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Abstract

Bilevel optimization problems, which are prob-
lems where two optimization problems are
nested, have more and more applications in
machine learning. In many practical cases,
the upper and the lower objectives correspond
to empirical risk minimization problems and
therefore have a sum structure. In this con-
text, we propose a bilevel extension of the cel-
ebrated SARAH algorithm. We demonstrate
that the algorithm requires O((n 4+ m)ze™1)
oracle calls to achieve e-stationarity with
n 4+ m the total number of samples, which
improves over all previous bilevel algorithms.
Moreover, we provide a lower bound on the
number of oracle calls required to get an ap-
proximate stationary point of the objective
function of the bilevel problem. This lower
bound is attained by our algorithm, making
it optimal in terms of sample complexity.

1 Introduction

In the last few years, bilevel optimization has become
an essential tool for the machine learning community
thanks to its numerous applications. Among them,
we can cite hyperparameter selection (Bengio, 2000;
Pedregosa, 2016; Franceschi et al., 2017; Lorraine et al.,
2020), implicit deep learning (Bai et al., 2019), neural
architecture search (Liu et al., 2019; Zhang et al.,
2021), data augmentation (Li et al., 2020; Rommel
et al., 2022) or meta-learning (Franceschi et al., 2018;
Rajeswaran et al., 2019). Bilevel optimization consists
in minimizing a function under the constraint that
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one variable minimizes another function. This can be
formalized as follows
min h(x) = F(z*(x),x) ,
TER? 1)
subject to 2z (z) € argmin G(z, ) . (
z€RP
The function F' is called the outer function and the
function G is the inner function. Likewise, we refer
to x as the outer variable and z as the inner variable.
The function A is the value function and it can be
minimized using gradient descent. To compute its
gradient, we use implicit differentiation which yields

Vh(z) = V2F (2" (2), 2) + V3, G (2" (), 2)v™ (2) (2)
where v*(z) is the solution of a linear system
v (@) = = [V4HG("(2),2)] " ViF(z*(@),2) . (3)

When we have exact access to z*(x), solving (1) boils
down to a smooth nonconvex optimization problem
which can be solved using solvers for single-level
problems. However, computing exactly z*(x) and v*(x)
is often too costly, and implicit differentiation-based
algorithms rely on approximations of z*(x) and v*(x)
rather than their exact value. Depending on the
precision of the different approximations, we are
not ensured that the approximate gradient used is
a descent direction. Results by Pedregosa (2016)
characterized the approximation quality for z*(x) and
v*(x) required to ensure convergence, opening the
door to various algorithms to solve bilevel optimization
problems (Lorraine et al., 2020; Ramzi et al., 2022).

In many applications of interest, the functions F' and
G correspond to Empirical Risk Minimization (ERM),
and as a consequence have a finite sum structure

F(z,x) = %ZFj(z,m), G(z,x) = 1 ZGi(z,x) .

For instance, in hyperparameter selection, F' is the
validation loss which is an average on the validation
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set and G is the training loss which is an average
on the training set. In single-level optimization, the
finite sum structure has been widely leveraged to pro-
duce fast first-order algorithms that provably converge
faster than gradient descent. Among them, we can cite
stochastic methods such as stochastic gradient descent
(SGD) (Robbins and Monro, 1951; Bottou, 2010) and
its variance-reduced variants such as SAGA (Defazio
et al., 2014), STORM (Cutkosky and Orabona, 2019)
or SPIDER/SARAH (Fang et al., 2018; Nguyen et al.,
2017) that use only a handful of samples at a time to
make progress. To get faster methods than full-batch
approaches, it is natural to extend these methods to the
bilevel setting. The main obstacle comes from the diffi-
culty of obtaining stochastic approximations of Vh(x)
because of its structure (2) which involves a Hessian
inversion. Several strategies have been proposed to
overcome this obstacle, and some works demonstrate
that stochastic implicit differentiation-based algorithms
for solving (1) have the same complexity as single-level
analogous algorithms. For instance, ALSET from Chen
et al. (2021) and SOBA from Dagréou et al. (2022) have
the same convergence rate as SGD for nonconvex single-
level problems (Ghadimi and Lan, 2013; Bottou et al.,
2018). Also, Dagréou et al. (2022) show that SABA, an
adaptation of SAGA (Defazio et al., 2014), has an anal-
ogous sample complexity to its single-level counterparts
for nonconvex problems (Reddi et al., 2016).

Yet, in classical single-level optimization, it is known
that neither of these algorithms is optimal: the SARAH
algorithm (Nguyen et al., 2017) achieves a better sample
complexity of O(m% e~ 1) with m the number of samples.
Furthermore, this algorithm is near-optimal (i.e. opti-
mal up to constant factors) because the lower bound
for single-level nonconvex optimization is Q(més’l) as
proved by Zhou and Gu (2019). It is natural to ask if
we can extend these results to bilevel optimization.

Contributions In Section 2, we introduce SRBA, an
adaptation of the SARAH algorithm to the bilevel set-
ting. We then demonstrate in Section 3 that, similarly
to the single-level setting, O ((n +m)ze 'V (n+ m))
oracle calls are sufficient to reach an e-stationary point.
As shown in Table 1, it achieves the best-known com-
plexity in the regime n +m < O(¢72). In Section 4,
we analyze the lower bounds for such problems. We
show that we need at least Q(mze~1) oracle calls to
reach an e-stationary point (see Definition 3.1), hereby
matching the previous upper-bound in the case where
nx<mande < m~3. SRBA is thus near-optimal in
that regime. Even though our main contribution is
theoretical, we illustrate the numerical performances
of the algorithm in Section 5.

Related work There are several strategies to solve
(1) with a stochastic method. The first one is the

value-function-based method which consists in recast-
ing Problem 1 as a single-level constrained optimiza-
tion problem as done with F2SA (Kwon et al., 2023)
or BOME (Ye et al., 2022). The second way is to
use first-order methods on h with approximate gradi-
ents. The approximate gradient of h can be estimated
using two approaches: iterative differentiation (ITD)
and approximate implicit differentiation (AID). On the
one hand, in ITD algorithms, the Jacobian of z* is
estimated by differentiating the different steps used to
compute an approximation of z*. On the other hand,
AID algorithms leverage the implicit gradient given
by (2) replacing z* and v* by some approximations
z and v. In the class of ITD algorithms, Maclaurin
et al. (2015) propose to approximate the Jacobian of
the solution of the inner problem by differentiating
through the iterations of SGD with momentum. The
complexity of the hypergradient computation in ITD
solvers is studied in Franceschi et al. (2017); Grazzi
et al. (2020); Ablin et al. (2020). For AID algorithms,
Ghadimi and Wang (2018); Chen et al. (2021); Ji et al.
(2021) propose to perform several SGD steps in the in-
ner problem and then use Neumann approximations to
approximate v*(z) defined in (3). A method consisting
of alternating steps in the inner and outer variables
was proposed in Hong et al. (2023). These methods
can be improved by using a warm start strategy for
the inner problem (Ji et al., 2021; Chen et al., 2021)
and for the linear system (Arbel and Mairal, 2022).
Some works adapt variance reduction methods to like
STORM (Cutkosky and Orabona, 2019; Khanduri et al.,
2021; Yang et al., 2021) or SAGA (Defazio et al., 2014;
Dagréou et al., 2022). We take a similar approach
and extend the SARAH variance reduction method to
the bilevel setting. Recent works propose to approxi-
mate the Jacobian of z* by stochastic finite difference
(Sow et al., 2022) or to use Bregman divergence-based
methods (Huang et al., 2022).

In single-level optimization, the problem of finding com-
plexity lower bound has been widely studied since the
seminal work of Nemirovsky and Yudin (1983). On the
one hand, Agarwal and Bottou (2015) provided a lower
bound to minimize strongly convex and smooth finite
sum with deterministic algorithms that have access
to individual gradients. These results were extended
to randomized algorithms for (strongly) convex finite
sum objective by Woodworth and Srebro (2016). On
the other hand, Carmon et al. (2020) provided a lower
bound for minimizing nonconvex functions with deter-
ministic and randomized algorithms. The nonconvex
finite sum case is treated in Fang et al. (2018); Zhou
and Gu (2019). In the bilevel case, Ji and Liang (2023)
showed a lower bound for deterministic algorithms.
However, this result is restricted to the case where the
value function h is convex or strongly convex, which
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Sample complexity Stochastic setting F G
StocBiO (Ji et al., 2021) O(e7?) Ceneral expectation | C;"' | SC and C;?
AmIGO (Arbel and Mairal, 2022) O(e7?) Ceneral expectation | C;" | SC and C}?
MRBO (Yang et al., 2021) O(s3) General expectation Ci’l SC and C%Q
VRBO (Yang et al., 2021) (e 2) General expectation | C;'* | SC and 32
SABA (Dagréou et al., 2022) O((n+m)ie ) Finite sum Ci’z SC and Ci’s
F2SA (Kwon et al., 2023) O(e7) General expectation Ci’Q SC and C%Q
SRBA O((n+m)ze™?) Finite sum c7? | sCand C7?

Table 1: Comparison between the sample complexities and the Assumptions of some stochastic bilevel solvers. It
corresponds to the number of calls to gradient, Hessian-vector products, and Jacobian-vector product sufficient to
get an e-stationary point. The tilde on the O hide a factor log(e~1). "SC" means "strongly convex". C%k means
p-times differentiable with Lipschitz kth order derivatives for k& < p.

is not the case with most ML-related bilevel problems.
Our results are instead in a nonconvex setting.

Notation The quantity A, refers to 4., A,, or A,
depending on the context. If f : RP xR? — R is a twice
differentiable function, we denote V; f(z, z) its gradient
w.r.t. its i*® variable. Its Hessian with respect to z is
denoted V%, f(z,2) € RP*P and its cross derivative
3%
matrix (%)iem is denoted V2,f(z,z) € RP*d
jeld]
We denote Il the projection on a closed convex set C.

2 SRBA: a Near-Optimal Algorithm
for Bilevel Empirical Risk
Minimization

In this section, we introduce SRBA (Stochastic Recur-
sive Bilevel Algorithm), a novel algorithm for bilevel
empirical risk minimization which is provably near-
optimal for this problem. This algorithm is inspired
by the algorithms SPIDER (Fang et al., 2018) and
SARAH (Nguyen et al., 2017, 2022) which are known
for being near-optimal algorithms for nonconvex finite
sum minimization problems. It relies on a recursive
estimation of directions of interest, which is restarted
periodically. Proofs are deferred to the appendix.

2.1 Assumptions

Before presenting our algorithm, we formulate regular-
ity Assumptions on the functions F' and G.

Assumption 2.1. For all j € [m], Fj is twice differen-
tiable and L{'-Lipschitz continuous. Its gradient is L{'-
Lipschitz continuous and its Hessian is L{-Lipschitz
continuous.

Assumption 2.2. For all i € [n], G; is three times dif-
ferentiable. Its first, second, and third order derivatives
are respectively L$-Lipschitz continuous, L§-Lipschitz
continuous, and Lg—Lipschitz continuous. For z € R?,
the function G;(.,z) is pg-strongly convex.

The strong convexity and the smoothness with re-
spect to z hold for instance when we consider an
(2-regularized logistic regression problem with non-
separable data. These regularity assumptions up to
first-order for F' and second-order for G are standard
in the stochastic bilevel literature (Arbel and Mairal,
2022; Ji et al., 2021; Yang et al., 2021). The second-
order regularity for F' and third-order regularity for G
are necessary for the analysis of the dynamics of v, as is
the case in Dagréou et al. (2022). As shown in Ghadimi
and Wang (2018, Lemma 2.2), these assumptions imply
the smoothness of h, which is a fundamental property
to get a descent.

Proposition 2.3. Under Assumptions 2.1 and 2.2,
the function h is L" smooth for some L" > 0 which is
precised in Appendiz A.2.

Another consequence of Assumptions 2.1 and 2.2 is the
boundedness of the function v*.

Proposition 2.4. Assume that Assumptions 2.1 and
F

2.2 hold. Then, for R = 5—2 it holds that for any

r € R, we have ||v*(z)|| < R.

