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Abstract

Bilevel optimization problems, which are problems 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 context, we propose a bilevel extension of the celebrated SARAH algorithm.
We demonstrate that the algorithm requires O((n + m)%e_l) gradient computations to achieve
e-stationarity with n + 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
approximate stationary point of the objective function of the bilevel problem. This lower bound is
attained by our algorithm, which is therefore optimal in terms of sample complexity.

1 Introduction

In the last few years, bilevel optimization has become an essential tool for the machine learning commu-
nity 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] and meta-learning [Franceschi et al., 2018, Rajeswaran et al., 2019] to name
a few. In bilevel optimization, we are interested in minimizing a function under the constraint that one
variable minimizes another function. This can be formalized as follows

min h(x) = F(2*(x),x), subject to z*(z) € argmin G(z,x) . (1)
z€R z€RP

The function F is called the outer function and the function G is the inner function. Likewise, we refer
to z as the inner variable and x as the outer variable. A strategy to solve bilevel problems consists in
using implicit differentiation that provides the following expression for the gradient of h

Vh(z) = VoF (2" (z),7) + V3,G(2* (), x)v* (z) (2)
where v*(z) is the solution of a linear system
v*(x) = — [V%G(z*(x),x)]_l ViF(z*(z),x) . (3)

When we have exact access to z*(z), solving (1) boils down to a smooth nonconvex optimization problem
which can be solved using solvers for single-level problems. However, computing exactly z*(z) and
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v*(x) is often too costly, and implicit differentiation based algorithms rely on approximations of z*(z)
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*(z) and v*(z) 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

For instance, in hyperparameter selection, F' is the validation loss which is an average on the validation
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 produce fast first-order algorithms that provably
converge faster than gradient descent. These methods are the cornerstone of many successful machine
learning applications. Among these algorithms, we can cite stochastic methods such as stochastic
gradient descent [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. In order to
get faster methods than full-batch approaches, it is natural to extend these methods to the bi-level
setting. The main obstacle comes from the difficulty of obtaining stochastic approximations of Vh(z)
because of its structure (2). In the literature, 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 stochastic
gradient descent for smooth nonconvex single-level problems Ghadimi and Lan [2013], Bottou et al.
[2018]. Furthermore, Dagréou et al. [2022] show that SABA, an adaptation of SAGA algorithm [Defazio
et al., 2014], has a sample complexity in O((n + m)gs_l) which is analogous to the sample complexity
of SAGA for nonconvex single-level problems [Reddi et al., 2016].

However, 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(mée’l) with
m the number of samples. Furthermore, this algorithm is near-optimal (i.e. optimal up to constant
factors), because the lower bound for single-level non-convex optimization is also O(m%sfl) as proved
by Zhou and Gu [2019]. It is natural to ask if we can extend these results to bilevel optimization:

Are the optimal complexity bounds for solving bilevel optimization the same as in single-level
optimization?

Contributions In Section 2, we introduce SRBA, an adaptation of the SARAH algorithm to the
bilevel setting. We then demonstrate in Section 3 that, similarly to the single-level setting, it requires

@) ((n + m)%s_1 V(n+ m)) calls to oracles to reach an e-stationary point. This is therefore an upper

bound on the complexity of solving bilevel empirical risk minimization (ERM) problems. As shown
in Table 1, it achieves the best-known complexity in the regime n +m < O(¢72). In Section 4, we
analyze the lower bounds for such problems. We demonstrate that the number of iterations required to
reach an e-stationary point (see Definition 3.1) is at least Q(m2e~!), hereby matching the previous
upper-bound in the case where n < m and ¢ < m~%. SRBA is therefore 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) in a stochastic fashion. They can be separated
into two groups: iterative differentiation algorithms (ITD) and approximate implicit differentiation



Sample complexity Stochastic setting F G
StocBiO Ji et al. [2021] O(e72?) General expectation | C;”" | SC and C;*
AmIGO Arbel and Mairal [2022] O(e7?) General expectation | C;”* | SC and C;°
MRBO Yang et al. [2021] O(e %) General expectation Ci’l SC and 02’2
VRBO Yang et al. [2021] O(e3) General expectation Ci’l SC and CE’Q
SABA [Dagréou et al., 2022] O((n+m)ic 1) Finite sum c?? | sCand C3°
SRBA O((n+m)3e1) Finite sum c7? | SCand C7°

Table 1: Comparison between the sample complexities and the Assumptions of some stochastic
algorithms for bilevel optimization. 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”. C7’? means p-times differentiable with Lipschitz kth
order derivatives for k < p.

algorithms (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 inner problem and then use Neumann approximations
to approximate v*(x) defined in (3). A method consisting of alternating steps in the inner and outer
variables was proposed in Hong et al. [2021]. 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 elaborate on these ideas by adapting variance reduction methods like
STORM Khanduri et al. [2021], Yang et al. [2021] or SAGA Dagréou et al. [2022]. We take a similar
approach and extend the SARAH variance reduction method to the bilevel setting. Finally, recent
works propose to approximate the Jacobian of z* by stochastic finite difference Sow et al. [2022] or
Bregman divergence-based methods Huang et al. [2022].

In single-level optimization, the problem of finding complexity lower bound for optimization problems
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 and eventually nonsmooth finite sum objective by
Woodworth and Srebro [2016]. On the other hand, Carmon et al. [2017b] provided a lower bound
for minimizing nonconvex functions with deterministic 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, full-batch algorithms. However, this result is restricted
to the case where the value function A is convex or strongly convex, which is not the case with most
ML-related bilevel problems. Our results are instead in a non-convex setting.

Notation The quantity A, refers to A, A,, or A,, depending on the context. If f : RP x R® — R is
a twice differentiable function, we denote V;f(z, ) its gradient w.r.t. its i*M variable. Its Hessian with

2
respect to z is denoted V%, f(z,2) € RP*P and its cross derivative matrix (L)ie[

207 | 1s denoted

P
€ld]
V2, f(z,2) € RP*? 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 Recursive 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 several Assumptions on the functions F' and G. As for
SARAH, the regularity assumptions are made on the individual functions (G;)1<i<n and (Fj)i<j<m
rather than on the empirical means G and F. In Assumption 2.1 and Assumption 2.2, we state the
regularity needed on the outer function F and inner function G respectively.

Assumption 2.1 (Regularity of F'). For all j € [m], the function F} is twice differentiable. The
function Fj is L¥-Lipschitz continuous, its gradient VI is L¥-Lipschitz continuous and the Hessian
V?2F} is L -Lipschitz continuous.

Assumption 2.2 (Regularity of G). For all i € [n], The function G; is three times differentiable.
Its first, second, and third order derivatives are respectively L{-Lipschitz continuous, L§-Lipschitz
continuous, and Lg-Lipschitz continuous. For any x € R?, the function G;( . ,x) 18 pg-strongly convex.

The strong convexity and the smoothness with respect to z hold for instance when we consider
an /%-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 it is the case in Dagréou et al.
[2022].

As shown in Ghadimi and Wang [2018, Lemma 2.2], these assumptions are sufficient to get the
smoothness of h, which is a fundamental property to get a descent on h.

Proposition 2.3 (Smoothness of the value function). 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 (Boundedness of v*). Assume that Assumptions 2.1 and 2.2 hold. Then, for R = Ly

rG
it holds that for any x € R?, we have ||v*(x)| < R.

In what follows we denote I' the closed ball centered in 0 with radius R and IIy the projection onto
I'. Moreover, for (z,v,z) € RP x R? x R, we denote II(z,v,z) = (z, I (v), ).

2.2 Hypergradient Approximation

The gradient of h given by (2) is intractable in practice because it requires the perfect knowledge of z*(x)
and v*(z) which are usually costly to compute, for instance when the inner problem is ill-conditioned.
As classically done in the stochastic bilevel literature [Ji et al., 2021, Arbel and Mairal, 2022, Li et al.,
2022], z*(x) and v*(z) 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(.,z). The
variable v can be computed by using Neumann approximations or doing some optimization steps on the
quadratic v — %UTV%lG(z, x)v+ V1 F(z,2) Tv. We consider the approximate hypergradient given by

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



The motivation behind this direction is that if we take z = z*(z) and v = v*(z), we recover the true
gradient, that is D, (2*(x),v*(z),z) = Vh(z). Proposition 2.5 from [Dagréou et al., 2022, Lemma 3.4]
controls the hypergradient approximation error with the distances between z and z*(z) and between v
and v*(x).

