability p, N.
2: fork=0to K —1do
3 for all workers m € [M] in parallel do > LL update
4 update g5 = y, = B(Vygm (25, vins $r) = )
5: draw a Bernoulli 6% € {0, 1} with probability p
6 if 9%° = 1 then
7 update yft! = L oM (AEH — 2 k) > Communicate to server and average
8 update 7" =, + By - )
9: else
10: set yhtl = ghtl  pktl — ok
11: end if
12: end for
13: for all workers m € [M] in parallel do > UL update
14: calculate wk, by > Call Algorithm 4]
15: fort*Otonldo
16: update 2%+ = 2kt — o(V, £ (xk,, yEFL €51 + wk) > Initialize 2%,0 = 2k,
17: end for
18: set Ak = kT _ gk
19: end for
20: update 251 = 2% +§ an\:{:l Ak > Communicate to server
21: end for

E.2 Equivalence between our metric with metric in federated bilevel learning

In this section, we prove the equivalence of our measure in (@) with the measure of FedNest in federated bilevel setting.

According to Lemma[12} and X = {z | Bz = 0} in federated bilevel setting, we know
(I — B'B)VF(z) = Proj,(VF(x)). (98)

Then according to (2Ta) and (20a)), we obtain

m=1

M
(- BTB)VF Z Ve S (Zms Y (Tm)) + (]\14 Z vmm,ymgm(fcmay;kn(xm»>

M -1 M
1
X (M’rnz_lVy7nymgm(xm7y:n(xm)>> (MTnZ_ Ym m('xm’ym(mm))) . (99)
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Algorithm 4 Efficient calculation of {wﬁz}me[ M- green part denotes the communication round

Initialization: {z¥,, y£ 1}, car), constant ¢ < 1,4, 1, N.

Draw N’ € {0, -- N — 1} uniformly

for all workers m € [M] in parallel do
update vy, o = Vy fin (@0, v O o)

end for

cN M k .
Ty M 22m=1"Ym,0 > Communicate to server

forn =1to N' do
for all workers m € [M] in parallel do
update v, , = (1 = 7V g by, s 66, )08
end for ’

update vf =

WX DRy

_.
4

E_ 1 M k .
Un = 1 Y om=1 Um,n > Communicate to server

—_
S R

: end for > Set vk = vk,

: for all workers m € [M] in parallel do

k __ k k .k k
Wy, = 7v$yg(xm7ym,7 (0))” .

: end for

—_— = =
9 I SN

On the other hand, the gradient of the objective in FedNest is

LSS ey Ly :

a7 2 Veln Yt (@) + (M;megm(:v,y (fﬂ))) (100)
| M -1 | M

X <Mmz_1v7ﬂ/gm<xvy*(x))) (Mmz_lvvnlfm(xay*(x») . (101)

We find that (TOT) is the same as (99), if replacing g (z, y™(z)), fm (€, y"(2)) bY g (Zm, Y5 (Tm))s fn (T, Yp (Tm))-
Moreover, since E[||VF(z)[|3, ] = E[||(I — BT B)VF(z)||?], the measure E[||VF (z)||3, ] in our analysis coincides with

the gradient norm measure in FedNest.

E.3 Additional related works on federated bilevel learning

Federated learning and the Federated average (FedAvg) algorithm were first introduced by (McMahan et al.,[2017)). The
convergence rate of FedAvg has has been thoroughly investigated by (Stichl 2019} [Stich and Karimireddyl 2020; Yu et al.|
2019; [Woodworth et al., [2020; [Yang et al.l [2021a)); see a survey (Kairouz et al., [2021). Later on, (Mitra et al.| [2021)
applied variance reduction techniques to tackle the heterogeneous data and obtain the linear convergence for strongly
convex objectives. Very recently, Mishchenko et al.| (2022) has first theoretically achieved the optimal complexity for
strongly convex objectives without assuming any similarity. Meanwhile, Tarzanagh et al.| (2022) first proposed the federated
bilevel framework owing to the vast potential applications with the nested structure and achieved (7)(6’2) rate of both
sample complexity and communication complexity. Later on, |Li et al.|(2022b) enhanced the convergence rate to @(6_1'5)
by momentum-based variance-reduction technique but it required additional transmission of momentum parameters and
bounded data similarity assumption. |Huang et al.[(2022) introduced a finite-sum framework to learn adaptively weighted
node in federated learning via deterministic bilevel optimization. Recent advances on decentralized bilevel optimization (Lu
et al.|, 2022} |Yang et al.| 2022; |Gao et al., |2022a)) and (Chen et al., [2022b) focus on different settings. While it is not the
focus here, it would be interesting to extend E-AiPOD to the decentralized settings in future work.

E.4 Comparison with the state-of-the-art work on federated bilevel learning

In this section, we compare the theoretical results of our methods in federated bilevel learning settings over the state-of-the-art
works in Table [2} Note that the communication complexity of FedBiOAcc in (Li et al.} 2022b) inherits from its non-periodic
counterpart SUSTAIN (Khanduri et al., 2021), whose sample complexity is O(e~!-5) owing to the momentum.
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AiPOD E-AiPOD FedNest FedBiOAcc
y-update AvgSGD Scaffnew variance reduction momentum
z-update AvgSGD FedAvg variance reduction momentum

communicated parameters T,y T,y T,y z,y and momentums
UL communication O(e7?) @( ~2/T) O(e7?) O(e™ 1)
LL communication O(e7?) D(e~1°/T%) O(e7?) O(e™9)

Table 2: Communication comparison of AiPOD, E-AiPOD in our paper and the state-of-the-art works on stochastic federated
bilevel learning (FedNest in (Tarzanagh et al.| [2022), FedBioAcc in (Li et al.| |2022b)) to achieve € stationary point. AvgSGD
means FedAvg with averaging period 1 and Scaffnew denotes (Mishchenko et al., [2022).