We denote I" the closed ball centered in 0 with radius
R and TIr the projection onto I'. For (z,v,z) € RP x
R? x R4, we denote I1(z,v,z) = (2,1 (v), x).

2.2 Hypergradient Approximation

The gradient of h given by (2) is intractable in practice
because it requires the perfect knowledge of z*(z) and
v*(x) which are usually costly to compute. As classi-
cally done in the stochastic bilevel literature (Ji et al.,
2021; Arbel and Mairal, 2022; Li et al., 2022), 2*(z) and
v*(x) are replaced by approximate surrogate variables
z and v. The variable z is typically the output of one
or several steps of an optimization procedure applied to
G(.,x). The variable v can be computed by using Neu-
mann approximations or doing some optimization steps
on the quadratic v — vV} G(z,z)v + V1F(z,2) Tv.
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We consider the approximate hypergradient given by

D.(z,v,7) = V3,G(2,2)v + Vo F(2,z) .

The motivation behind this direction is that if we take
z = z*(z) and v = v*(x), we recover the true gradient,
that is D, (z*(x),v*(x),x2) = Vh(z). Proposition 2.5
from (Dagréou et al., 2022, Lemma 3.4) controls the
hypergradient approxmlation error by the distances
between z and z*(z) and between v and v*(z).

Proposition 2.5. Let 2 € R?. Assume that F is
differentiable and LY smooth with bounded gradient,
G is twice differentiable with Lipschitz gradient and
Hessian and G(.,x) is pug-strongly convex. Then there
exists a constant L, such that

1D, (z, v, x)

Thus, it is natural to make z and v move towards their
respective equilibrium values which are given by z*(x)
and v*(z). As a consequence, we also introduce the
directions D, and D, as follows

DZ(Z’ v’ x) =
Dy(z,v,x)

ViG(z,z) ,
=V3HG(z, )0+ ViF(z,2) .

The interest of considering the directions D, and D,
is expressed in Proposition 2.6.

Proposition 2.6. Assume that G is strongly con-
vex with respect to its first wvariable.  Then for
any x € RY, it holds D,(z*(x),v*(z),2) = 0 and
D,(z*(z),v*(x),x) = 0.

The directions D,, D,,, and D, can be written as sums
over the samples. Hence, following these directions
enables to adapt any classical algorithm suited for
single-level finite sum minimization to bilevel finite
sum minimization. In what follows, for two indices
i € [n] and j € [m], we consider the sampled directions
Dz,i,j; Dv,i,j and Dm,i,j defined by

D, ;(z,v,z) =V1Gi(z ) (4)
Dy j(z,0,2) = V3, Gi(2,2)v + V1 Fj(2,7) (5)
Dy j(z,0,2) = V31Gi(2,2)v + VaFj(z,2) . (6)

When ¢ and j are randomly sampled uniformly, these
directions are unbiased estimators of the true directions
D,, D,, and D,. Yet, as in Nguyen et al. (2017), we
use them to recursively build biased estimators of the
directions that enable fast convergence.

2.3 SRBA: Stochastic Recursive Bilevel
Algorithm

In Algorithm 1, we present SRBA, a combination of
the idea of recursive gradient coming from (Fang et al.,

=Vh(@)|? <LZ(lz—2" (@)|I* +llv—v(@)]*).

Algorithm 1 Stochastic Recursive Bilevel Algorithm

Input: initializations zy € R?, 2y € R?, vy € RP,
number of iterations T and g, step sizes p and ~.

Set 00 = (zo7v0,x0)
for t =0,. —1do
Reset A1 A0 (o, (@), pD. (3), 1D ()
Update u: ub! =TII(a! — A%0) |
for kzl,...,q—l do
Draw ¢ € {1,. n}andj€{17...,m}
ALE = (D500~ D (k) AL
Av’ :p( vz,j( ) vi,j(u ))"—Av’ B
Agc’k =v(D :cw( ) (utk 1))+A§:’k !
Update u: ub*t! = H( — Abk)
end for
Set @tt! = uttla
end for

Return (27,97, 77) = a”

2018; Nguyen et al., 2022) and the framework proposed
in (Dagréou et al., 2022). It relies on a recursive esti-
mation of each direction D,, D,, D, which is updated
following the same strategy as SARAH. Let us denote
by p the step size of the update for the variables z and
v, and -y the step size for the update of the variable z.
We use the same step size for z and v because the prob-
lems of minimizing the inner function G and solving
the linear system (3) have the same conditioning driven
by V?%,G. For simplicity, we denote the joint variable
u = (z,v,2) and the joint directions weighted by the
step sizes A = (pD,,pD,,vD;) = (A,, Ay, A,).

At iteration t, the estimate direction A is initialized
by computing full batch directions:

'), pDy ('), 7D, ("))

and a first update is performed by moving from @ in the
direction —A®%. As done in Hu et al. (2022), we project
the variable v onto I' to leverage the boundedness
property of v*. Then, during the kth iteration of an
inner loop of size ¢ — 1, two indices i € [n] and j € [m)]
are sampled and the estimate directions are updated
according to Equations (7) to (9)

A = (pDz(

ALF = p(D.,;(utF) = D, ;s (utFl)) + ALEL (7)
A?U,k:p(Dvlj( ) D’U,Z,j( t7k 1)) Ai’k_l (8)
ALY = (D (aF) = D, () + ALET (9)

where the sampled directions D, ; j, D, ; ; and D, ; ;
are defined by Equations (4) to (6). Then the joint

variable u is updated by
ub =T — ARF) (10)

Recall that the projection is only performed on the
variable v. The other variables z and x remain un-
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changed after the projection step. At the end of the
inner procedure, we set a‘t! = ub9.

In Algorithm 1, the variables z, v, and = are updated
simultaneously rather than alternatively. From a com-
putational perspective, this enables sharing the com-
mon computations between the different oracles and
doing the update of each variable in parallel. So there
is no sub-procedure to approximate the solution of the
inner problem and the solution of the linear system.

Note that in Yang et al. (2021), the authors propose
VRBO, another adaptation of SPIDER/SARAH for
bilevel problems. VRBO has a double loop structure
where the inner variable is updated by several steps
in an inner loop. In this inner loop, the estimates
of the gradient of G and the gradient of h are also
updated using SARAH’s update rules. SRBA has a
different structure. First, in SRBA, the inner variable z
is updated only once between two updates of the outer
variable instead of several times. Second, the solution
of the linear system evolves following optimization steps
whereas in VRBO a Neumann approximation is used.
Moreover, in Yang et al. (2021), the algorithm VRBO
is analyzed in the case where the functions F' and G are
general expectations but not in the specific case of em-
pirical risk minimization, as done in Section 3. Finally,
VRBO requires three more parameters than SRBA: the
number of inner steps, the number of terms and the
scaling parameter in the Neumann approximations.

3 Theoretical Analysis of SRBA

In this section we provide the theoretical analysis of
Algorithm 1 leading to a final sample complexity in

o ((n +m)ze LtV (n+ m)) The detailed proofs of

the results are deferred to the appendix. In Defini-
tion 3.1, we recall what is an e-stationary point.

Definition 3.1. Let d a positive integer, f : R* - R a
differentiable function and € > 0. We say that a point
x € R? is an e-stationary point of f if |V f(z)|]? < e.
In a stochastic context, we call e-stationary point a
random variable z such that E[||V f(z)]?] < e.

In this paper, the theoretical complexity of the algo-
rithms is given in terms of number of calls to oracle,
that is to say, the number of times the quantity

[VFj(2,2),VGi(z,2), Vi Gi(z,2)v, V3, Gi(2, 2)v]

(11)
is queried for ¢ € [n], j € [m], 2z € RP, v € RP and
z € R% Note that in practice, although the second-
order derivatives of the inner functions V%,G;(z,) €
RPXP and V3,G;(z,x) € RYP are involved, they
are never computed or stored explicitly. We rather
work with Hessian-vector products V3%, G;(z,x)v €

RP and Jacobian-vector products V3, G;(z,z)v € R?
which can be computed efficiently thanks to auto-
matic differentiation with a computational cost simi-
lar to the cost of computing the gradients V1G;(z, z)
and V3G;(z,z) Pearlmutter (1994). The cost of one
query (11) is therefore of the same order of magnitude
as that of computing one stochastic gradient.

3.1 Mean Squared Error of the Estimated
Directions

A strength of our method is its simple expression of
the estimation error of the directions coming from
the bias-variance decomposition provided by Nguyen
et al. (2017). Let us denote the estimate directions
Dt = AUF/p, Dt — ALE/p and Dk = ALy,
We also introduce the residuals

k
SeF =Y E[||De(u”") = Do(u |,
r=1

k
Sok = E[|D" =Dy
r=1

We provide a link between the mean squared error
E[||DY* — Dy(u'*)||2] and the residuals.

Proposition 3.2 (MSE of the estimate directions).
For anyt >0 and k € {1,...,q—1}, the estimate DLk
of the direction Do(u**) satisfies

E[| D* — Da(u*)[?] = S0 — 50* .

The above error has two components: the accumulation
of the difference between two successive full batch di-
rections and the accumulation of the difference between
two successive estimate directions.

3.2 Fundamental Lemmas

We establish descent lemmas which are key ingredients
to get the final convergence result. Lemma 3.3 charac-
terizes the dynamic of u on the inner problem. To do
so, we define the function ¢, as

0.(z,2) = G(z,2) — G(z"(x),x) .

In the bilevel literature, direct control on the dis-
tance to optimum §%F £ E[||z8% — 2*(29%)||?] is es-
tablished. Here, the biased nature of the estimate
direction DY* makes it hard to upper bound appropri-
ately the scalar product (D, (ut¥)—DLF 2tk 2% (ztk)).
Therefore, we rather consider ¢%*. By combining the
smoothness property of ¢, and the bias-variance de-
composition provided in Proposition 3.2, we can show
some descent property on the sequence ¢'* defined
by ¢LF = E[¢, (20, 28F)]. Before stating Lemma 3.3,
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let us define G4/F =
PR+ — ik

% (v'* —TIp(v"F — pDLF)) so that
— pgi’k . This is the actual update direc-
tion of v. If there were no projections, we would have
Gtk = DtE. Hence, it acts as a surrogate of D%* in
our analysis. We also define
VEE=E[DY)], Vot =
Vot =E[||D*|I’]

E[G,*11°),

the variances and their respective sums over the inner
loop

Vtk Z]E |Dt7‘ 1” Vtk‘

ZEHQ” PP
"= ZE[IID§’7"1II2]
r=1

Lemma 3.3 (Descent on the inner level). Assume that
the step sizes p and v verify v < C,p for some positive
constant C, speciﬁed in the appendix. Then it holds

¢Z’k+1 < ( )¢tk
+p ﬂszi oy Y pﬂzvvqt;’k + 72P5zzvi’k

& 2vt,k fﬁ EllD t,k\|12
T3 Ve 4 BBl Da ()]

La-Ap Vit (12)

for some positive constants A, B,., B.. and j3,, that
are specified in the appendix.

In (12) we recover a decrease of ¢4* by a factor (1 —
piic). But the outer variable’s movement and the noise
make appear D, (u®*) and the variance hindering the
convergence of z towards z*(x).

For the variable v, the quantity we consider is
dp(v, ) = V(2" (2),v,2) — V(2" (2),v"(z),x)

where U(z, v, x) is defined as
U(z,v,2) = 5vTV%lG(z,ac)v +ViF(z,2) v .

The intuition behind considering this quantity is that
solving the linear system (3) is equivalent to minimizing
over v the function ¥(z*(z),v, ).

Lemma 3.4. Assume that the step sizes p and v verify
p < B, andvy < C,p for some positive constants B,
and C,, specified in the appendiz. Then it holds

PHG 3
ot < (1= B ) ok — BupVil + 2BV
+20°Buo Vit + 92 pBua Vit + pov. ol

A, v
- 772E[H 1+ 750mE[IIDm(ut’k)||2}

or some positive constants Ay, Bz, Bz, ﬂm, and ﬂ
that are specified in the appendix.