Proposition 2.5 (Hypergradient approximation error). Let x € 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 pg-strongly convex. Then there exists a constant L, such that

1Dz (2,0, 2) = Vh(2)[|* < L(Il — 2" (@)|* + [ — v*(2)]*)-

Thus, it is natural to make z and v move towards their respective equilibrium values which are
given by z*(z) and v*(z). As a consequence, we also introduce the directions D, and D,, as follows
Dz(za v, SU) = le(Zv .’E) )
Dy(z,v,2) = V3,G(z,2)v + V1 F(z,x) .

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

Proposition 2.6 (First-order conditions). Assume that G is strongly convex with respect to its first
variable. Then for any x € RY, it holds D,(z*(z),v*(x),x) = 0 and D,(z*(z),v*(x),z) = 0.

The directions D,, D,, and D, can be written as sums over the samples. Hence, as mentioned by
Dagréou et al. [2022], following these directions enables us 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 D, ; ;, D, ; ; and D, ; ; defined by

D, i(z,v,2) =V1G;i(z,x) (4)
D, (z,v,2) = V%lGi(zg z)v+ V1 Fj(z,x) (5)
Dy i(z,v,2) = VglGi(z,x)v + VaoFj(z,z) . (6)

When 7 and j are randomly sampled uniformly, these directions are unbiased estimators of the true
directions D,, D,, and D,. Nevertheless, 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

We propose SRBA which is a combination of the idea of recursive gradient coming from [Fang et al.,
2018, Nguyen et al., 2022] and the framework proposed in [Dagréou et al., 2022]. The SRBA algorithm
relies on a recursive estimation 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 ~ the
step size for the update of the variable x. We use the same step size for z and v because the problems
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,x) and the joint directions weighted by
the step sizes A = (pD,,pDy,vD:) = (A, Ay, A,).
At iteration t, the estimate direction A is initialized by computing full batch directions:

AN = (pD. (@), pDy (@), v D, (0"))

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 ¢ € [n] and j € [m] are sampled and the estimate



Algorithm 1 Stochastic Recursive Bilevel Algorithm

Input: initializations zp € R?, zg € R?, vy € RP, number of iterations T and ¢, step sizes p and 7.
Set 0% = (20, vo, 7o)
fort=0,...,7—1do
Reset A: Ab0 = (pD_(@t), pD,(@"),yD.(@))
Update u: u! =TI(a’ — A®9) |
for k=1,...,q—1do
Draw i € {1,...,n} and j € {1,...

J ,
thk _ tk tk—1 tk—1
Al (Daz,ij(u™") — Dy j(u A
Update u: ut**+1 = II(ut* — ABF)
end for
Set @1 = ut+ha
end for

Return (27,97, 77) = a”

directions are updated according to Equations (7) to (9)

ALY = p(D.;;(a"") = D, ;(u" 1)) + ALFT (7)
ALY = p(Dyij(u"*) — Dy (0" h)) + AL (8)
ALY = y(Dy i (0"F) = Dy (0 1)) + ALM! 9)

where the sampled directions D, ; ;, Dy ; and D, ; ; are defined by the Equations (4) to (6). Then
the joint variable u is updated by

ut’k'H _ H(ut,k _ At,k) . (10)

Recall that the projection is only performed on the variable v. The other variables z and = keep
unchanged after the projection step. At the end of the inner procedure, we set ‘! = u»%. The
method is summarized in Algorithm 1. Note that this two loops structure with periodic full batch
computations is similar to the structure of SVRG. Unlike SVRG, there is no reference point and the
directions are updated recursively.

In Algorithm 1, the three variables z, v, and = are updated simultaneously rather than alternatively.
From a computational perspective, this allows us to share the common computations between the
different oracles and to do the update of each variable in parallel. As a consequence, 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 estimate 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. Finally, 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 empirical risk
minimization, as we do in Section 3, and achieves a worse sample complexity (see Table 1).

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)%zs_l V(n+ m)) The detailed proofs of the results are deferred to the appendix.



Before diving into the details, let us define a few concepts. In Definition 3.1, we recall the definition
of e-stationary point.

Definition 3.1 (e-stationary point). Let d a positive integer, f : R? — R a differentiable function and
e > 0. We say that a point z € R? is an e-stationary point of f if ||V f(z)||? <.

With a slight abuse of language, in a stochastic context, we also call e-stationary point a random
variable = such that E[||V f(z)||?] < e. This notion of e-stationary point is necessary since we are
dealing with nonconvex objectives.

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

[VF)(z,z),VG,(z, ), V2,Gi(z,2)v,V3,Gi(z, x)v] (11)

is queried for i € [n], j € [m], 2 € RP, v € R? and = € R?%. Note that in practice, although the second-
derivatives of the inner functions V2,G;(z,z) € RP*P and V2,G;(z,x) € R¥*P are involved, they are
never computed or stored explicitly. We rather work with Hessian-vector products V%, G;(z, z)v € RP
and Jacobian-vector products V%, G;(z, z)v € R? which can be computed efficiently thanks to automatic
differentiation with a computational cost similar to the cost of computing the gradients V1G;(z, x) and
V1Gi(z,x) 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

One strength of our method is its simple expression of the estimation error of the directions which
comes from the bias-variance decomposition of the mean squared error provided by Nguyen et al. [2017].
Let us denote the estimate directions DYF = ALF/p DLF = Atk /p and DEF = ALK /4. We also
introduce the residuals

k
S¢% = E[|Da(u") = Do(u )]

k
Sef =Y E(IDy - Dy

r=1

Proposition 3.2 provides a simple link between the mean squared error E[||Dy* — D, (u®*)||2] and the
residuals S2* and S&*.

Proposition 3.2 (MSE of the estimate directions). For any ¢t >0 and k € {1,...,q— 1}, the estimate
DL of the direction Do(u'*) satisfies

E[| D" — Do(u"h)|P] = S0* — S+

We observe that the above error has two components: the accumulation of the difference between
two successive full batch directions and the accumulation of the difference between two successive
estimate directions. Proposition 3.2 will play a critical role in the analysis of SRBA.

3.2 Fundamental Lemmas

As usually done in optimization, we start by establishing descent lemmas which are key ingredients to
get the final convergence result. Lemma 3.3 aims at characterizing the joint dynamic of u on the inner
problem. To do so, we introduce the function ¢, defined as

02(z,x) = G(z,x) — G(z*(x),x) .



In the bilevel literature, direct control on the distance to optimum §%F £ E[||zbF — 2*(2tF)||?] is

established. Here, the biased nature of the estimate direction D%* makes it hard to upper bound
appropriately the scalar product (D, (ut*)— DtF 2tk — 2*(28%)). This explains the choice of considering
#L* instead of 4%, By combining the smoothness property of ¢, and the bias-variance decomposition
provided in Proposition 3.2, we can show some descent property on the sequence ¢'* defined by
oLk = E[¢p.(21*, 21F)]. Before stating Lemma 3.3, let us define GHF = % (vtF — Hp(vh* — pDEF))
so that vt*+1 = ¢tF — pGt* This is the actual update direction of v. Note that if there were no
projections, we would have GL¥ = DL*. As a consequence, it acts as a surrogate of DL in our analysis.
We also define

vik —E]|

2 VR =ENGEIPL VR =ElIDF|]

the variances and their respective sums over the inner loop

ZE |Dtr 1” Vtk ZE”gtr IH Vtk Z]E ‘Dtr 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 appendiz. Then it holds

e} p
o < (1= E0p) ot = L (1= Aup) VIR + P8V 49298, V1 (12)

A, -
+ 0BV + 772V£’k + gﬁzzE[llDi’k(ut’k)llzl

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

In (12) we recover a linear decrease of ¢** by a factor (1 — pju¢) but the outer variable’s movement
and the stochasticity make appear the direction D, (u**) and the noise that slow down the convergence
of z towards z*(x).

For the variable v, the quantity we consider is

Op(v,2) = V(z"(x),v,2) — V(2" (x),v"(z), z)
where ¥(z,v,z) is defined as
1
U(z,v,x) = EUTV%lG(Z’,JJ)U +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*(x), v, x).

Lemma 3.4 (Descent on the linear system). Assume that the step sizes p and v verify p < B, and
v < Cyp for some positive constants B, and C, specified in the appendiz. Then it holds

PHG 5
¢f1’k+1 S (1 - W) (rbf;’k - BUUPVJ + pgﬁvzvztg’k + 2P3vavqt;’k + ’YQPBeri’k

A, 2
+ pau: 9" + B D] + %ﬁmE[llDz(ut’k)HQ]

for some positive constants Ay, Byz, Bz, 5% and B,, that are specified in the appendiz.