F Additional Details of Experiments

In this section, we will report the detailed settings of the experiments in Section [5] In the federated bilevel learning
experiments, the number of workers is set as M = 50 and each local network is a 2-layer multilayer perceptron with hidden
dimension 200. The hyper-parameters are found by measuring both the convergence speed and the stability of the algorithm
via a grid search, and we report them here.

F.1 Synthetic task

E-AiPOD: The projection probability is set as p = 0.3 in the right figures, the total number of iterations is K = 400/p,
the number of UL iterations is 7" = 2 in the left figures, the number of LL iterations is S = 5, the step sizes are set as
a = 0.02, 8 = 0.01, the noise has mean 0 and std 0.1. AiPOD is a special case of E-AiPOD with p = 1.

F.2 Federated representation learning

In this section, we apply E-AiPOD in Algorithm [2]to the federated representation learning task. The classic machine
learning approach learns a data representation and a downstream header jointly on the training data set. While the bilevel
representation learning (Franceschi et al., |2018) seeks to learn a data representation on the validation set and a header on
the training data set, the procedure can then be formulated as a bilevel problem. In a federated representation learning
setting with M = 50 clients, the validation and training data sets are distributed among clients, and the goal is to learn a
representation and header respectively on the joint validation and training data set while protecting data privacy. Formally,
the problem can be formulated as a case of (I8)), given by

g’él/r\/l M Z fce xmvym ) val)

M
1
st y*(z) = argmm— Z Fee (@, Yum; D) + 0.05]|ym ||%,

m=1

where x is the parameters of the representation layer; y is the parameter of the classifier layer; D{} and D7, are, respectively,
the training and validation set of client m; X’ and ) are the consensus sets defined in (I8). The cross-entropy loss fe. is
defined as

eXp (ha,, (2, y;dn))
fCe(x y? |D| Z

d, €D c leXp (hc<xay7dn))

where C is the number of classes, d, is the n-th data from class [, in data set D and h(x,y;d,) =
[hi(z,y;dy), ..., ho (2, y;d,)] T €RC is the output of the model with parameter (z, y) and input d,,.

Hyperparameters. E-AiPOD: The communication probability is set as p = 0.1 in Figure 2] (right), S = 20, & = 0.01, 8 =
0.05, Neumann iteraion N’ = 5, and the batch size is 256. FedNest (notations in |Tarzanagh et al. (2022)): Choose LL
iteration number 7 = 10 and episode T' = 1 so that the communication frequency is 0.1 per LL iteration, which is the same
as the choice of p for E-AiPOD. The UL iteration numbers are specified in Figure 2] and we set o = 0.01, § = 0.02 (under
T =1)or 8 =0.01 (under T = 5), N’ = 5 and batch size as 256.
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F.3 Federated loss function tuning

In this subsection, we apply E-AiPOD to the federated learning from imbalanced data task, where the goal is to learn a good
model that guarantees both the fairness and generalization from datasets with under-represented classes (L1 et al., 2021).
In the UL, the loss-tuning parameters are trained to improve generalization and fairness, while the model parameters are
trained on a possibly imbalanced data-set in the LL. The method was later extended to the federated setting in (Tarzanagh
et al.} [2022). Formally, the problem can be written as a case of (I8)), given by

1 M
min — > fiP (u7,(2): D),

ex
v m=1

M
x 1 1
bt y (x) = a’rg 17;[161:9 M 7712::1 fvcs)'w(x7 ym§ ,Dt’?:))

where the number of clients is M = 50, x is the loss-tuning parameters and y is the parameter of the neural network. Here
Dy and D!, are respectively the training and validation set of client m and X', ) are the consensus sets defined in (I8).
The numbers of data of different classes are imbalanced in the training data-set {D/" }}/_ . Introduced in (Kini et al., 2021},

the so-called vector-scaling loss f1°% is defined as

1 .
(D) = = 3w, log o (90, F, (43 ) + 71,)
|D| d, €D Zc:l exp (6ch6(y§ dn) + Tc)

where N is the data set size, C is the number of classes, d,, is the n-th data with label class [,, in data set D and
h(y;dyn) = [hi(y;dn), ..., hc(y;dn)]T € RE is the logit output of the neural network with parameter y and input d,,.
Define v = (w, 8, 7) where w := [w1, ...,wc] T € R and 6, 7 can be defined similarly. The upper-level loss fUP is a special
case of f1°% with § = 1,7 = 0 and w is a fixed class weight vector for the validation data set.

Hyperparameters. E-AiPOD: Communication probability p = 0.3 in Figure 2| (right), S = 20, « = 0.01, 8 = 0.04,
N’ = 3, and batch size 256. FedNest: Choose LL iteration number 7 = 3 and episode 7' = 3 and thus the communication

frequency is 0.3 per LL iteration, which is the same as p = 0.3. The UL iteration numbers are specified in Figure[2] Set
a =0.01, 3 =0.02, N’ = 3, and batch size as 256.
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