Lemma 3.4 is similar to Lemma 3.3 with a term in
@L* taking into account the error of z*(z)’s approxima-
tion. Its proof harnesses the generalization of Polyak-
Yojasiewicz inequality for composite functions intro-
duced in Karimi et al. (2016).

The following lemma is a consequence of the
smoothness of h. Let us denote the expected
values ht* = E[h(2z?*)] and expected gradient
g"*F = E[|Vh(z"*)|].

Lemma 3.5. There exist constants B, Bhv, Bhe > 0
such that

ptk+L < Rtk _ lgt,k

2
+ 0ty T 4+ 0P B VEF + 42 B VEF

- % (1= LMy Vir

2La2¢ t.k t.k 2
Fy—"(d" + b, ) +p
(el

This lemma shows that the control of the approximation
error ¢o (Lemma 3.3 and Lemma 3.4) and the sum of
variances V, is crucial to get a decrease of E[h(z%*)].

3.3 Complexity Analysis of SRBA

In Theorem 1, we provide the convergence rate of SRBA
towards a stationary point.

Theorem 1. Assume that Assumptions 2.1 and 2.2
hold. Assume that the step sizes verify p < p and
~v < min(7, p) for some constants &, p and 7 specified
in appendix. Then it holds

T

—1q—-1
1 1
72 & L ElIVie P =0 (1)
R qlry

k=0

where O hides regularity constants that are indepen-
dent from n and m.

The proof combines classical proof techniques from the
bilevel literature and elements from SARAH’s analysis
(Nguyen et al., 2017, 2022). We introduce the Lyapunov
function £(ub*) = htF 4 1h, pt* +1p, ¢4 F where 1), and
1, are non-negative constants chosen so that we have
the inequality £(u"**1) < £(u"*) — 2¢g"*. Summing
and telescoping this inequality provides the result.

Note that increasing ¢ allows a faster convergence in
terms of iterations but makes each iteration more ex-
pensive since the number of oracle calls per iteration
is (2n 4+ 3m) + 2 x 5(¢ — 1). Thus, there is a trade-off
between the convergence rate and the overall complex-
ity. In Corollary 3.6, we state that the value of ¢ that
gives the best sample complexity is O(n + m).

Corollary 3.6. Suppose that Assumptions 2.1 and
2.2 hold. If we take p =  p(n + m)z,
v = min(7,ép)(n+m)"2 and ¢ = n+ m, then
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O ((n +m)belV (n+ m))
cient to find an e-stationary point with SRBA.

calls to oracles are suffi-

This sample complexity is analogous to the sample
complexity of SARAH in the nonconvex finite-sum
setting. To the best of our knowledge, such a rate is
the best known for bilevel empirical risk minimization
problems in terms of dependency on the number of
samples n 4+ m and the precision €. This improves by a
factor (n+m)~¢ the previous result which was achieved
by SABA (Dagréou et al., 2022). As a comparison,
VRBO (Yang et al., 2021) achleves a sample complexity
in O(e~%). Note that, for large value of n+m we can
have actually (n 4+ m)ze~! > ¢~2. This means that,
just like single-level SARAH, the complexity of SRBA
can be beaten by others when the number of samples is
too high with respect to the desired accuracy (actually
if n+m = Q(e72)).

4 Lower Bound for Bilevel ERM

In this section, we derive a lower bound for bilevel
empirical risk minimization problems. This shows that
SRBA is a near-optimal algorithm for this class of
problems.

Function and Algorithm Classes We define the
function and algorithm classes we consider.

Definition 4.1. Let n, m two positive integers, LI and
e two positive constants. The class of the smooth em-
pirical risk minimization problems denoted by CLi ma
is the set of pairs of real-valued function families
(Fj)1<j<m, (Gi)1<i<n) defined on R? x R such that
for all j € [m], Fj is L{ smooth and for all i € [n], G;
is twice differentiable and ug-strongly convex.

Note that we consider a class of nonconvex bilevel
problems. This class contains, the functions defining
the bilevel formulation of the datacleaning task.

For the algorithmic class, we consider algorithms that
use approximate implicit differentiation.

Definition 4.2. Given initial points 2°,v°, 2%, a lin-
ear bilevel algorithm A is a measurable mapping such
that for any ((Fj)i<j<m,(Gi)icicn) € CFi#o,
the output of A((F})1<j<m, (Gi)1<i<n) is a sequence
{240t @ ,Zt,jt)}tzo of points (2!, v!, ) and random
variables 4; € [n] and j; € [m] such that for all ¢ > 0

be 224 Span{V,G,, (2%, 2%),..., V1G;, (2, %)}

vt“ € v"+Span{V?,G;, (2°, 2° )v + V1 F;, (2%, 29),
L VHG, (L att + VL Fy, (2 ot}

b e 2%+Span{V3,G;, (2%, 2°)0° + Vo F, (2°, 2°),
V3G, (2 2ot + Vo Fy, (2 o'}

This algorithm class includes popular stochastic bilevel
first-order algorithms, such as AmIGO (Arbel and
Mairal, 2022), FSLA (Li et al., 2022), SOBA, and
SABA (Dagréou et al., 2022). Moreover, despite the
projection step, SRBA is part of this algorithm class
since the projection of a vector onto I' is actually just
a rescaling.

Main Theorem Problem (1) is actually a smooth
nonconvex optimization problem. The lower complex-
ity bound for nonconvex finite sum problem has been
studied in Fang et al. (2018); Zhou and Gu (2019).
In particular, they show that the number of gradient
calls needed to get an e-stationary point for a smooth
nonconvex finite sum is at least O(mze~1), where m
is the number of terms in the finite sum.

Intuitively, we expect the lower complexity bound to
solve (1) to be larger. Indeed, bilevel problems are
harder than single-level problems because a bilevel
problem involves the resolution of several subproblems
to progress in its resolution. Theorem 2 formalizes this
intuition by showing that the classical single-level lower
bound is also a lower bound for bilevel problems.

Theorem 2. For any linear bilevel algorithm A, and
any LY, n, A, ¢, p such that ¢ < (ALF'm=1)/103,
there exists a dimension d = O(Ae~'mzLF), an ele-
ment ((Fj)lgjgma (Gi)lgign) € CL{:’HG such that the
value function h defined as in (1) satisfies h(z%) —
inf,cga h(z) < A and in order to find # € R? such that
E[||VA(2)||2] < e, A needs at least Q(mze1) calls to
oracles of the form (11).

The proof is an adaptation of the proof of Zhou and
Gu (2019, Theorem 4.7). We take as outer function
F defined by F(z,x) = Z;nzl f(UY)2) where f is the

“worst-case function” used by Carmon et al. (2021),

U= [U9,...,U™]T is an orthogonal matrix and
G(z,z) = 1|z — z||>. We leverage the fact that
[Vf(y)|> > K as long as the two last coordinates
of y are zero for some known constant K. Then we
use the “zero chain property” to bound the number of
indices j such the two last components of U@zt are
zero at a given iteration t, implying ||[Vh(z?)[|?> >
when ¢ is smaller than O(mze~1).

As a comparison to the existing lower bound for bilevel
optimization in Ji and Liang (2023), we consider ran-
domized algorithms and do not assume the value func-
tion h to be convex or strongly convex.

5 Numerical Experiments

Even though our contribution is mostly theoretical,
we run several experiments to highlight to compare
the proposed algorithm with state-of-the-art stochastic
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bilevel solvers. We compare our method to AmIGO
(Arbel and Mairal, 2022), F2SA (Kwon et al., 2023),
MRBO (Yang et al., 2021), VRBO (Yang et al., 2021),
StocBiO (Ji et al., 2021) and SABA (Dagréou et al.,
2022). They are run on a synthetic problem with
quadratic functions and on a hyperparameter selection
problem for ¢?-regularized logistic regression with the
dataset IJCNN1'. A more detailed description of the
experiments is available in Appendix C and an addi-
tional experiment the datacleaning task is available in
Appendix D.

Experiments on quadratics To evaluate the perfor-
mance of stochastic bilevel optimizers in a controlled
setting, we perform a benchmark on quadratic loss
functions described in Appendix C. Here F' and G
are quadratic jointly in (z, ), allowing us to choose
freely the conditioning of F', G, and h. We take for the
Hessian and cross derivative matrices of each sample,
the empirical correlation of random vectors drawn with
a prescribed covariance matrix. The generation process
is detailed in Appendix C. In Figure 1, we report the
norm of the gradient of the value function function
with respect to time. Our first observation is that
among all the methods, SRBA and SABA converge
the fastest. These two solvers share two key ingredi-
ents: variance reduction and warm-starting. Variance
reduction makes the variance of the gradient estimate
go to zero without using decreasing step sizes. The
warm-starting strategy in both the approximation of
2*(2%) and the approximation of v*(z!) enables get-
ting an estimator of Vh(x!) which is asymptotically
unbiased, without requiring an increasing number of
inner iterations or batch-size. Note that solvers using
Neumann iterations (VRBO, MRBO, stocBiO) fail to
converge because Neumann iterations provide a biased
estimate of v*(z). Moreover, AmilGO and stocBiO
evolve slowly after some iterations because they require
vanishing step sizes to converge. Finally, SRBA is
faster than SABA, which is consistent with the theory.

Hyperparameter selection We also run an ex-
periment on hyperparameter selection problem for £2-
regularized logistic regression with the IJCNNT1 dataset.
SRBA shows good performances in the experiment,
both in speed and accuracy. It is competitive with
other state-of-the-art methods AmIGO and SABA,
while going faster than Amigo and requiring less mem-
ory than SABA. VRBO —another extension of SARAH
for bilevel problems— is slower in all problems. This
is due to the burden of computing the approximate
hypergradient at each inner iteration without updat-
ing the outer parameter. We can also notice that in
the experiment on IJCNNT1, the slowest method are

"https://www.csie.ntu.edu.tw/ " cjlin/
libsvmtools/datasets/binary.html

method implementing Neumann approximations to ap-
proximate v*(z). Note that this last experiment does
not include F2SA because we find that on this problem,
the norm of the iterates of F2SA goes towards infinity.

10t
10-2 4 —
= 107° —— AmIGO == SRBA
) F2SA StocBiO
= 10784 MRBO VRBO
> —— SABA
10711 -
10714 -
————
T T T T
0 50 100 150 200 250
Time (s)
1071 -
. 1072 4
‘T —— AmIGO = SABA
—~ 1073 4 MRBO StocBiO
) VRBO = SRBA
= 1074 5
1075 -
T T T T
100 200 300 400
Time [sec]

Figure 1: Comparison of the behavior of SRBA with
other stochastic bilevel solvers. For each experiment,
the solvers are run with 10 different seeds and the me-
dian performance over these seeds is reported. The
shaded area corresponds to the performances between
the 20% and the 80% percentiles. The performances
are reported with respect to wall-clock time. Top:
Experiments on quadratic functions. We report the
gradient norm of the value function. Bottom: Hy-
perparameter selection with the IJCNN1 dataset.

6 Conclusion

In this paper, we have introduced SRBA, an algo-
rithm for bilevel empirical risk minimization. We have
demonstrated that the sample complexity of SRBA
is O((n+m)ze1) for any bilevel problem where the
inner problem is strongly convex. Then, we have demon-
strated that any bilevel empirical risk minimization al-
gorithm has a sample complexity of at least O(m%zs*l)
on some problems where the inner problem is strongly
convex. This demonstrates that SRBA is optimal, up
to constant factors, and that bilevel ERM is as hard
as single-level nonconvex ERM.
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Appendix A contains the necessary lemmas and proofs of Section 3. Appendix B contains the proof of the lower
bound for stochastic bilevel optimization. Appendix C details the setting of the numerical experiments. Finally,
Appendix D contains two more experiments on hyperparameter selection and datacleaning tasks.