Lemma 3.4 is similar to Lemma 3.3. The appearance of ¢** is a consequence of the fact D, (z,v,z)
is a step towards —[V?%,G(z, )] "1V F(z,z) instead of —[V3 G(z*(2), )] "' V1F(2*(x),2). The proof
of this lemma harnesses the generalization of Polyak-Lojasiewicz inequality for composite functions
introduced 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(z"*)] and expected gradient gv* = E[||Vh(zbF)||?].



Lemma 3.5 (Descent on the value function h). There exist constants B, Bhy, Bz > 0 such that

~y 2L2
ht,k+1 < ht,k _ §gt,k + M; (¢7;k + d)l;’k) + 'prthVﬁ’k

F 02 B Vot + 7 BraVi* — % (1=LMy) Vvt .
This lemma shows that the control of the approximation error ¢, (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 (Convergence rate of SRBA). 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
1 T—1qg—-1 1
= E t,ky\ 12 —_
7 2 LBV o()

where O hides regularity constants that are independent 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 £(u?*) = ht* 41, ¢tk +1p, ¢t F
where 1, and 1, are non-negative constants chosen so that we have the inequality L£(u’**+1) <
L(u**) — 2g"* Summing and telescoping this inequality provides the convergence rate.

Note that if we set ¢ = 1, we are actually in a nonstochastic regime and we can observe that we
recover the convergence rate of Gradient Descent for nonconvex single-level problems [Nesterov, 2018]
since the step size v depends neither on the current iteration ¢ nor the horizon T'. Increasing g allows a
faster convergence in terms of iterations but makes each iteration more expensive since the number of
oracle calls per iteration is (2n + 3m) + 2 x 5(¢ — 1). Thus, there is a trade-off between the convergence
rate and the overall complexity. In Corollary 3.6, we state that the value of ¢ that gives the best sample
complexity is O(n + m).

Corollary 3.6 (Sample complexity of SRBA). Suppose that Assumptions 2.1 and 2.2 hold. If we take

1

p = p(n+m)"2, v = min(¥,&p)(n+m)~2 and ¢ = n+m, then O ((n +m)zet v (n+ m))
calls to oracles are sufficient to find an e-stationary point with SRBA.

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 + m and the precision
¢. This improve 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] achieves a sample complexity in O(s~2).
Note that, for large value of n + m we can have actually (n + m)%e’1 > £72. 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 show
that SRBA is a near-optimal algorithm for this class of problems.



4.1 Functions and Algorithms Classes

We start by defining the function class and the algorithm class we consider.

Definition 4.1 (Function class). Let n,m two positive integers, L and pg two positive constants.
The class of the smooth empirical risk minimization problems denoted by CLT M6 ig the set of pairs of
real-valued function families ((F})1<j<m, (Gi)1<i<n) defined on RP x R? such that for all j € [m], Fj is
LY smooth and for all i € [n], G; is twice differentiable and ug-strongly convex.

Note that we do not require F' to be convex in the class CLime In particular, the class of bilevel
problems that we consider is nonconvex. This class contains, for instance, the functions defining the
bilevel formulation of the datacleaning task (see Section 5).

For the algorithmic class, we consider algorithms that implement approximate implicit differentiation,
using oracles of the form (11).

0,29, a linear bilevel algorithm A

Definition 4.2 (Algorithmic class). Given initial points 2°,v
is a measurable mapping such that for any ((F})i<j<m,(Gi)i<i<n) € CLi#e | the output of
A((Fj)i<j<m, (Gi)1<i<n) 1Is a sequence {(z%,v', 2", s, ji)}e>0 of points (2%, v, 2') and random vari-

ables i, € [n] and j; € [m] such that for all ¢ > 0

2 € 204 Span{V, Gy, (2%, 2°),..., V1G;, (2, %)}

o' € 4 Span{ Vi, Gy, (2°, 2900 + V F), (29, 29),
L VG, (ot + VL F, (2 2t}

o't € 2%48pan{V3, Gy, (2°, 29000 + Vo ), (29, 29),
V3G, (2 2ot + Vo Fy, (24 o))

This algorithmic 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]. Note that
despite the projection step, SRBA is part of this algorithmic class since the projection of a vector onto
I" is actually just a rescaling.

4.2 Main Theorem

Problem (1) is actually a smooth nonconvex optimization problem. The lower complexity 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(m2e~1), where m is the number of terms in the finite sum.

Intuitively, we expect that 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 (Lower bound for bilevel ERM). For any linear bilevel algorithm A, and any L, n,
A, ¢, p such that €2 < (ALFm~1)/10%, there exists a dimension d = (’)(Ae_lm%LF), an ele-
ment ((Fj)i<j<m,(Gi)i<i<n) € CLi#6 such that the value function h defined as in (1) satisfies
h(z°) — infycpa h(z) < A and in order to find # € R? such that E[||VA(2)]|?] < ¢, A needs at least
Q(mz2e~1) calls to oracles of the form (11).

The proof is an adaptation of the proof of Zhou and Gu [2019, Theorem 4.7]. It consists in taking
as outer function F' defined by F(z,z) = Z;":l f(UY2) where f is the “worst-case function” used by

Carmon et al. [2017a], U = [UW), ... ,U™)]T is an orthogonal matrix and G(z,z) = %[z — z||>. We
harness the fact that ||V f(y)||> > K as long as the two last coordinates of y are zero for some known
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Figure 1: Left: Comparison of the performances of SRBA for different values of ¢ on a hyperparameter
selection task for ¢2-regularized logistic regression with IJCNN1 dataset with respect to time and
iterations. Right: Comparison of SRBA with other stochastic bilevel methods on the datacleaning
task with the MNIST dataset. The solvers are run with 10 different seeds and the median performance
over these seeds is reported. The shaded area corresponds to the performances between the 20% and
the 80% percentiles. We report the test error with respect to wall clock time. We notice that SRBA
achieves the best final accuracy even though it is slower than the others at the beginning.

4

constant K. Then we use the “zero chain property” to upper bound the number of indices j such the
two last components of Uz are zero at a given iteration ¢, implying ||VA(z?)||? > ¢ when ¢ is smaller
than O(mze1).

Note that here, the function class considered is less restrictive than the function class that verifies
the upper complexity bound achieved by SRBA in Corollary 3.6. Considering a class as restrictive as
the class needed for the analysis of SRBA could lead to a smaller lower bound.

As a comparison to the existing lower bound for bilevel optimization in Ji and Liang [2023], we
consider randomized algorithms and do not assume the value function h to be convex or strongly
convex.

5 Numerical Experiments

Even though our contribution is mostly theoretical, we run several experiments to highlight the influence
of the inner loop size on the performances of SRBA and to compare the proposed algorithm with
state-of-the-art stochastic bilevel solvers. A more detailed description of the experiments is available in
Appendix C.

5.1 Influence of the Period ¢

We are interested in the impact of the period ¢ on the algorithm’s performance. We consider the
hyperparameter selection problem for /2-regularized logistic regression with the dataset IJJCNN1'. In
this case, F' is the validation loss and G the training loss. We run SRBA for several values of ¢. In
Figure 1, we display the suboptimality h(z') — h* where h* is the minimum value reached among all
the runs. The performances are reported both relatively to wall clock time and iterations. An iteration
corresponds to one update of the variables z, v, and x with the full batch or stochastic directions.
The first observation is that the parameter ¢ impacts dramatically the convergence speed of SRBA
in practice. While all the runs converge, the variance and the speed of the suboptimality h(z') — h*

Ihttps://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/binary.html
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differ. The figure shows that reducing the period ¢ gives performances with less variance, due to
improved gradient estimators. However, we notice a difference between the performances with respect
to time and with respect to iteration. For instance, the curve corresponding to ¢ = n + m is among the
best curves when looking in terms of iterations while it becomes the second slowest with respect to time.
This suggests that there is a trade-off between computing too many times the full batch quantities
versus improving the gradient estimates. In the presented experiment, ¢ = 4(n + m) gives the best
performances.

5.2 Comparison of SRBA with Competitors

We compare the performances of SRBA with stochastic bilevel solvers on the datacleaning problem
[Franceschi et al., 2017] with MNIST dataset”. In this task, the training set is composed of Nrain
labeled samples (di*i™, yirain), .. that possibly have corrupted labels with a probability p.. The
validation set has n.,) clean labels. The datacleaning task consists in learning simultaneously a classifier
and a weighting on the training samples. This problem can be cast as a bilevel optimization problem
where the inner loss is the training loss where the training samples are weighted and the outer loss
is the validation loss. The inner variable is the parameter of the classifier and belongs to RP and the
outer variable is the weighting of the training set and belongs to R™2in. A more formal formulation of
the problem is provided in the appendix.