A Convergence analysis of SRBA

A.1 Proof of Proposition 2.6
Proof. Let x € R?. Since G(.,x) is differentiable and z* () minimizes G( ., ), the first order optimality condition

ensures V1G(z*(z),z) = 0 = D,(2*(x),v*(x),x). Since G is strongly convex with respect to z, the Hessian
V2,G(z*(x),z) is invertible. As a consequence, the equation in v

D, (2" (x),v,z) = V3, G(2* (), z)v + V1 F(2*(z),z) = 0 (13)

admits a unique solution given by v*(x). O

A.2 Smoothness constant of h
We can find in Ghadimi and Wang (2018, Lemma 2.2) the following value for the smoothness constant of h

QLG+ (LEPLS | LGLELE + IFLGLE + (LEPLE | (LPISLE

L"=L{+
! el 1g K

A.3 Proof of Proposition 3.2

Proof. Let t > 0 and k € [ — 1]. For k = 0, we directly have E[|D{* — Dy(u*)||2] = 0. For k& > 1 and
r € {1,...,k}, the bias/variance decomposition of D" reads

By DY — Da(ul) ] = By, [| D" = D™ + Dy(ut ) = Da(ul) )
| Da () + Da(utr ) = DL Dy ()2
= By (DL = DYt = (Du(ul 1) = Dy ()]
+ DL = Dy (a2

The term B, ,.[|[DY" — DE" ™ — (Dy(ut"~1) — Dy(ut"))||2] is the variance of D&" — DL ™', and then can written
as

Eeo[|DS7 = DY = (Do (071 = Dy (u'))|P] = By, [ D7 = D" HJ?)
— | De(u"") = Dy(u"" 1|2

Plugging this in the previous inequality and taking the total expectation leads to

E[|De" = Da(u"")[IP) = E[I D" = Dg" %] = E[[[Da(u"") = Do(u"" )]
+E[IDY = DY (a7

Summing for 7 € {1,...,k} and telescoping gives the final result (taking into account that DY = D,(u®?)):
k k

E[|DY* — De(uM)|P] = Y E[ID" = DI P = Y E[|De(u”7) — Do(u 7]

r=1 r=1
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A.4 Technical lemmas

Lemma A.1. There exists constant L.~ and Ly~ such that for any x1, xo € R? we have

[2%(21) = 2% (@2) || < Lavllar = xa|  and 0™ (21) = v (22)[] < Lo- [|l21 — 22|
Proof. The Jacobian of z* reads dz*(x) = [V} G(2*(x),2)] 1V3,G(2*(z),z). By pg-strong convex1ty and
G
L§-smoothness of G, we have ||dz*(x)|| < 2+ which implies that 2" is L.--Lipschtiz with L. = i—lc

For v* we do the computation directly:

[v* (1) = v* (z2) ]| = [ [VT ( (1), 21)] T VAF (2" (21), 21)
= VLG (2" (22), 22)] T Vi F (2" (22), 22) |
< [IIV% ( “(21),2)] VAP (2" (1), 21) = ViF (27 (22), 22)) |
HI(VHG(E" (21), 01) = [VHG (2" (w2), 22)] 1T ViF (27 (22), 22) |

Ly ISLY
< (B + ) (o)) - (0 (a2
G
LF LGLF . .
= <M;+ Zz())(”Z (21) = 2" (@2)|| + [lo1 — 22]])
G
LEN\ (LY LSLE
T+ — ) (—+—=5— ) lz1 — 22|
ba ba 2Te!
Then taking L,- = (1 + #G) (L1 + L2 LO ) concludes the proof. O

Lemma A.2. Let us consider the update directions DYF = AL*/p DYF = ALK /p and DL = ALF /v where
ALF AR and ALF verify Equations (7) to (9). Then it holds

k
E[|DL* — D.(u"M)IP] < 3 LY (0PE(IDL 1P + +E[IDL~|1°])

r=1

k k
E[|DS* — Dy (u*)[P] < 4p® (L§' R)* + (L1)?) D E[IDL™HP] + 4p*(LF)* Y E[IG %]
= r=1

r=1
k
+492 (LS R)* + (L)) Y E[| DY)
r=1
k k
E[|DL* — Dy(u")[]?] < 4p* (LS R)* + ZE (I DL =% +4P2(Lf)2ZE[IIGi’T_1II2]
r=1 r=1

k
+492 (LS R)? + (L)?) S E[IDL 1)
r=1

Proof. Direction D,
We start from Proposition 3.2.

E[| DL — D.(u"*)[?] = E[| DL* — V1G("F, 2"F)||?]
k k
=Y E[IDL" = DL = Y CE[[VAG(ET at) = ViG(ET et |
r=1

k
<Y E[IDL" - DL

r=1

k
< D LE(PPENDL T PT+ A E (DL )
r=1
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where the last inequality comes from the smoothness of each Gj;.

Direction D, For D, the proof is almost the same. Proposition 3.2 gives us

k
E[| D5* — Dy (u"")|J?] Z 1Dy = Dy~

Then, using the boundedness of v and regularity of each G; and F}, we have
E[||Dg" — Dy < 2(E[| V3, G2, 2 )t = V3 Gi(2M T et T et T
+E[[VaF; (2", a"7) = Vo Fy (277 2 h|17))
< AE[IVE G257, 2t (08 — ot
+E[I(V]Gi(z"",2"") = VH Gi(z"" b))t 2]
f)z(sz[HD?r I+ PPE(IDE )
2PENG )
§)2 R (PE[| DL+ +*E[IDE" %)
D2(PPENIDZ I +~*E[DE %)
< 4p” (LS R)* + (L1)?) B[ DL~ HP] + 4p* (LE)’E[1Gy " 1%]
+4y° (L R)” + (L7)*) E[| DZ" ] -

(L
<4((L
(L
(L

Direction D, The proof is the same as the proof for D,,. O

A.5 Proof of Lemma 3.3

Let ¢.(z,2) = G(z,2) — G(z*(x),z) the inner suboptimality gap. The proof of Lemma 3.3 is based on the
smoothness of ¢,, which is the object of the following lemma.

Lemma A.3. The function ¢, has A.-Lipschitz continuous gradient on RP x R%, for some constant A .

Proof. For any (z,2) € RP? x R%, we have
Vid.(z,2) = V1G(z,z) and Va¢,(z,2) = VaG(z,x) — VoG(2"(z),z) .

Let us consider (z,z) € R? x R? and (2/,2) € R? x R%. Since VG is L{-Lipschitz continuous, we have directly
||V1¢2(Z71‘) - V1¢Z(zl,x/)|| < L?||(Z7x) - (217*7;/)” :
Moreover, we have
V2 (2,2) — Vag: (2, 2)|| < [[V2G(2,2) — V2G(2, o)
+ [IV2G(2"(z),2) — VaG(2"(2'), o)
< LY|(z,2) = (2, 2') | + LY (2% (2), @) — (2% (2), )|
< LE|(z,2) = (2, 2) | + LT (|2" (2) = 2" (@")[| + [l= — ')
From Lemma A.1, z* is L, Lipschitz continuous, so
IV26. (2, 2) = Voo (2, 2")|| < LT|(2,2) — (/s 2")|| + LT ([|2"(2) — 2" ()| + [|l= — 2']))
< LE|(z,2) = (2, &) + LY (Ls + D& — 2|
< LY (Lo +2)|(z,2) = (2] -
As a consequence
IV (2,2) = Vo.(2', )| < [Vi¢:(2,2) — Vig. (2, 2") | + (V2 (2, 2) — Vag: (2, 2')]|
< LY (Lor +3)|(2,2) — (2,2 -
Hence, ¢. is A, smooth with A, = L§ (L.« + 3). O
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We can now turn to the proof of Lemma 3.3.
Proof. The smoothness of ¢, provides us the following upper bound
A,
D (L ) < . (2K, 4F) — p(DEF, V1 G(tF, 2)) + 22 g2 DEF? (14)

— 'y(D;’k, VQG(zt’k,sct’k) — VgG(Z*(gct’k),xt’k» +

Using the equality (a,b) = 1(||la]|? + [|b]|* — |la — b]|?), we get

A, 1
—(DLEVAG(E, 2h)) + | DL = S (DL = VaGEtt, )| (15)
— V1G5, 2|2 — (1= Asp) IDL?)

Plugging Equation (15) into Equation (14) and tacking the expectation conditionally to the past iterates yields

Ep ot < 00" + gEt,k[HD?k = ViG (" 2|12 (16)
P P
— BIiGEE, )2 - B (1= Ap) Bl D P
* AZ
= WEs[D*], VaG (2, at) = VoG (2" ("), a)) + T Ea sl D] -
From Young inequality, we have for any ¢ > 0
. 1
(Bek[D*], VoG (2", 2tF) = VaG(2" (%), 7)) < o B k[ D3]] (17)

+ gHVQG(Zt’k,xt’k) _ VQG(Z*(Z‘t’k),J)t’k)Hz

The smoothness of G and strong convexity give us

G
V262, 2) — VoG (2F), 2 9)|? < LEb* — 2 (atH)|? < %@( kL) (18)

Let us denote L' = ﬁ—g Plugging Inequalities (17) and (18) into Equation (16) yields

Eekl: (27" 2 ] < (14 eL'y) s (254, 2t — BEt #lIV1G(E, 20) )% (19)
P
SEl|DEF = ViG] ~ (1 — Asp) e[ D2 )]

A
+ o [EADIMI + S Bl D]

From Lemma A.2, we have

>~

E[| D" — V1 G("F, o Z (PElIDZ" ")+ *ElIDZ" %) -

Taking the total expectation and plugging the previous inequality into Equation (19) yields

k
6 < (U e)ot + L S (PBIDL )+ Bl ) (20)

r=1

— SEIIViGE S 2| = £ (1= Aup) E[IDLH)7)

Y A,
E[|E[DL*I1P] + 7721EH|D§”“||2}
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Since G is pg-strongly convex with respect to z, Polyak-Lojasiewicz inequality holds:
||V1G(Zt’k, :Et’k) H2 > 2#G¢z(zt’k7 :Et’k)

As a consequence, Equation (20) becomes

k
S < (14 L'y = pap) 6+ Z 3 (BIIDE ) + 4 El D7)
r=1
21— M) BIIDYHIP) + LEIEDENP) + 2B D5 P
Taking ¢ =
k
Rl (R A P EIBEMYTWJ+vde”1HD
_ P L,k L'y 2 z 2 t,k
5 (1= A (1D )+ = T R[EIDLAI] + Bl D)

For the term E[|E, x[D%*]||?], we have

]E[H]Et,k[D;’k”F] _ E[HDz(zt’k, Ut’k, xt,k) _ Dz(zt,kfl’ ,Ut,k:fl’ xt,kfl) + Dgtc,kfl ”2]
_ E[HDE(Zt7k, Ut7k, $t7k) _ Dz(zt,kfl’ Ut,kfl’ l,thfl) _ E[D;kfl} HZ]
+E[| Dz —E[DZM )%
= E[| Do (25, v"F, 2" )] (21)
+ E[HD;,k—l . Dx(zt,k—l’ Ut,k—l, mt,k—l)HQ] .

Using Lemma A.2, we get

E[|DZ*! = Dy (u*1)|°] < 4p® (LY R)? + ZE (D2 H?]
k—1
+4p(LE)? Y RG]
r=1
k—1
+49% (L§R)* + (L1)?) Y _E(IDL 7] -
r=1

Putting all together yields

A,
o < (1- )¢” u—A>EW%Wﬂ+3w%H ? (22)

Ly ;
_"_7 Dtk t,k +4 LG 2 E gt’r‘ 1
G p E[[|Dg* (u"*)[J?] + 4( 7 pz [l I°]

LE¢  A(LSRL , ALF)2L ] & .
+p|:p2 + ( 2 ) 72_‘[_ ( ,72:| § :E”Dt 1H
2 Ha r=1
.G L' ~? 2 k
+ 2 |: 1 4 4 LGR 2 R _|_4 :| E Dt r—1
oy s R L > ey

By assumption, v < C,p, with C, = \/SL,((LQ&%LQ?_(L{)Q) therefore
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| Ze; 14 Az
$4 < (12 B9,) gtk — 21— ) BYIDEMP) + B22m Dt

2
L' ~? Kot k(|2 3:G . 12
+M70?]E[HD;7 (u"®)|]*] + p*L{ ZE[HD?P 1]
r=1

I/ k o k o
+4(Lf)2/TGvQPZE[IIQi’ P+ A2pLE Y D EIDE)
r=1

r=1

Ha tk__ P T L k(o kY ||12
< (1-150) 0 = G (1= A VIR 4+ VIR 4B B DL () )

+ 0B VIR + 42 pBLu VIR + 42 pBL VEE

. 4(L¢)*L 2 ’
with 3., = L?a Baw = ( ;C); s Bre = L? and /Bzgc = l%; O

A.6 Proof of Lemma 3.4

Recall that we denote W(z,v,z) = Zv'V}G(z,2)v + ViF(z,2)"v and ¢,(v,2) = U(z*(z),v,2) —
U(z*(x),v*(x),x). As for Lemma 3.3, the key property we need is the smoothness of ¢,. The derivatives
of ¢, involve the third derivative of G. For a tensor T' € RP1*P2*Ps and a vector a € RP* we denote (T'|a) the
matrix in RP1*P2 defined by:

(Tla) =

P3

> Tijwa
k=1 1<i<py
1<j<p2

Lemma A.4. The function ¢, has A,-Lipschitz continuous gradient on I' x R%, for some constant A,.

Proof. For any (v,z) € T' x R, we have
V1¢v(vvm) = Dv(Z*(x)vvvx)

and
Va6u0.0) = (@) | 5(72
+V2, F(2*(x),z)v — V3 F(z*(2), = U*(m)]

+ |5 VEGE @), o) - 5 (TG @)l (@) (2)

+V5 F (2" (2), 2)v = V3, F(2" (2), 2)v” (z)]

Let us consider (v,z) € I' x R and (v/,2') € T x R, We have

V1o (v,2) = V1o (', a")[| < V]G (2" (2), 2)v = V3, G (2" (2'), 2" )|
+IViF (2" (2), 2) = ViF (2" (2"), )

For the first term,
IVHG (2" (2), 2)v — VI G(z* (@), &' )'|| < [VH G (" (2),2) (v — )|
+I(VHG(E" (2),2) = V§,G(z"(2"), )|
VLG (@),2") (v =)
< 2LF v = || + LY (L~ + D)||v'[J2 — /|
< 2LY + LY (La+ + DR][|(v,2) — (v/,2'))
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For the second terms, we use the smoothness of F' and the Lipschitz continuity of z* (Lemma A.1):

IV1F(z* (), 2) = ViF(*(2'),2")|| < L[| (" (2), ) = (" (2"),2")]|
<Ly (|lz%(z) = 25 (@")[| + [« — /[])
< LE(L, +1)|jz — 2|
< L{ (Ler + D)l(2,0) = (@, 0)] -

As a consequence
V160 (v, 2) = Vigy (), 2) | < Aall(v, 2) — (v, 2")]] (23)

with
Ay =LY (L +1) 4+ 2L + LS (L.~ + )R . (24)

To prove the Lipschitz continuity of V¢, we remark that V$,,G, V3,,G are Lipschitz and bounded by assumption.
(v v) is Lipschitz and bounded on I'. Also by Lemma A.1, z* and v* are Lipschitz and bounded. Finally, dz*
is bounded (Lemma A.1) and Lipschitz according to Chen et al. (2021)[Lemma 9]. As a consequence, Vag, is
Ao-Lpischitz for some constant Ag > 0. Hence, V¢, is A,-Lipschitz continuous with A, = A; + As.

O
Lemma A.5. Lett > 0. Fork € [q — 1], we have
0< — <j)(vt,k+1 — bRy 4 Dbk gtk vt,k>
Proof. The function ¢ being convex (since I' is convex), let us consider its sub-differential
dy(v) ={n e R, Vo' € RP,ip(v') > op(v) + (n,0" — v)}
By definition
V4 = argmin(ir(v) + o [lo — (0% — pDYH)|?)
v p
Using Fermat’s rule, we get
_%(Ut,k—i-l — bRy - DR € gup(uthtl) |
We can use the definition of the sub-differential with n = —%(vt’k"rl —obF) — DR to get
i () < ootk — <1(vt,k+1 — bRy 4 Dbk gtk Ut,k>
i,_/ ~ P
O
We can now turn to the proof of Lemma 3.4.
Proof. The smoothness of ¢, provides us the following upper bound
do (WERHL BRHLY < ) (pbk g tRY L (TTp (0b% — pDERY — otk D, (2% (2F), vtk 2tF)) (25)

A,
+ 7p2\|ﬂr(vt’k — pDEF) — vt 2

Ay
— DL, Vady (08K, 2)) + S DI
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Let us denote A%* = Iy (0% — pDEF) — TIp (vP% — pD, (2% (¢PF), 0", 28F)). Adding and subtracting
(Ip (v — pDy (2" (2"%), 018, 28F) — 0% D, (2% (a"F), 0"F, 2F))
A
+ ?’U”HF(Ut,k _ pDU(Z*(Z‘t’k),’Ut’k,JJt’k) _ ,Ut,k||2
yields
¢v(vt’k+1, mt,kJrl) < (bv (yt,k’ {Et’k) + <A§,Ik7 DU(Z*((Et’k), Ut’k, {Et7k)> (26)
A, N
+ S e (0" = pDy (2% ("), 0", 288)) — ot 52
+ <HF(Ut,k _ pDU(Z*(Z‘t’k),’Ut’k,l‘t’k)) _ Ut’k,DU(Z*(l‘t’k),’Ut’k,l‘t’k»
A .
+ fllﬁﬁkﬂz + A (AR I (vF = pD, (2% (a5F), 0P, atF)) — obF)
Ay
— (DI Vg (0, 2) + AP DL
Taking p < £, gives
¢v(vt’k+1,$t’k+l) < by (’l}t’k7xt’k) + <A?Ik7 DU(Z*(xt’k),’Ut’k,{,Ct’k» (27)

1
+ %”HF(fUt,k . pDU(Z*(.Tt), Ut’k,xt’k)) B Ut’k |2

+ <HF(Ut,k _ pDU(z*(.’L‘t’k>7vt’k,$t’k>) _ Ut’k, Dv(z*(.%‘t’k>,vt’k7.%‘t’k)>
A,
SR + Au(AR T (0 = pDy (2" (@5), 0%, 2 5)) — u'F)
A,
— (DL, Vagu (0", 5)) + S22 D2

Let ¢r the indicator function of the convex set I'. Similarly to Karimi et al. (2016, Equation 13) we define for any
a>0andveRP

Dy (v,2,0) = —2a min [(V16,(v,2), v’ =) + S|/ = o] +ex(v') = i (v)]
v’ €RP

Hence, for v € T and z € R, we have
—ngF (v, x, ;) = (IIr (v — pD, (2" (z),v,2)) — v, Dy (2" (z),v, ))
+ 5o (0 = pD, (" (2).v.2)) ol
Therefore, Equation (27) can be written as
¢U(Ut,k+17xt,k+1) < ¢v(vt,k7xt,k) _ gDLF (Ut,k’xt,k’ ;)
+(ASF, Dy (2 (atF), otk b))
n %HAtﬁkH2 A (ALF IR (b — pDy (2 (%), 08, 2b)) — ubk)
D, Vo (0¥, 7)) + S DY

By strong convexity of ¢, with respect top v and smoothness, we have D, (v'* 2% A,) > 2uge, (vHr, zHF).
According to Karimi et al. (2016, Lemma 1), D,.(v"* 2?* e) is an increasing function. As a consequence, since

Ay < 3, we have Dy, (v, at#, 1) > 2166, (v'*,2*). This leads to
Bu(0"H L TR < (1= o) (08K, 2F) 4 (ALF, D, (2 (@), v, 2th)) (28)
A, "
S IAR I+ A (AR (0 = pDy (2" (1), 01, 2)) = ')

Ay
— (DL, Vady (08K, 2)) + S0 DM
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The non-expansiveness of Il yields

IAFE(I < p| DEF — Dy (2" (%), obF, 2t )| (29)
and
TIp (0% = pDy (27 (28%), 0"*, 29F) — 088 || = [T (v = pDy (2" (2F), 05, 28%)) = T (")
er
< pl| Dy (2 (&), 0, 2P| (30)

Moreover, using Equation (29) and Young Inequality, we have for any ¢ > 0
(A, Dy (= (@5),0%, 24)) < Anl? 4 o [ D" (@), u*, 214 P
2
< ﬂHDt,k _ DU(Z*(JZt’k),Ut’k,l‘t’k)‘|2

HDU( H(ath), 00, 2™ = Dy (2 (@), v* (aF), 2™ |17

=0
cp’ tk tky .tk tky)2
< THDJ - DU(Z (JZ )7 y T )H (31)
L? ( t,k t,k)
LGe v V7,
Plugging Equation (31) into Equation (28) with ¢ = iﬁi
¢U(Ut,k+l’mt,k+1) < ( p,uG) ¢U( o ) 1 pHDt k DU(Z*(a?t’k),Ut’k,l‘t’k)‘|2 (32)
W,
+ BUAH I+ AARE T — pD (27 (@), 01, 24)) 1)
Ay
VDL, Voo (0", 2"0) + 24 | DEF?
Using Equation (29), Equation (30) and Young Inequality for d > 0 yields
(A T — pDy(=* (29), 08, 2t4)) — o) < S| aGH2
+ ﬁHHF( = pDy (2% (2"F), 0"F, 2t ) — otk 2
< 90D — D, (@) 0 2t (53)
=9 v v ) )
02
+ ﬁHDv(z*(Q?t’k),’Ut’k, It’k)HZ
< 90D — D, (@) 0 2t (39
=9 v v ) )
LY p® tk .tk
+ Pu (V7 2"
cd ( )
Plugging Equation (34) into Equation (32) with d = % gives
G
Bu a4 < (1 BHE ) g (w00t (3
L¢ QLGA2
4 |: 12/) + :| HDt k DU(Z*(l‘t’k),Ut’k,l‘t’k)HQ
Ha &

+*||A “I1?

Ay
= UDLE, Vagy (v, 25)) + 772||D§’k||2 :
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Using once again (29), we get

¢)U(Ut’k+1,l‘t’k+1) < ( p:uG) ¢v( .z t, )
N [L?p N 2L A2p® A

1 1 2
A
YDEF, Vagy (0F, 28%)) + j’vzllch’kll2 :
By Lemma A.5, we have for any a > 0
0 < —a <1(,Ut7k+l o Ut,lc) + Di,k7vt,k+1 o ,Ut,k>
p

By adding this to Equation (36), we get
(bv(vt,k—&-l’xt,k-&-l) < ( PMG) o (v kg k)

7”vt,k+1 o vt,k”2 _ Oz<Df)’k,’Ut’k+l t,k>

—v

Lfp 2LFA3p* | Aup
2 + 2 + 2
e’ el
. A,
VDL, Voo (0", 2"0) + 24 | LR

We can control — (D4, vb*+1 — k) by Cauchy-Schwarz and Young for some ¢, d, e, f > 0

— <ijk,vt’k+l — vt’k> = — <Dv(2*(xt’k),Ut’kwt’k),ﬂr(vt’k — pDy (2% (xVF), vtk 2ty — vt’k>

_ <Dy(z*(xt’k),vt’k7xt’k), A?Ik>

_ <D£,k _ Dv(z*(act k:) vt’k,xt’k),ﬂp(vt’k o pDv(z*(m))) _ vt,k>
k * k k k t,k
_<D1t) _Dv(z (xt )7vt 7xt )7AH>
< gHDU(Z*(CCt’k),’Ut’k,l‘t k)||2
1
+ *”HF( pD ( ( t, k),’l}t’k,a;‘t’k)) _ ’Ut’k||2
1
D" (@), 0, 2R 4 AR
+ §IIDZ”“ — D= (@), 0" ot
1
+ *HHF(Ut’k _ pDU(Z*(xt’k),’Ut’k,xt’k)) _ ’Ut’kHZ
IID”“ Dy (2% (), 08, 20|12 + ||A |12
c+d 1 1
SE
e+f, o(1 tk W Bk bk EEN2
+ +p + o7 | ) IDg" = Du(2"(277), 077, 227)
2 2d
ctd 11 2LG ik
< — -1
< (B0 (55 )) Buut ¥, 2t
1
+ ( ;f +p2 ( =+ f>) HDtk D?)(Z*(It’k%?}t’k,I’t’k)”z