In Figure 1 (right), we compare the final test error of SRBA with AmIGO [Arbel and Mairal,
2022], MRBO [Yang et al., 2021], StocBiO [Ji et al., 2021] and SABA [Dagréou et al., 2022]. In this
experiment, we have p. = 0.5. The parameters of each algorithm have been selected by a grid search.
We observe that SRBA reaches the lowest plateau. Nevertheless, it is the slowest at the beginning due
to the full batch computations.

6 Conclusion

In this paper, we have introduced SRBA, an algorithm for bilevel empirical risk minimization. We
have demonstrated that the sample complexity of SRBA is O((n + m)%sfl) for any bilevel problem
where the inner problem is strongly convex. Then, we have demonstrated that any bilevel empirical risk
minimization algorithm has a sample complexity of at least (’)(més_l) on some problems where the
inner problem is strongly convex. This demonstrates that SRBA is optimal, up to constant factors, and
that bilevel empirical risk minimization is as hard as single-level nonconvex empirical risk minimization.
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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. Finally, Appendix C details the setting of the
numerical experiments.

A Convergence analysis of SRBA

A.1 Proof of Proposition 2.6

Proof. Let x € R%. Since G(.,x) is differentiable and z*(x) minimizes G( ., ), the first order optimality
condition ensures V1G(z*(x),x) = 0 = D,(2*(x),v*(z),z). Since G is strongly convex with respect to
2, the Hessian V3, G(2*(z),z) is invertible. As a consequence, the equation in v

D, (z*(x),v,7) = V3, G(z*(z),z)v + V1 F(z*(z),2) = 0 (13)

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

A.2 Smoothness constant of A

We can find in Ghadimi and Wang [2018, Lemma 2.2] the following value for the smoothness constant
of h

h_ e QIS RS IGLSLE ¢ IGIGLE ¢ UGPL) (RIS
! e 2 11
A.3 Proof of Proposition 3.2

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

By [ID" = D)2 = By, [|DET — DE™ + Du(ut 1) — Dyt )
[ Da(ul") + Dy(ut ) = DY Dy ()2
=B, [|DE" = i = (Du(u ) = D(ut )
o A

The term E, [ DY — D" ~' — (Do (u?"~1) — Dy(ub"))||?] is the variance of DY" — DY" " and then
can written as

Eeo[[|DS" = D"~ = (Do(u"" 1) = Do(u'"))|P] = Ee,[|| D" = D7)
— [ Da(u"") = Dy(u"" =]
Plugging this in the previous inequality and taking the total expectation leads to
E[|De" = Da(u"")|IP) = E[I D" = D" %] = E[[[Da(u"") = Do(u"" )]
+E[IDY = DY (a7
Summing for r € {1,...,k} and telescoping gives the final result (taking into account that DY° = D, (u’?)):

k k
E[| D" — Do(u"")[P] = Y E[I D" = Dy = Y E[l|Da(u") = Do(u"" 1)) .

r=1 r=1
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A.4 Technical lemmas

Lemma A.1. There exists a constant L, such that for any x1, o € R?, we have
12" (21) = 2% (z2)|| < Lullzy — 22| and  [[o"(21) — 0™ (22)]| < Luflzy — 2|

Proof. The Jacobian of z* reads dz*(z) = [V}, G(2*(2), 2)] 71 V,G(2* (x), z). By pg-strong convexity
and L{-smoothness of G, we have ||dz*(z)|| < ﬁ—g which implies that z* is i—g Lipschtiz.
For v* we do the computation directly:
[v* (1) = v (z2)]| = [I[VE ( “(21),21)] T VIF (2" (21), 1)
= [VHG(2" (22), 22)] T V1 F (2" (22), 22) |
< IIVH ( H(21),20)] TN (ViF (2% (21), 21) = ViF (2 (22), 22)) |
HI(VHG (2" (21), 21) = [VH G (2), 22)] 71T VLF (2" (22), 22) |

1 G * *
< (u&fuz L5> 1" (1), 1) = (7 (w2), 22) |

1
< (uLf n L§L5> (=" (@) — @) + a1 — )
LG F G
< — L + LS LE ) |1 — 2|
ne \ e
Then taking L, = max [l% ( L¥ + LGLF) , u—lc] concludes the proof. O

Lemma A.2. Let us consider the update directions DY* = A% /p DEF = ALF/p and DLF = ALF /1y
where AR ALY and ALF verify Equations (7) to (9 ) Then it holds

E[|DY* — D.(u"")|?] ZLG PPE[|DY Y]+ A2E[| DY)
r=1
k k
E[| D5* — D, (u*)[2] < 4p® (L R)? + (L)) Y EIDL™ 2] + 4p*(LF)? Y R[4 17
r=1 r=1
k
+492 (L R)? + (L)) Y E[IDE )
r=1
k k
E[| D% — Dy (ut")|?] < 4p? (LS R)? + (LT)?) S E[IDL 2] + 4p*(LF)? S E[|65 1%
r=1 r=1

k
+ 49 (LY R)* + (L)) D ENDZ %) -

Proof. Direction D,
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We start from Proposition 3.2.

E[| DL* — D.(u"*)|*] = [IID““ = ViG("E, a7

k
7ZE |Dtr Dtr 1|| ZE |V1G )7V1G(zt,r717xt,r71)”2]
r=1 r=1
k
<Y E[|DL" = DY)
r=1

k
< > LE(PPENDL P+ E(IDL )
r=1

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

E

E[| D5* — Dy (u"")|J?] Z 1Dy = Dy~

Then, using the boundedness of v and regularity of each G; and F}, we have
E[HDZT Dt r— 1” ] Q(E ”vQ ( t,r mt,r)vt,r _ V%lGi(zt’r_l,th’r_l)vt"r_1H2]

[
+ E[[|[VoF (2", a") = Vo Fy (25"~ 2t |1P))
< 4(E[|IVE '( S [

[

FE[[|(V2,Gi(257, 287) — V2, G257, 21wt 1| |2]

+ (L)% (v Z]E[HD” I+ PPE(IDE D))

< A((LE?PE(IG I

+ (L) RA(PE[| DL+ +*E[I1DS" %)

+ (L) (PPE[IDL ]+ 2*E[I D" %)

<dp ((LGR) +(L1)?) E[ID P+ 4p*(LT)*E[IG, 1)
492 (LS R)? + (L)) E[IDg"H17] -

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), x) 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,z) € RP x R, we have
Vid.(z,2) = V1iG(z,x) and Va¢,(z,2) = VaG(z,x) — VoG(2" (), z) .

Let us consider (z,2) € R? x R? and (2/,2') € RP? x R?. Since VG is L{-Lipschitz continuous, we
have directly
V162 (2, 2) = Vig. (2, 2")[| < LY (z,2) = (', 2)]| -
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Moreover, we have

||V2¢Z(Z,J?) - V2¢Z(Z/,J?,)|| < ||V2G(Z,J?) - VQG(Z/ xl)H
+ [ V2G (2" (2), 2) — V2G(2" (), 2') |
< LE|(z,2) — (2, 2)) | + LGII(Z*(I),I) (2" (@), 2")||
< Lz 2) = (2, 2)| + LE[|(2* (), 2) = (2" (a"), )|
< LE|(z2) = (2, 2)| + LE (|12 (@) = 2% (@) | + [l = 2'[]) -
From Lemma A.1, z* is L, Lipschitz continuous, so
V292 (2,2) = Voo (2, )| < LY ||(2,2) — (/)| + LY (2" (2) — 2* (@) ]| + = — 2'|))
< LE|[(z2) = (2 2") || + LY (L + Dj& — /||
< LE(Le +2)[(z,2) = (2, 2)] -

As a consequence

IV:(z,2) = Vou(2',2') | < IV1:(2,2) = Vi (2, 2)[| + [ V2d:(2,2) — Vao. (2, 2')]
< LY (Lu 4 3)ll(2,2) — (,2")] -

Hence, ¢, is A, smooth with A, = LY (L, + 3). O
We can now turn to the proof of Lemma 3.3.
Proof. The smoothness of ¢, provides us the following upper bound
A,
B( M Gt < 6 (1, 2tR) = p(DEF, T1G(H, ) 4 S g2 | DA (14)
A,
VD", VoG (2, 2 F) = VoG (=" (@), %)) + % |DEH|*

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

A, 1
7ﬂWﬁW:5wm$fwaw%fhw (15)

— V1G22 = (1= Asp) [IDL?)