Let us take c=d=e = f = p. We get

4L¢
= (DR b —uth) < g (v, 2 + 20| D = Do ("), 0, 2

2
+ v :l ||D1t)’k _ DU(Z*(.Z’t’k),Ut’k,xt’k)HQ

2
} IDYF — Dy (2" (), ut, 24 |2

(36)
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Then, by plugging the last Inequality in Equation (37) and setting o = we end up with

7
32LE

¢v(vt,k+1’xt,k+1) < (1 _ N?Gp) ¢U(Ut,k7xt,k) _ gHvt,kH _ Ut,k||2
p

L¢ A, 2L5 A2
U MGG y Aop | 20 A
16L7 2 ,uG

o[

. AU
YDE, Voo (', a5)) + 22| D1

HG 2tk t,k 12
1= EEp) oo (0"F, 2"
< (1-52p) oy(u,a) 3ﬂgﬁg\
LY wg | A LGA,O
v v Dtk Dv *( bk t.k tky|2
-I-P[ +16LG+ B 12 [ (2" (z"%), 0", 2P|

Ay
DUk, Va0, ) + S22 DY

. N . 2 I .
Since p < B, = [ + 16LG} min <A'u, 2LC12';AU> yields

2
oS 1
P2t < (150 g )~ o016
LG M * -
+3p[ s 1624 IDF = Dy (2 ("), ", )2
A
VDR, Vg, (oF, ) + 297 DEF 2
< (1 50) et ) ol
LS 2
+ 6p [ﬂ; + 16LG} HDt ok Dv(ut’k)HQ
LG ,UG t,k NI
oo 7+ 11,0 | I1Pv(u7) = D7), o7, 28]

A,
- 7<D;7k’ v2¢v(vt7 7mt7k)> + 772||D§c7k||2 .

Tacking the expectation conditionally to the past iterates yields

2
e p
Et)k[¢v(vt,k+l7xt,k+l)] < (1 _ ?p) qbv(vt’k, .’L‘t’k) _ 3256 PEuk[Hgf,’kHZ]
1
LG ’u2
6 1 G E Dt’k _ Dv t,ky (|12
#60 [EL 4 26T [ID5* — D, (ut)

LY uZ K Wbk Lk k)2
T0p | ot Eq il Do(u") = Dy(2(2"5), 0", 285) ]
G

— (B4l DY), Vo (01, 24)) + T Eral| D)

From Young inequality, we have for any ¢ > 0

(Eek[DGM], Vago (01, 2"F)) < B s [DEM? + el Vago (01, 2F)2

:| HDtk Dv(z*(;vt’k),vt’k,xt’k)Hz

(40)

(41)

Moreover, using the Lipschitz continuity of 2*, of V3G and V and the fact that v and v* are bounded, we have

Vo)l < e (@] || FTRGE @) - HTHGE @l (@)oo
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HIVEF(* @), 20 — Vi F(* (), ) ()]
5 (VG (@), o) — (V3G @), D)l (@) ()]
IV F(* ), )0 — V3 F (G @), )’ 1)

HTIGE @l o (@)~ (THGE @l @) - v (o)

<1
LE - )]
+[5ThiGE @l - v @ - T GE @l @) - o @)
Lo — v (@)

< L. | |37t @l - o

+ |57t @l @) = v @) + L - @l

+ 5 7hu6E @0l - v @]
#5766 @ 2l @) - v @) + L1 - v @
G
< L[S (ol + o@Dl — v (@) + Lo — o @)
LG
2 4 o @)l = o @)+ Lo — v @)

< (L.+1) [L§R+ LY v —v* ()] -
On the other hand, we have by strong convexity
. 2
o —v*(@)|* < —du(v,2) .
(el

As a consequence, we have

[Vady (0", 2 )2 < L"¢, (v"F, ")

2(L.+1)2[LS R+LE]?
|0e} :

with L" =

Plugging Inequalities (41) and (42) into (40) yields
2

G
Et7k[¢v(vt,k+17xt,k+1)] S (1 o %p+ CLH’y> (;%(Ut’k,xt’k) . 355(; P]Et,k[”gf,’knz]
1
LG 'u2
#00 | T + 86| ELulIDS* - D, ()|
pd o 16L§
L§ 1 t.k tky otk o tky(2
#00 | T 4+ 26| B [ID, () = Dyl (@) )
Ha 1

A,
+ LB ADIMIP + S Bl IDEA) -

The Lipschitz continuity of V2,G and V;F and the boundedness of v give us
1Dy () = Dy (2 (), 0, 284 2 < (IIV3, G, e )otE — T2, G (1), 2ty
VAP (2%, a8%) = Vi F (2" (2F), aF)|)?
(LS R+ L7 )?||25% = 2" (a"")|?
2(LSR+ LY)?

< SR (2 2t
e

IN
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As a consequence

G
Euklon (05, 0] < (1= EEp 4 eLy) oy (0%, at%) = LG By 1G5 1)

32LG

6 E N%: E Db _ D (utF)|)2
+0p | ot e,k [l Dy w(u)|[|7]

2 T 16L¢
L§  p% ] 2LSR+ LF)?
+6p [;+ MGG:| (Ly R+ L7) b, (2, 2tF)
¢ 16LY 27e

A,
+ 2B DEIP + S Bl IDE ] -
From Lemma A.2, we have

k k
E[| Dy — D, (u"M)|P] < 4p® (LS R)® + (L)) D E(IDL™ %] + 4p°(LT)* Y E[IGE )
= r=1

r=1

k
+49? (LS R)* + (L)) D E[|I DL
r=1

Taking the total expectation and plugging the previous inequality in Equation (43) yields

pEtk[llg”“ll }

th+1l (1 MG I ) tk
ol > 3 p+cLl’y) ¢y 32LG

k
L
3 G p\2 F\2 1 Ha t,r—1)2
2407 (LR + (L)) ( * ok ) IO
L+ 2upd (LG L1 }jEng“ P
16LG

k
L _
T 240? (LSR) + (LF)?) (M;+ e >ZE[IID§;T 12
G

1617 ) &=
J[EE L b DUSRELER
16LG /LG i
~E[[|[E.s DF*1%] + L 2IE[HDMH ] -
Taking ¢ = % yields
thtl ( ) tk tk
o < 05" — 5B lI0E I

LG
3 G 2 F\2 1 t,r—1
+24p° (LS R + (1) (1 16LG)ZEIID 17
G LG £ t,r—1
24p° (L7 "
F2afF ( o+ 560 ) SRl
L¢
24 2 LG 2 LF2 1 E Dtr 1
+ 247 (LFR7 + (D) (o + 161 Z 1Dz 1P]

+Vf ué}wwﬂﬂﬁﬂ
16L? | el

pptk

16L"
e

_|_

o k(12 Ay o tk2
?E[H[Et,kDg; IFT+ = ElllD™ (] -

(43)
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Combining Equation (21) and Lemma A.2 yields

| e
¢fjk+1 < (1 - EP) ¢fjk

SQLGpEmmg““n |

G G 2 8LH 2 - t,r—12
+8p (LSR)? + 2 +16LG At ZE[IID; I7]

LG :U'Z
+ 8p(LS)? [3 (1 e
' ug  16LY

L k
p2+ 72:| ZE |gtr 1”

r=1

2 " A2 k
7 8L" ~ _
+ mgc) v+ ] > E[IDL )
1

F? (A§R7 + (L0 [3

12 pe p =
{LG 12, ]12(L§R+Lf“)2 ik
+ o
MG 16L 7€
16L" ~? Ay
+ —E[|| Da (u™*)|?] + =2+2E[||DL*)1?]
ra p 2

. . o e LG )U'Q
By assumption, v < C,p with C, = \/SL,, (é + ﬁ), therefore

W
ot < (1= EEp) ot — 2EG o 1G4 1P)

32LG

ra2p? (LER+ (L) (5 + 16LG> ZE (A

2 k

LG
323LG2 1 t,r—1
# a2  ( + ghs ) Bl

Lo .
wap (LER? + (1) (1 + 05 ) ZE D8y

N {LG | 19(LGR + LFY?
16L? ua

k
po.

16L" 42 A
+ LE[| Dy (u™)|2] + Z24E[| DL* )%
HG P 2

We get finally

: PEG 3
ot < (1= BEE) 04F = BrupVil + p*BuaVEE + 208, Vi +92pB VEF

A, v
+ por. LT + 772]E[||Di’kl\2] + ?ﬁwE[llDw(ut’k)HQ]

G 2 —_ "
with Bz = Bue = 32 (LFR)? + (LF)2) (L + 46 ), Buw = (L) (4 + 180 ), Buw = 2627, B =

12(LS R+LY)?
na :

and «,, = [ + 16LG}

A.7 Proof of Lemma 3.5

Proof. The smoothness of h (Proposition 2.3) gives us

Lh
h(a" ) < (') = A{(Vh("®), DY) + 4" - [IDFH]*

w

32LG
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Then, we use the identity (a,b) = 3(||a]* + [[b]|* — [la — b[|*) to get

v v ¥ L
h(x"FH1) < h(abF) — §\|Vh($t”“)||2 - §HD§;’“II2 + §\|Vh(wt”“) - DLMIIP + 727||l7§;’“||2

v v
< h(a®) = SIIVA M) = SIDZ* + A VA"F) = Do (u"H)*
D t,k 7Dt’k 2 2L7h Dt,k 2
F A De () = D7+ " - 1D -

Then taking the expectation gives and using Proposition 2.5 yields

¥
PR < i = Dtk | Vh(a) - Dy (a)]?)
v
+ AE[|| Dy (u*) — DEF|2] — 2 (1— L") E[| D" |1?]
v . .
< BF = St L E[ll2 - 2 (@) 7] + B[l — v (@)1

+E[|[ Dy (u"*) = DRF|P) = o (1= Lty) B[ DZ*|P] -

7

2
The pg-strong convexity of G(.,x) ensures that ||z — z*(z)
As a consequence

12 < 26.(z2) and o — v (@) < Zou(v,2).

ht,k:+1 S ht,lc ’ygt k + 7 (¢t k d)i,k) + ’}/E[HDI(Zt’k, ”L}t’k,xt’k) o Di’kH2]

;U*W)M%WL

From Lemma A.2, we have

k k
E[| DL* — Dy ()P < 4p® (L§' R)* + (L1)?) D E(IDL™H|P] + 4p*(LF)* Y B[ 1%]
r=1

r=1

k
+ 49 (LER)* + (L)?) D ENDZ 7 -

As a consequence

¥ 22
ht7k+1 < ht,k _ §gt,k 4 ~y o T ((bi,k + ¢’Z,k)

k k
+4yp” (LS R)? + 2(L7)%) D EIDL %) + 40 (LF)* Y E[IG5 %)
r=1 r=1

k
+49° (LY R)* +2(L1)%) D E[|IDL ) 2(1*L’W)E[IID§;’“IIQ]
r=1

y
29" Py T;(aﬁi’k + OLF) + 2B VEF 4 v p? By VI

y
+9° B Vit = 5 (1= L") E[| D]

< ht,k

with 8, =4 ((LgR)2 + 2(Lf)2), Bro = 4(LF)? and By, = 4 ((Lg’R)2 + 2(Lf)2). O

A.8 Proof of Theorem 1 and Corollary 3.6

The constants involved in Theorem 1 are

1 1 20
Y, = —=—, 1y =min — 705 i

(0P
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» = min wz L # BUU B
P 129(02 B2z + ¥uBa0)’ V 6A2 7V 1205, \ 34, 77|

. Yoty [ BG Vi G
- CZ b C b 17 b - b 9 - b
§ = min { Y16l 7\ 8B, 24127\ 123,

— 1 [ 1 I \/ GoBun -
]-QQ(’l/)Zﬁzx + wvﬂvz) ’ 12qﬁhm ’ G(Lh + szz + wvAv) ’ 6q(ﬁhv + wzﬂvz) ’ 12qghz

Proof. The proof is a classical Lyapunov analysis. Consider the following Lyapunov function £:* = ht* 4-4p_¢t* +
1, ¢L* for some positive constants 1, and v,. We use use Lemmas 3.3 to 3.5 to upper bound L% — £tk+1,

‘We have

o o 2
LA = L8 < g (0. 0, Bo) D ()] (44)

212 fic 212 G
Ul i l/’vazvﬂ> ot + (7 — o p> e
ra 2 Ha 16

“(
A, 1 ~
+ (d’z ,02 - ¢220> Vzt’k - wvﬂmPVJ’k

A A ¥
2 Az o Dy o 7 tk
VY ey 2>Vm
5th')/2 + wzﬁzzps + wvﬂzvp?)) V?k

(
(Bropy? + ©=Bu=r’p + o Buup®) ViF
(Bra® + 2Beayp + YuBuap’) VIF .

We bound E[|| D, (u**)||?] crudely by using Proposition 2.5

E[| Do (u"M)|[?] < 2E[| VA(2"")|?] + 2E[|| Dy (u"*) — VA(a"")|[?)
< 29" + 2(E[||"* — 2% (@) %] + E[J[v"* — v* ("))

4
<2g"F 4 —(pLF + oLF) .
2%
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Summing in (44) for k =0,...,q — 1 yields

42
Lt — £t < — (2 — 2, 8., p — 20, B0 ) Z gh* (45)
212 A —
+ ( - /l/)zip + ¢U01zvp + ¢zﬁz$7> Z Qsiyk
e P 7=
212 = k M = k
+ ( z —wvfp-ﬁ-wv > Z(bf;’ _wzﬁvvpz‘/?
Ha k=0 k=0
1\ = h -
<%p - 1)2,0) Vit <2 +¢z772+¢v77 - > vt
k=0 k=0
qg—1
(Brzpy® + =Bazp® + o Baup®) > VEF
k=0
qg—1
(Bth’Y + 02 BozY"p + o Bovp )va;’k
k=0
qg—1
(/th’)’ + V28227"p + Yo Buap )Zvik
k=0
Since we have
q—1 -1 k g—1lq—1
PRI B DILII TR 3 Bl
k=0 k=0 r=1 r=1k=r
q—1 9=
(¢ —ME[IDS %) < QZE[IID?’“*IHZ}
r=1 k=1
we get
g = 7 —
L£hr - £t < (2 — 20,6, — p — 20, By ) > gt (46)
=0
o -1
+ ( - wz +'l/)vazvp+ ﬂ ) ZQS ok
P/ =0
qg—1
+( —%*PJM/% vx ) ¢7k
k=0
Aoyl 2 3 2 ) = s
+ QZ}Z? —szgp"‘Q(ﬂth'Y + V2 8z2p +¢vﬁzvp) sz
k=0
Ay 2 2 2 2 3 “ t.k
+ ¢v? — YpBuup +q (ﬂhvp'}/ + 2 B80277p + o Buup ) ZVv’
k=0
L, 2 3 2 2 = k
+ (2 +u)277 +wv77 - 5 +q (th’}’ +¢zﬁzx7 p+wv6vzp7 )) Vrt7 :
k=0

Since p < p < min [\/W’\/&J and 7 <7 < ,/wg’ﬁ,we have

A, 1
wz 7,02 - wz §P + q (ﬁth'VQ + wzﬁzzps + '(/Jvﬂzvp?)) < O . (47)
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e — : [ Bow [ Buw = Yo Bow .
Moreover, the conditions p < p < min [ ah BAJ and v <7 < Sy By Cnsure that

A, _
Py 7p2 - ¢Uﬁvvp +q (ﬁthWQ + wzﬁvzvgp + wvﬁvvpg) <0. (48)
‘s = 1 - . 1 1 1
The conditions p < b < /w5, 79,5,y 2nd ¥ <7 < min [\/ 129(0- Ber T 00 Boa) \/ 124Brns* 6(L" F - Aa T 0uiy)
yield
L ¥
77 + %*72 + wv Y +4q (/thVB + '(/)zﬁzw'}/Qp + wvﬁvzp’YQ) <0. (49)

2
The condition v < £p < min {fggg, /S/Z‘G} p ensures

212

z HG = 7
Y=o p+ YuBy— <0 (50)
Ka 2 p
2
By definition, we have v, < #5£€4), and by assumptions v < {p < min {gzzg, 1;;”} p- As a consequence
2L2 ,YZ
= —wz p—i—z/JUazvp—i—z/Jzﬁm ; <0 . (51)

Plugging Inequalities (47) to (51) into Equation (46) gives

2 2\ ¢!
il = 7
Et,q - £t70 S - <’; - 2¢z5ml - 21/)1161;35) gt7k .
P P/
. P P 72
Since ¥, = T and ¥, < 65 and - = ¢ <1, we get
7
Et,q o Et,O < _ 1 t,k .
———— 4 Zg
Lt+1,0_t,0 k=0
Summing, telescoping and dividing by T'q gives
1 T—1qg—1 4
- Z 9" < g (B0 4 06" + 409"
Tq =0 k=0

10

From Theorem 1 we deduce Corollary 3.6.

Proof. Let us take p = p(n +m)~2, v = min(¢p,7) and ¢ = n + m. Then Theorem 1 holds:

T—1q—1

L5 3 ST

t=0 k=0 Q’Y
with Ty = O(1). To get an e-stationary solution, we set T > %Foe_l v1i=0 (q%a vV 1). One iteration has
O(q) = ©(n + m) oracle complexity. As a consequence, the sample complexity to get an e-stationary point is
O((ner)%e*l\/(ner)). O
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B Lower bound for bilevel problems (proof of Theorem 2)

The proof of Theorem 2 is an adaptation of the proof of (Zhou and Gu, 2019, Theorem 4.7) from single-level to
bilevel problems. We build the outer function from the worst-case instance of (Zhou and Gu, 2019, Theorem 4.7)
and we add a bilevel component by using as inner function the function G defined by G(z,z) = £z — z||*. We
start by introducing the different tools used in this proof.

B.1 Preliminary results

In what follows, we provide the building blocks of our worst-case instance. The proof uses the following quadratic
function presented by (Nesterov, 2018).

Definition B.1. Let d € Ny, £ € [0, +00) and ¢ < 1. We define Q(.;¢,d) : R? — R by
§ =
Q(z;¢,d) = x1—12+§;xk+1—xk

Proposition B.2 proposition comes directly from (Zhou and Gu, 2019, Proposition 3.5). The first part of the
proposition gives us the regularity of Q. In the second part shows that a function defined as Q(U x -;¢,d) +
Zgzl g({uyp, -)) verifies the so-called "zero-chain property" Carmon et al. (2020): if Uz € Span(uq,...,ux),
then we gain a non zero coordinate by calling the gradient V [Q (U x -;&,d) + zp 19((up, -))](z). In other
words, that makes us progress in the problem resolution.

Proposition B.2. Ford € N5y, £ € [0, +00) and ( < 1. The following holds:

1. Q(-;¢&,d) is convex and 4-smooth.

2. Let € Nug, U = [ug,...,uq]" € R such that UU" =TI and fork <d, USF) = [uy,...,up,0,...,0]" €
R¥4, Let g : R — R differentiable such that ¢'(0) = 0. Then for any x € R? such that Uz = USFz, then

d
Y% Q(U X afad)—i_zg((ulﬂ >) ($) € Span(ula"'7ukauk+l) .
p=1

Proof. Let & € RY such that Uz = USFz. For 0 > k < d, we denote
RP = {v e R v =~ =vg =0} .

Let us write Q(z;¢,d) = %mTAa: + bz + ¢ with

Mm+¢& -1 0 -+ 0
-1 2 -1 :
A=| g o | ERY
-1 2 -1
| 0 0 -1 1|

b=¢£(1,0,...,0)" and ¢ = §(1,0,...,0)T.
On the one hand it is known from (Nesterov, 2018, Lemma 2.5.1) that if v € R¥4,
VQ(v;€,d) € RFHL
As a consequence,
VQ(Uz;¢,d) = m(%j%@;ad) € R

and
VIQU x -3¢, d)(z) = U'VQ(Ux;&,d) € Span(uy, ..., uks1) -
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On the other hand,

d k

d
% [ZQ(WP: >)] () = Zg/(<up,x>)up = Zg'(<up,x>)up € Span(u1, ..., ukt1) -
p=1

p=1 p=1

Thus 4
QU x -;¢&,d) + Zg((up, )| (z) € Span(uy, ..., up, Ugt1) -

O

However, the function Q is convex. That is why we also use the function I' introduced in Carmon et al. (2021).
As explained in Carmon et al. (2021), this function is essential to lower bound the gradient of our worst wase
instance.

Definition B.3. Let d € N5o. We define I'(-;d) : R¥*! — R by
T t2 t— 1
I'(z;d) _1202/ oz d

An important property of I' shown in (Carmon et al., 2021, Lemma 2) is the smoothness of the function T'.

Proposition B.4. There exists a constant ¢ > 0 such that T'(-;d) is c-smooth.

Now we introduce the function f,. we use to build our worst-case instance. This function comes from (Zhou and
Gu, 2019, Definition 3.5). It is the sum of the quadratic function defined by B.1 and the nonconvex component
given by Definition B.3.

Definition B.5. For a > 0 and d € Ny, fuc(-;a,d) : R — R is defined a
foe(z;a,d) = Qx5 /o, d + 1) + al'(z) .

The essential properties of fy,. come from (Carmon et al., 2021, Lemmas 2, 3, 4). The first part provides the
regularity properties of fn.. The second part bounds the distance between fn.(-;«,d) and the optimal value of
the function. The third part will be key to the overall proof. In words, it states that as long z € R?*! has its two
last components equal to zero, the norm of the gradient of f,.(-;,d) is higher than a constant controlled by «.
As a consequence, if « is properly chosen, as soon as xq = x4+1 = 0, we are ensured that ||V fic(x; o, d)|| > €.

Proposition B.6. For « € [0, 1], it holds

1. —ac =X V2fo. 24+ ac.

2. fue(0;,d) —inf, foc(z;a,d) < @ + 10ad.

Q
"“ oo

3. For x € R4 such that xg = x441 = 0, ||V fuc(z; 0, d)|| >

From now we denote
O(a,b) ={U e R**, UUT =1} .

The following Lemma adapted from Zhou and Gu (2019) is fundamental for our lower bound proof.
UM

Lemma B.7. Letd,m € Nog and U € O((d+1)m, (d+1)m). We denote U = | : | withUY) € O(d+1,(d+
Um)

m). Let {h;}jemm) with hj(z) = foc(UDz;0,d) and h = = 37" hy. Let w € RUTD™ and y) = Uy € RIHL.

LetT={je [m],yg) = 95121 = 0}. Then it holds

§
2|7

2
VAP = 525
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Proof. We have
VRGP = || = 3" Vhy(a)

1 e~ ,
— EZ(U(]))vanc(U(J)%OZ,d)

2

UD)V foc(UD a5 0, d)

|
L~

Z VfucUDz; 0, d) TUD(UONTV foe(UD 25 00, d)
g

;iu oyes s

where the last equality comes from the fact that for j # 1, UD(UU)T =0since U € O ((d + 1)m, (d+ 1)m).
Now, using the third part of Proposition B.6, we get

IVA(z)|)? > 12 ZH(sz))Tme(U(j)ac;md)H2
€L

Y

S Lo |
JET

a3|z]
16m?2 -~

Y

B.2 Main proof

Now we are ready to prove Theorem 2.

Proof. We consider U € O((T + 1)m, (T + 1)m) and we denote

U
U= :
Um

with U0 = (| u$) )T € O(T + 1,(T + 1)m).