—(DLF, ViG(z"*, 2t)) +

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

Ee ko] < ¢b* + gEt,k[HD?k — V1iG(2"F, ab 9|17 (16)
p p
- §||V1G(Zt’k’th’k)H2 -5 (1= Azp) Ee || DE*)17]
A
— V(B x[DLF], VoG (2, 28F) — VoG (2" ('), 2F)) + 772]Et,k[| ’] .

From Young inequality, we have for any ¢ > 0

N 1
(Bes[D*], VoG (2, 2tF) = VaG(2" (%), 7)) < o [Be [ D3]] (17)
Cc
+ 512G, 2t ) = VoG (e (), 25|12
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The smoothness of G and strong convexity give us

G
e W ST

IV2G (=", at%) = VoG (2" (@"F), ™) |? < LT[ — 2" (aF)|? < =

Let us denote L' = ﬁ—g Plugging Inequalities (17) and (18) into Equation (16) yields
Ei ko (2557, 2t M HN] < (14 eL/y)go (204 et — gEt,k[Hle(z”ﬁx”“)\lz] (19)
+ LE[IDYY = V1 GtE )7 = £ (1= Aup) B [IIDEF|)
+ LB DS + 2Bl D)

From Lemma A.2, we have

E

E[| D" = ViG(z"F @ Z (PE[IDLHIPT +*E[ID D) -

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

k
SEFHL < (14 eLlv) Z (OB DL P + 7 e[l DL 1) (20)
r=1
_gE[va )P = £ (1= ALp) B[ DEF |

g A,
E(IE[D; 117 + 5 v* Bl D * 1]
Since G is pg-strongly convex with respect to z, Polyak-Lojasiewicz inequality holds:
||V1G(2t’k,$t’k)H2 > 2#G¢z(zt’k,l't’k)

As a consequence, Equation (20) becomes

¢ & _ o
OLM < (Lt el'y — pap) 6" + =5 D (0 BIIDL ) + 22 oE[| Dy %)

r=1

— £ (1= A.p)E[|DY¥IP) + LEIEID]|? + A =+ 2E[| D)

Taking ¢ = ”Gg yields

2L
k
HG r— r—
ot < (1218 ) gty b Z (LI DY" %) + 22 B[ DL 12)
P L~ A,
(1= Asp) EIDE 2] + = L E[E[DLM]|2] + SB[ DL )
2 wa p 2

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

E[|[E. 1k [DFM1%] = E[| Do (257, 0", 25%) — Dy (2501 o5 a5 1) 4 DEF1?)
— ]E[HDQE(Zt’k, ,sz,k7 Z‘t’k) _ Dx(zt,kfl’ ,Ut.,kfl xt,kfl) _ E[D;jkfl} H2]
+E[|Dy T —E[DZ* 1)1
= E[|| Dy (z5F, 0%, 25F)||?] (21)

+ E[||Di’k71 o Dz(zt,kfl’ ,Ut,lcfl’ mt7k71)”2] )

)
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Using Lemma A.2, we get

k—1
E[ID"! = Da(ut1)|12) < 4p? (LFR)* + (L)2) SB[ DL 1)
r=1
k—1
+4p2(LE)? Y E(IG
r=1
k—1
+ 49" (LS R + (L)) Y ElIDE ] -
r=1
Putting all together yields
A
o1 < (1= E2p) 0% — £ (1 - ALp) BIIDEH ) + Z242E[| DL (22)
L ~? k
o DRI P+ ALE 7 0 3Bl

LS A(LSR?L' , ALY)2L .
+p|:p221+ ( 2 ) 72+ ( :|ZE”Dt 1H
r=1

e
LG I 72 k
+ 92 { 4(LS R +4(L ] E[|| DLt
o rAgR? Y > E(IDL
G
By assumption, v < C,p, with C, = \/8L/((L§1§)L21+(Lf)2) therefore
tk+l 1_ tk P 1— Dtk A 2R(| Db 12
Gk < p) 4% — £ (1= Aup) E[| D] + SB[ DL
L/’Y k(o tk 3rG :
t e p]EHIDt ()P + p° L D E[|IDL )
r=1

L = Y A
+4(LY) uGVPZ]EHgt 1||]+7pLGZEHDt 7

= r=1
Ha t,k e D aen 7 bk (ot k|2
< _ = w7 _ ) = ) L ) )
< (1-550) 6% = G U= Mp) VIR 4 VIR + B, DBl DE )

+ 2B VR 4 42 pBL VIR £ 42 pB., VP

G271/ — ,
with f.. = L¢, By = 2B 5 — LG and B, = L. 0

HrG

A.6 Proof of Lemma 3.4

Recall that we denote ¥(z,v,z) = $v'VHG(z,2)v + Vi F(z,2) v and ¢, (v, z) = ¥(2*(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%P3 and a vector a € RP3 we denote
(T'|a) the matrix in RP**P2 defined by:

p3

E T; j K0k
o 1<i<p;
1<j<p2

Lemma A.4. The function ¢, has A, -Lipschitz continuous gradient on T' x R, for some constant A,,.
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Proof. For any (v,z) € I' x R?, we have
V1¢y(v7$) = DU(Z*(QS),U,J?)

and

Vabulv.) = (0" (0) [ H(TIOE @ )edu = (TR G (@) )l (@) ()
+VHF(2*(2),z)v — V3, F(2*(z), 2)v* (2)]
+ |5 TG @l - (73,6 @) ()’ (@)
+V2,F(2*(z),z)v — V3, F(z*(x), z)v*(z)]
Let us consider (v,z) € T x R? and (¢/,2') € T x R%. We have

V1o (v, 2) = Vidy (v, a")|| < V1 G(z"(2), 2)v — VI, G(z"(a"), 20|
+ViF(z"(2), 2) = ViF (2" (2), ')

For the first term,

V3G (@), 2)o = VAG(" (@), )| [V G (@), ) (v = )|
+[[(V3G (2" (), 2) — V3G ("), )|
+ VLG (), 2") (v = )|
< 2L |lo o[ + L (Lo + D|IY/|[[lz — |
< 2L§ + L§ (L. + DR]|| (v, z) — (v/, ")

For the second terms, we use the smoothness of F' and the Lipschitz continuity of z* (Lemma A.1):

IV1F (2" (z),2) = ViF (" (2'), 2")]| < LT[ (2" (@), ) — (" (2'),2)|
< Ly (2" (2) = 2 (@) + ||z = 2']])
< LE (L + V)l — |
< Ly (Lo + 1), 0) = (@, 0]
As a consequence
V160 (v, 2) = Vady (v, )| < As|(v,2) = (o', 27)]| (23)
with
Ay =LF (L. +1)+2LY + LS (L. + 1R . (24)
To prove the Lipschitz continuity of Va¢,, we remark that V3,,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 As-Lpischitz for some constant Ay > 0. Hence, V¢, is A,-Lipschitz
continuous with A, = A + As.

O
Lemma A.5. Let ¢t > 0. For k € [q — 1], we have

1
0<— <p(vt,k+1 _ Ut,k) + Dz,k’vt,lwrl _ vt,k>
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Proof. The function i beging convex (since I' is convex), let us consider its sub-differential
diy(v) ={n e R?, Vo' € RP,ip(v') > o (v) + (n,0" —v)}
By definition

. 1
v = argmin((v) + 5 flo = (0~ D))

Using Fermat’s rule, we get

1
_7<vt,k+1 _ Ut,k) _ Dﬁ’k c 8LF(Ut’k+1) )
p
We can use the definition of the sub-differential with 1 = f%(vt”€+1 —vbk) — DR o get

1
LF(Ut’k+l) < Lp(vt’k) o <(,Ut,k+1 o ,Uth) + Df},k7vt7k+l o Ut,k>
—_— = p

We can now turn to the proof of Lemma 3.4.