For j € [m], we choose F'; : RT+m+(T+1)m _ R defined by

Fj(Zﬁl’) == fnc(U(j)Z; Oé,T)

and we set F = %2211 F;. We also define for i € [n] Gi(z,z) = 3|z — 2| G = LY G, z°(z) =
argmin, G(z,z) and h(z) = F(z*(2),2) = fuc(UY2;0,T). By Proposition B.6, F'; is 4 + 2¢ smooth, and G is
1-smooth and 1-strongly convex.
We have

h(0) —inf h(z) < Va +10aT .
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We finally consider Fj(z,z) = ApF;(z/B,2/B), Gi(z,z) = A\a¢Gi(2/B,x/B). As a consequence, we have z*(z) =
argmin G = z*(z) and h(z) = F(z*(z),z). We also consider a fized indices sequence (i, j;). We set

. (m _ 160me N _ g _ _ALf
a_rmn{l,?}7 )\F—W, B=1/5Ar/Ly, Ac=Buc, T_1760m6\/a'

We can check that each F; is L{-smooth, and each G; is p-strongly convex. Assuming e < ALFa/(1760m)
ensures that h(0) — inf, h(x) < A (we can check that h(0) = Aph(0) and inf h = Ap inf h).

Let us assume without loss of generality that the algorithm at initialization we have z° = v° = 20 = 0 and

consider (2%, v?, x?) the output of an algorithm with the known sequence (i, ji).

Given our inner function and the fact that VoF(z,x) = 0 for any (z,z) € RmTDd+m+1)d e haye

2t e Span(2? — 2%, ... 2t — ) (52)
o't € Span(v? + V1 ), (22,2°), ..., vt + Vi Fy, (24, 2Y)) (53)
2 € Span(o?, ... 0f) | (54)

Since v¥ = 0, we have by Equation (53) v! € Span(V;Fj,(2%,2")) and by induction
o't € Span(VF), (2°,2°),..., Vi Fj;, (', 2Y)) .
Therefore, using Equation (54), we have
z'tt € Span(V1Fj, (2°,2%),..., V1 F}, (2", 2")) .
Since 2% = 0, by Equation (52), 2! € Span(z®) and by induction
21 € Span(a, ..., 2t) .

As a consequence,

zt e Span(V1 Fj, (Span(z?),2%),..., V1 Fj, (Span((z®)s<t), ) .

Let us denote y() = U@zt Since 20 = 0, 3709 = 0 and by the second part of Proposition B.2, 2! € Span(ugjo)).

Now we assume that for all s < ¢ we have

z° € Span(ugjO), .. ,ugj‘)), . ,ugjs’l), .. ,ugjsfl)) .
There exist scalars o, ..., 0, 81,1, 52,1, 62,2, -+, Bt,1, .., PBt,t such that

t r
it = g o, V1 Fj, (g B,«,sxs,xr>
r=1 s=1

Let X" =>""_, B, s2z% Forr € {1,...,t}, we have by induction hypothesis

X" e Span(ugjo), o ugj‘)), A ugj"’l), R ugj“l)) .
By orthogonality, we have
Span(ugj"), e ,ugjo), e 7u§j’"’1), e ,uij“l)) 1 Span(ugﬁi, e 7u(Tji)l) .

As a consequence .
U X" = (W X7y, Wl X7),0,...,0)

We can use Proposition B.2 to say

ViF; (X", 2") € Span(ugjr), e ,u,(ﬁ]_’fg) - Span(ugjo), - ,ugj(’),uij_fi, . ,ugj’), e ,u&'_%) .
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And we get finally

2ttt e Span(ugjo), e ugjo),ug?l), o ugjt), . ,uiﬂ)

By induction, for any ¢, we have

z' e Span(ugj‘)), . ,u§j°), . ,ugjt)7 . ,uijt))

at most mt vectors

and so

b L Spam((ugj)7 ... ,ugil)je[m]\{jo}..mjt}v (uﬁi)p - 7“5211)je{jo,..-7j¢}) '

As a consequence, for t < BT, let Z = {j, y(Tj’t) = y(Tij)l =0} with @Y = Uz, Since t < T, we have |Z| < 3
and by Lemma B.7, we have
VA" > € .

If we define T'((x!);, h) = inf{t € N, || Vh(z?)||? < €}, we just showed that for the fixed sequence (iy, j;), we have
T((a")e,h) = 5T = Qvme ™) .
The right-hand side being independent from the sequence (i, j;), for t < BT, we have
E[|Vh(z")|’] >

where the expectation is taken over the random choice of g, ..., % —1, 70, - -, jt—1- O

C Details on the experiments

We performed the experiments with the Python package Benchopt (Moreau et al., 2022)?. For each experiment,
we use minibatches instead of single samples to estimate oracles because it is more efficient in practice. We use a

batch size of 64 for the stochastic inner and outer oracles. All the experiments were performed on processors
AMD EPYC 7742 (4 CPUs/experiment).

C.1 Benchmark on quadratics

For this benchmark, we consider

The functions F; and G; are defined as
1 1
Fyj(e) = 52T ALz + 52T AD 4 0Bz 4 () o+ ()T

Gi(z,z) = %ZTASI'Z + %ITASi +2B% 2 4+ (dS) T2 4 (dS) Tz

: Fy a6, x Fjqay dxd RF; RG; dx Rper Fi G, d F;
with Az7, A7 € RP*P A7 AT € RO*4 BY BY € RY*P d.7 d7 € RP and d,’,d;¢ € R*. The vectors d,’,
dSi are drawn randomly according to a normal distribution N(0, I;). The vectors L , dSi are drawn randomly
according to a normal distribution N(0,I,). For the Hessian matrices with respect to z, we generate Afi SO
that %Z?zl A% = A for a symetric positive definite matrix A with spectrum in [0.1,1]. To do so, we generate
z; ~ N(0,1,) and set AS: = /Az;(v/Az;)T. We proceed similarly for AL AG AL For B% | we want
L5 . BY = B for a prescribed matrix B € R¥? such that ||B|| = 0.1. Let B =UXV " the singular values
decomposition of B. To get BYi, we generate x; ~ N(0,1,) and set B¢ = (VXz;)(Ux;)". We proceed similarly
for BYi. In our experiment, we take n = 32768 and m = 1024. To select the parameters of the solvers, we

2The code of the benchmark is available at https://github.com/benchopt/benchmark_bilevel and the results are
displayed in https://benchopt.github.io/results/benchmark_bilevel.html.
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perform a grid search. More precisely, for each solver, we take the inner step size in the form of at™® where
a is the theoretical decrease rate of each solver and « is chosen in {0.01,0.1}. The outer step size is taken as
%t‘b where b is the theoretical decrease rate and r is chosen in {0.1,1,10,100}. For the two-loops algorithms
(i.e. StocBiO, VRBO, AmIGO), the number of inner steps is set to 10 after a manual search. In the methods
implementing Neumann approximations (MRBO, VRBO, StocBiO), the number of terms in the Neumann series
is also set to 10 and the scaling parameter 7 is set to 0.5. To get the fastest convergence, we keep for each
solver the set of parameters that give the best decrease of h on the 100 first epochs. The period of full batch

n+m

computation of VRBO and SRBA ¢ is parametrized as ¢ = a™5™ where b = 64 is the batch size and a is chosen
in {276,273, 27123 26}, For F2SA, we take \g = 1 and §; = at~% with « chosen in {0.01,0.1,1}.

C.2 Hyperparameter selection with IJCNN1

We solve a regularization selection problem for an ¢2-regularized logistic regression problem. Here, we assume that
we have a regularization parameter per feature. We have nipaim = 49,990 training samples (dEram, yfram)le[ntrm}
and Ny, = 91,701 validation samples (dy?!, i ﬂ)ze[ntmm] coming from the IJCNN1? dataset. Mathematically, it

boils down to solve Problem (1) with F' and G given by

Nval

ZQD val dval,0>)

nval
1 Ntrain 1 p
G(@,)\) _ — Z s0( tram<dtram 0>) 2 Ze)\kai
T = k=1

where ¢ is the logistic loss defined by ¢(u) = log(1 + e~ *). The inner and outer step sizes are set to 0.05.

To make our comparison, we select the parameters of each solver with an extensive grid search. More precisely, for
each solver, we take the inner step size in the form of at~® where a is the theoretical decrease rate of each solver
and « is chosen in {275,274,273 272}, The outer step size is taken as %t_b where b is the theoretical decrease
rate and r is chosen in {1072,10715 107%,107%%,10°}. For the two-loops algorithms (i.e. StocBiO, VRBO,
AmIGO), the number of inner steps is set to 10 after a manual search. In the methods implementing Neumann
approximations (MRBO, VRBO, StocBiO), the number of terms in the Neumann series is also set to 10 and the
scaling parameter 7 is set to 0.5. To get the fastest convergence, we keep for each solver the set of parameters
that give the best decrease of h on the 100 first epochs. The period of full batch computation of VRBO and
SRBA g is parametrized as ¢ = a®5™ where b = 64 is the batch size and a is chosen in {279,273 27123 26 29}
For F2SA, we take A\g = 1 and 6; = at~7% with « chosen in {0.01,0.1,1}.

D Additional experiment: Datacleaning task

We run an additional experiment. For each experiment, the parameters of the solvers are chosen by an extensive
grid search. Then we select the curve that gives the best validation accuracy for each solver and finally plot the
corresponding test error on Figure D.1.

The third experiment is the datacleaning task. It aims to train a multiclass classifier while having some training
samples with noisy labels. On the one hand we have ngrain = 20,000 training labelled samples (df*®, yfrainy, .,
with potentially corrupted labels with probability p. (in the experiments p. = 0.5). On the other hand, we have a
validation set (d}’al, y}’al) j€nea] Of Mval = 5,000 samples where all the samples are clean. We also have 10,000
clean test samples. The datacleaning problem consists in learning a classifier on all these samples by giving less
weight to corrupted labels. It can be cast as a bilevel optimization problem like (1) where the function F' and G
are given by

MNval

Z ¢ edva,l7 y;/al

1 Mtrain

nvml

G(0,)) = a(A)U(Od™", yi™) + C]|0])?

Ntrain i—1

31https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/binary.html
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Figure D.1: Comparison of stochastic bilevel solvers. Each solver is run on 10 random seeds and the lines show
the median performances. The shaded area corresponds to the performances between the 20% and the 80%
percentiles. Test error on the datacleaning task with the MNIST dataset with a corruption rate 0.5.

where § € REXP, X\ € R™ain { is the cross entropy loss and o is the sigmoid function defined by o(\) = H% €
(0, 1].

We run this experiment on the MNIST dataset. We used 20, 000 training samples, 5,000 validation samples, and
10,000 test samples. The parameter C,. is set to 0.2 after a manual search to get the best performance. For the
tuning of the step sizes of each method, we set (p;,v:) = (at=?, Bt =) where (a, b) are the rate provided by the
analysis of each method, « is chosen among 4 values between 1072 and 10° spaced on a logarithmic scale. The
scaling parameter 3 is set to g where 7 is chosen among 6 values between 10~° and 10° spaced on a logarithmic
scale. The other parameters are chosen in the same way as the IJCNN1 experiments (see Appendix C.2).

We plot the test error on the Figure D.1 (right). On the one hand, SRBA reaches the best final value. On the
other hand, in terms of speed, it is the second fastest after SABA. The other methods are slower and reach a
worse final accuracy.



	Introduction
	SRBA: a Near-Optimal Algorithm for Bilevel Empirical Risk Minimization
	Assumptions
	Hypergradient Approximation
	SRBA: Stochastic Recursive Bilevel Algorithm

	Theoretical Analysis of SRBA
	Mean Squared Error of the Estimated Directions
	Fundamental Lemmas
	Complexity Analysis of SRBA

	Lower Bound for Bilevel ERM
	Numerical Experiments
	Conclusion
	Convergence analysis of SRBA
	Proof of prop:directionscancels
	Smoothness constant of h
	Proof of prop:biasvariancedecomp
	Technical lemmas
	Proof of lemma:descentz
	Proof of lemma:descentv
	Proof of lemma:descenth
	Proof of th:cvgrate and cor:samplecomplexity

	Lower bound for bilevel problems (proof of Theorem 2)
	Preliminary results
	Main proof

	Details on the experiments
	Benchmark on quadratics
	Hyperparameter selection with IJCNN1

	Additional experiment: Datacleaning task