Proof. The smoothness of ¢, provides us the following upper bound
¢U(Ut’k+1,xt’k+1) < d)v(vt’k,l‘t’k) + <Hr(’Ut’k o pr},k) o ,Ut,k7 DU(Z*(:Et’k>,Ut’k,It’k)>

‘ 2

A,
+ 5T = pDy*) — vt

Ay
— (DL, Vady (08K, 2)) + S DM

Let us denote A" = TIp(vtF — pDEF) — TIp(v!% — pD, (2* (2%), v'F, z'F)). Adding and subtracting

<HF(Ut’k _ pDU(Z*(l‘t’k),’Ut’k,$t’k) _ Ut’k,DU(Z*(]Jt’k),’Ut’k,Z‘t’k»
Ay
S (0 = Dy (2" (@), 01, ) — o2

yields
d)v(,ut,k-l-l’ l,t,k-i-l) < (b'u (’l}t’k, ,Tt’k) + <Ai_,[k:’ DU(Z*((Et’k), ’Ut’k, {Bt’k»

Ay
+ 7”1_[1"(1}75,76 _ pDv(Z*(l‘t)7’l)t7k,$t’k)) . Ut’k”Q

+ <HF(,Ut,k _ pDU(Z*(l’t’k),”Ut’k,I‘t’k)) _ ’Ut’k,DU(Z*(JZt’k),Ut’k,ﬂ?t’k»

A, "
+ S AP+ A AR T (0 — pDy (2" (24), 0", 20) — o'F)

A
= (D, Vagy (v, 2")) + | DF*
Taking p < %U gives
¢v(vt,k+17 xt,kJrl) S (bv(vt,k’ :L't’k) + <Atr,lk7 DU(Z*(IL't’k), vt,k, :L't’k)>

1 *
5o T (0" = pD, (3" (@), 04, 4)) = |

+ <Hr(vt,k o pDU(z*($t7k)7Ut’k,ZL't7k)) _ ,Ut,l~c7 Dv(z*($t7k),vt7k,1’t7k)>

A, *
L IAREI + A AR T (0 — Dy (" (a4), 01, 04)) — otk)

A
= (D", Voo (v, 2")) + T2 D
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Let ¢p the indicator function of the convex set I'. Similarly to Karimi et al. [2016, Equation 13] we
define for any a@ > 0 and v € RP

D,.(v,x,a) = —2a min [(Vlgbv(v,x),v' —v) + %Hv' — |+ (V) — LF(U):|

v’ €RP

Hence, for v € T and z € R, we have

P 1 * *
—§DLF (v,x, p) = (IIr (v — pD, (2" (z),v,2)) — v, Dy (2" (z),v, ))

1 *
+ %Ilﬂr(v — pDy (2" (z),v,2)) —vf* .

Therefore, Equation (27) can be written as

¢U(vt’k+1,xt’k+1) < ¢v(vt’k,$t’k) _ gDLF <vt’k,xt’k, ;)
+ (AL, Dy (2" (2"F), 0" F, 29))
i %HA#HZ 4 Av<Af-’Ik,HF(Ut’k — pDy (2 (bR, ptE gtR)) bk
DY, Tau (0, a)) + B DIH

By strong convexity of ¢, with respect top v and smoothness, we have D, (v5F, 2tF A,) > 2ugd, (vbF, 2bF).

According to Karimi et al. [2016, Lemma 1], D,..(v**, 2** ) is an increasing function. As a consequence,
since A, < %, we have D, . (Utvk,xtvk, %) > 2uc o, (vF, k). This leads to

(0" 2 < (1= ) (v, %) + (AL, Dy (2" (a85), 00F, ) (28)
Ay *
+ S IAR 1?4+ A (AR T (v"F = pDy (2% (%), 0", 2F)) — o)
A,
= (D, Vagy (v, 2")) + | D

The non-expansiveness of Il yields

IATE( < DY — Dy (2 (a5F), "%, 259) | (29)
and
HHp(,Ut,k _ pDU(Z*(.rt’k),Ut’k,l‘t’k) _ ,Ut,k H _ HHp<vt’k _ pDv(Z*(.Tt’k),Ut’k,l’t’k)) _ HF(,Ut,k)H
er
< pl| Dy (2" (&"F), 0 F 2 F)| (30)

Moreover, using Equation (29) and Young Inequality, we have for any ¢ > 0
1
(A, Dy (2 (@5),0%, 28)) < SAn[? + o[ Dy (" (@), o, 214
c
cp’ t,k w( o tky otk tky[2
< T ID5 = D" (@), 0tk 2t )|

1
+ ?HDU(Z*(It’k),Ut’k,Itk’) o DU(Z*(:Et’k),U*(:Et’k),l‘tk’) ”2
c

=0
CPQ t,k w( o tky otk tky[2
< THDU _DU(Z (l‘7 )7U7 y T )H (31)
L? t,k .tk
+@¢U(’U , L )
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G
Plugging Equation (31) into Equation (28) with ¢ = iglp
G

LG
¢U(Ut’k+l,.1‘t’k+l) (1 o PHG) ¢v( T ) ;Qp“DZ7k _ DU(Z*(J)t’k),Ut’k,l‘t’k)‘|2 (32)
G
+ ?UHAi—ik”z + Av<Ah’k,H1"( o pD ( ( t, k) ,Ut,k’xt,k)) o Ut,k?)

Ay
DY, Tau (0, 2 )) + AL D
Using Equation (29), Equation (30) and Young Inequality for d > 0 yields

d
<A{—ik,Hp(’Ut’k o pDU(Z*(l't’k),Ut’k7l't’k)) o ,Ut,k> < 5”AﬁkHQ

1
+27dHHF( _pD ( ( tk)7vt7k7xt7k))_vt7k”2
d 2
< - IDYF = Dy (2 @th) ot ) 2 (33)
02
+ﬁHDU(Z*(th’k),’Ut’k,xt’k)HQ
< d7p2 Dt,k - D t,k t,k k(2 34
< D00 — Dy (= @), 0k, 0| (34)
LY p? tk otk
+ NORES
L (ut, 2t

G
Plugging Equation (34) into Equation (32) with d = 4[11“791))9 gives
G

¢U(Ut’k+1,xt’k+l) < (1 pMG) ¢U( 7 ,lc) (35)

LG 2LGA
L e T
Ha G

A
+ S AL
A,
VDL, Voo (0™, 2"0) + 24 | DEF?

Using once again (29), we get

G
¢U(Ut,k+1’xt,k+1) < ( P )¢v( T ,k:) (36)
LG 2L A2p Ay p?
1P + 1 AP + P ”Dt,k: o Dv(z*(xt’k), vt,k, xt,k)||2
1 1 2 °

Ay
7<D;’k7 V2¢U(Ut’k,$t’k)> + 7’}’2||D§;’k||2 )
By Lemma A.5, we have for any a > 0

1
0< —a <(vt,k+1 . Ut,k) + Dz,k’vt,k-i-l . Ut,k>
p
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By adding this to Equation (36), we get

(by(vt,k—&-l’xt,k—&-l) S( PMG)%( x k:)

7||,Ut,lc+1 o ,Ut,k”2 . Oz<Df)’k,’Ut7k+l o Ut7k>

LG 2LGA2 3 Av 2
+ 1P + 1 AP + 4 ”Dz,k o Dv(z*(xt’k),vt’k,xt’k)||2
2 2 2
e el

A,
- 7<D§37k7 v2¢v(vt’k7xt’k)> + 772||D§:’k“2 .

We can control — (DLF vbF1 — ytF) by Cauchy-Schwarz and Young for some ¢, d, e, f > 0
— (DbF bR _ Ry = (D,

W (25 (@ t, k) t,kvxt,k)vA?Ik>

—(DEF — D, (2 (@), 0tk ) TIp (ot — pD, (2 (x))) — vt

_ <Di,k B Dq,(z*(xt’k),vt’k,:ct’k), A?Ik>

1Dy (2% (28, ot 2002

1 3
+ f”HF(Ut,k _ pDv(z*(wt’k),’Ut’k,ZEt’k)) _ Ut7k||2

‘ 2

LAtk
L PYRIRE R Y
+ §||D’zuk _ Dy(Z*(l't’k),Ut’k,l't’k)HQ
1
+ %HHF(U% Dy (2 (@R), v 2Ry — b2

f .
+ S0y = Dy (@"h), 0, 2t 4 *IIA 1?

c+d o (1 1 T A T D
< — ’ ’ s
(5540 (5% 50) ) 1Dt
1 1
H (L (55 57) ) IDE = Dottt ) P

2f
c+d (1 1Y)\ 2L}
<
_< B) +p <26+26>) ¢1;( , L )
1 1
+ (e;f +p? ( + 2f>> DY = Dy (2" (x"F), 08 F, 2B F)[|2

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

4L
— (DEF bR gtky < T; pdy (V"F, ) + 2p|| DEF — D, (2% (2"F), o8 F, 2F) |2

Then, by plugging the last Inequality in Equation (37) and setting o = 3;‘%,

26

( ) Ut,k l't’k),ﬂp(vt’k _ ,ODU(Z*(CL't’k), Ut’k,xt’k) _ ,Ut,k>

we end up with

(38)



«
B2 < (1= FE p) ootk atk) =ttt — ok

LY pg  Aep | 2LFADp
S — 5 D — Dy (2* (2P, vtk gtk |2
+p[ Trerg T T ]' (2"(a"F), 00, 2b R
A,
— DL, Vady (", a)) + T2 DL
1—-47 v ot
< (1= 500) ol oty - 32chn

LG uZ, Ayp  2LFA2p
o\t igLe Lot
16 L5 2 W,

] HDtk Dv(z*(zt’k),vt’k,zt’k)Hz

Ay
v<D;’2vg¢v<vtv @)+ S D

Since p < B, & [ + 16LG} min <A2u’ Z’LG?AW> yields

G t,k |2
%
320G

6o (00t ) < (1 B2 p) 6, (01, at) -

L? Mé tk tky otk tky|2
+3p |:2+16LG:| HD{)’I_Dv(z*(lﬂ/)7")/7/7-%”/)”
G

A
= UDER Vadu (ot 4)) S D

A,k 2
< (1-E20) ol -5 LGpng dl (39)

L? Mé tk t,ky (2

NG
16L¢

LG
+6p[ +
,u

:| HDv(ut’k) o Dv(z*(.%'t’k),vt’k,xt’k)HQ

A,
Y(DLE, Vg, (vF, 2")) +7’V2||Di’k||2 :

Tacking the expectation conditionally to the past iterates yields

2
e Iz
Et,k[¢v(vt,k+17xt,k+1)] S (1 _ ?P> ¢U(Ut’k,mt’k) _ 3256* P]Et,k[”gf,’kHQ] (40)
1

E 1 tk k(12
+6p |5+ Ey x[[[Dy" — Dy (")

el

E ,u%; tky _ w0 tky tk o tky2
+6p 2 + Ei i[||Dy(0"®) — Dy (2* (xP7), v"" x*%)||%]

B kDE), Va0, 1)) + SB[ DSHIP)

From Young inequality, we have for any ¢ > 0
(B [DFM), Vagy (v, 2)) < ¢ HE i [DEM? + ¢l Voo (0F, 2 F) | (41)

Moreover, using the Lipschitz continuity of 2*, of V2,G and V and the fact that v and v* are
bounded, we have

920,000 < 1+ @) || 5 (TG0 @) o) = HTRLGE @hlot (@) @)
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HIV3 PG @), 20 — VH PG (1), 200 ()]
+5(V3nGE" (@) @)l — 5 (Vi G (@), 2)lo" ()" ()]
IV E (G ), )0 — V3 F( (), )0’ 0|
< L ||3(THGE @0l = @) - §(TGLE @)l @)~ v (o)
+LE o~ v* @)

5 TEOE @l - v @) - §ThGE @l @) - @)

>
+|3TteE @l @) - @) + 250 @l
4|3 (V3CG G @), @) — vt (@)
#3606 @ 2l @) - v @) + Lo - @l
G
< L[S ol + I @Dl = v @) + Lo - @]

LS " " *
+ = (ol + " @)Dl = o (@)l + Lz [|v = v* ()]
< (L + ) [LER+ LY o —v*(2)] -
On the other hand, we have by strong convexity
* 2 2
[v—v*(@)[" < —¢u(v,2) .
Ha
As a consequence, we have

||v2¢v (vt’kv xt’k) ||2 < L”(bv (’Ut’k, $t7k)

with [/ = 20t D18 ReLi]”

j2%e’ ’
Plugging Inequalities (41) and (42) into (40) yields

2

e
3200"

G
Er 600, 2] < (1= ESp 4 eLy) 6, (v, 2) — 2280 o, 4 [11)1?)

L¢ e t,k t,ky (2
-%4M%EM4EMWJ—Q@W“

e 1

LY uZ, ik thy otk k2
+6p [;ﬂ* 16LG} e il[|Dy(u"") = Dy (" (25), 0%, 20|

G 1

A
+ LB DL + S EeslI D) -
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The Lipschitz continuity of VZ,G and V;F and the boundedness of v give us
Dy (ut*) = Dy (2% (), 05, 2 F) |2 < ([VHG (N, 2 F)ob* — V1 G2 (aF), a )|
HIVLF (2t ) = V(@) 2 )])

< (LY R+ LT)? |20 — 2* («F)|?
S 2(L§R+ Lf)z(bz(zt,k,zt,k) .
e

As a consequence

Et7k[¢v(vt’k+1,$t’k+1)} < (1 _ Ha

5 PEekl1Gy " 11%] (43)

tk .k
p+ CL”'Y) Py (077, 20") — 32LG

LG t,k t,k\ (12
#6 [E 4 20 B fID5* — Dy (ut)
LG p2 1 2(LYR+ LF)?
6 G 2 1 (2ik gtk
#op [ 20 | AEERELER oo, oty

Ay
+ LB DERI + 2R kIS

From Lemma A.2, we have
k k
E[|Dy* — D, (u*)[P] < 4p” (L§R)* + (L1)?) D B[ DL H1P] + 4p>(LT)* D _E[IG )
r=1 r=1

k
+49° (L§R)* + (L)?) D ElIDL P

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

j2e] e
o < (1= o+ el) o4t — S pBucllG I

v (LERP + (L) (4 )3 ZE (A

o LG 2 k
+ 24p3(LE)? ( 16LG>Z NGE™ 117

=1

G
e (SR 1) (14 555 ) 3 ZE (el

+ ppl*

[L? u } 12(LG R + LE)?
16 LY Jite

Ay
—E[I[E, £ DM + -2 ElIDSH|) -
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Taking ¢ = 76 L/, yields

HG
ot < (1= EEp) ot — 2EG o 1G]

32LG

v (LER+ (L) (S + 16LG> ZE (A

2 k

LG
243LG2 1 t,r—1
#2p (+ gh ) S BlIGL Y

2 G 2 F\2 L? t,r—1
+ 24 ((ISR) +(L1))<2 16LG>ZEIID I?

N {LG i 19(LGR + LFY?
16L? na

k
po.

A

161"
T = VEIIDZH|) -

(el

VQ t,k1)2
;E[II[Et,kDI’ 71+

Combining Equation (21) and Lemma A.2 yields

tkt+l t.k t,k
ot < (1-H80) o) 32ch Ee 1651
G G 2 8L" 2 ‘ 1
+8p (LER)? + [ (ué 16LG)’0 vt } ZE[IID?“ I°]
G\2 2 L” 2 £ t 1
8p(L 3 E[|G,"~
+8p(L) [( g ) G D ElleE Y
8L//’72 Kk
8 2 LGR 2 E Dt,rfl 2
s (CERP + () 3 (5 + 1585 ) 1+ S ] S wlimie
n {Lf #%;G] 12(L§R + LT)* gLk
16 LT na
16L" ~2 A
+ ——LE[|D, (™) + S ENDL) -

pa P 2
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G 2
By assumption, v < C,p with C,, = \/8"]:‘5/ (i—% + lgfc ), therefore
G 1

St < (12 B9 ) gtk - KS g g

32L

ranp? (LERP+ (L) (5 + 16LG> ZE (A

37G\2 Ll ¢ Ek: t 1
—|—32p L g i
( 1) ( 16[G> ” ”

=1

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

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

k
po.

16L" 42 A
+ LE[| Dy (u™)|2] + Z24E[| DL*|1?] .
pa P 2

We get finally

PHG %
G < (1= BEEY Gk — BuupVil + 0B VEE 4 20° B VEF 22 0B Vit

A, N
+ por. LT + 7721E[ 1+ 7ﬁmE[lle(ut’k)H2]

with B, = B = 32 ((L§R)? + (L1)?) (L1 + 16LG), Bow = (LF)? <%+ 15@?)7 3. = 1L

rG
~ 2 G
ok _[r¢ 12(L§ R+LT)?
/61)1) - 32L1G a‘nd aUZ - |: + 16LG:| i%e] .

A.7 Proof of Lemma 3.5
Proof. The smoothness of h (Proposition 2.3) gives us
Lh
(1) < (@) — y(Vh(t4), D) + 422 DLty

Then, we use the identity (a,b) = 3(|lal|> + [|b]|*> — ||a — b]|?) to get

Lh
A1) < hat*) = ZIVAE )2 = ZIDLFI? + 2IVA("*) — D2 442 2| D2
< W) = LIVhE )P = ZIDEE|? 4+ Vh"*) = Da(at*)?
t,k t,k |2 2Lh t,k|12
+ 9 Dau*) = DEM? 2 I DEF|
Then taking the expectation gives and using Proposition 2.5 yields
BT < i — gtk 4 AE[|Vh(a'h) — Dy (a )]
g
+E[| Da(u'*) = DLF|) = (1= L) B[ DEY))
<BR = 2ghE L2 (B[l — @) + B0 — ot (a)]?)

v
+AE[|1Dy (a"*) = DM = 5 (1= L") E[| D" -
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The pg-strong convexity of G( ., x) ensures that ||z—2*(z)|? <

e ¢=(z,2) and [lv — v*(2)[* < Zou(v,2).
As a consequence

- HG

ht,k+1 < ht,k ;/gt k _|_ o (¢tk _|_¢t k) +7E[||D ( t,k’xt,k) _ D;,kHQ]

5 (L= L) E[IDP]

From Lemma A.2, we have

k k
E[||Dy* — Dy (u*)|P] < 4p? (LS R)* + (LT)?) Y ENIDL Y] +4p* (L) Y EIIGH %]
= r=1

r=1
k
+49? (LS R)? + (L)) Y E[IDE )
r=1
AS a consequence

¥ 212
ht,k+1 S ht,k _ §gt,k 4 '7 x ((,btz’k + d)%k)

+4yp” (LY R)* + 2(L{)? iﬂf | DL ] + 4yp (LF)? iE[HGf,HH?]
Z:l r=1
+ 49" (L§R)? +2(L])?) Y EIIDE %) — 3 (1 — L*) B[ D%*|?)
r=1
<hth - Zgt v,ﬁw + O5") + 0% B VEF + 10t B V"
+ 7 B Vi = 3 (1= L) B[ DS* )
with Sz = 4 (L§R)* + 2(L{)?), Bro = 4(LY)? and Sre = 4 (LY R)* + 2(L1)?). =

A.8 Proof of Theorem 1 and Corollary 3.6

The constants involved in Theorem 1 are

1 . 1 Ay UG :l
.= ———, 1 =min|——0m, .
v 1643, v {16@“ 12 v

[ B
P min [\/mq(wzﬁzzwvﬁw 12qﬁw "5n,0 "

. Yopg  [HG Ypg e
- Cz, CU» ]-a ) = ) — )
§ = min { 16127\ 83, 24L27\/ 125,

~ = min 1 A / 1 1 \/ %va wz
7= 12(1(7/)26,21 + z/Jvﬁvz) ’ 12qghx ’ G(Lh + l/}zAz + ¢UAU) ’ GQ(ﬁhv + wzﬂvz) ’ ]-QQﬂhz
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Proof. The proof is a classical Lyapunov analysis. Consider the following Lyapunov function £* =
RtF 4 b + 4h, ¢tk for some positive constants ¢, and 1b,. We use use Lemmas 3.3 to 3.5 to upper
bound LBF — LHFHL,

We have
2
v
LoRT gk < — 59 97 4 (0B + YD) - ; E[|| Dz (u"*)]?] (44)

a2 oL2
+ | —7- ¢z P + Ypzup ¢t s — 7 ZZJUILGP d)i’k

MG “a 16

A, ~
+ (d’z 7102 - d’zp) Vzt’k - wvﬂvvpvq;t7k
(5

7’7 +wz7’72+wv U 2 >V;7k

6th')/ + 'l/)zﬁzzp + wvﬂzvp )Vi’k
Bropy? + 12 B0 + o Bovp’) VEF
Bha¥® + 12 B2072p + Yo Buoap®) VEF

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

+
+
+
+

o~~~

E[[| Do (u"*)[|?) < 2E[[|VA(2"*)[|*] + 2E[| Dy (u"*) = Vh(z"*)|?]
< 29" + 2( (2% = 2* (@ M)II*] + E[flo"* — v*(2"*)]?])

<204 - (cb”“ V)

Summing in (44) for k =0,...,q — 1 yields

v = 7 = P&
['tﬂ - ['t70 S - (2 - 2?/&/3239* - 211[}11/8@:5) th’k (45)
P P/
212 2y\ 9—1 .
+ < - wzip + Pyzpp + 1/&5”7 ) Z ¢i’k
NG P/ 20
212 72\ & ! .
< p + djv vm) Z ¢zﬂvvpz ‘/Zt’k
P k=0 k=0
1 Lh A, !
(%p — v ) Vit (27 +1/)sz2 + 5y - > vk
k=0
q—
+ (thp’y2 + ¢zﬁzzﬂ + 7/}71521)/) Z
o
(/Bhvp'}/ + wzﬁvz’}/ p+ %ﬂvup Z Vt F
k=0
q—1
+ (Bra?® + ©2B2a7’p + YoBuap®) D VIR
k=0
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Since we have

q—1 qg—1 k qg—1qg—1
SVt = 3SRl = Y S ElID )
k=0 k=0r=1 r=1k=r
q—1 q9—
=D (a—nE[IDF ] Z (P2
r=1 k=1
we get
v 08 <«
£ha— o0 < (L _o2p,B, L —2¢,B t.k 46
- 1
+( _'wz P+ hyozyp + 1 B )Zd) bk
P 7=
q
+ (v uiB )z
k=
A ? 1 2 3 3 = t,k
+ 1/)25 - 2/0 +4q (5th'Y + V28220 + Yo Brop ) Z V>
k=0
A =
+ (wv; 2 = uBuup + q (Bropy” + V=BV + o Buup® > > OVEE
k=0
g «
+ (2’7 + U&*’Y + wv 5 + q (5]7.173 + ¢zﬂzr72p + wvﬂvzp72)> th’k :
k=0
Since p < p < min {\/W,\/—J and v < S,/%,we have
2 1
wz 702 - wz 5/) +q (ﬁth’VQ + '(/)zﬁzng + wvﬁzvl)g) <0 . (47)
Moreover, the conditions p < p < min {\/ 65;‘ A/ gl“\‘} and v < 1/%, ensure that
A,
w 2 P - wvﬂvvp +q (Bhvpry + wzﬁvz'y p+ "l)vﬁvvp ) <0. (48)
s — 1 — : 1 1 1
The conditions p <0 < \/ 35, 7, 5y 804 7 <7 < min [\/ T24($:Pra T oBoz)’ \/ 245 ? 6(L7 T0- Ao hs)
yields
Lt v 3 2 2 0 49
7'7 + ¢z77 + 1/)1)77 - 5 +4q (th'y + V. B227p + Vo Bowpy ) <U. ( )
The condition v < £p < min [f%’gzﬂ /S’EG] p ensures
212 = 2
— _%7,04”/,,3 — <0 (50)
e P

2
By definition, we have v, < “=:%4), and by assumptions v < {p < min [gzgg, /12“;”] p. As a

consequence
2

2L e =
$7_¢Z p+¢vazvp+wzﬁzxf <0 . (51)
2
Ha p
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Plugging Inequalities (47) to (51) into Equation (46) gives

q—1

2
rea _ pt0 < - (7 _ 2¢Zﬂzw'7 21/% o ) gt,k )
2 p
k=0
- 7
Since ¢, = 165 and ¥, < GBM and o< £ <1, we get
7
Et,q o Et,() < ! t,k )
———— 4 Zg
Lt+1,0_1t,0 k=0
Summing, telescoping and dividing by T'q gives
1 T—1q—-1 4
= tk < RO0 _ p 0,0 0,0
Tq;kzzog < 7 + 0" + ,6°0)

T0

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:
-1

gt <
0

1 T

T

1

2

ipo .
Tqy

Q

t

Il
=)
b
Il

with Tp = O(1). To get an e-stationary solution, we set 7' > %Foa’l v1i=0 (# % 1). One iteration
has ©(q) = O(n+m) oracle complexity. As a consequence, the sample complexity to get an e-stationary
point is O((n—l—m)%e_l V(n+m)). O

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 € Nyg, £ € [0, +00) and ¢ < 1. We define Q(.;¢,d) : R? — R by
Q(z;¢,d) = f:ﬂ 712+1d21x —x
XS 2 1 2k_1 k+1 k

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) + > ! g({up, -)) verifies the so-called ”zero-chain property” Carmon et al.
[2017b]: if Uz € Span(ug,...,u), then we gain a non zero coordinate by calling the gradient
VIQU x -&d)+37_, g((up, -M)](z). In other words, that makes us progress in the problem
resolution.
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Proposition B.2. Ford € N5g, £ € [0, +00) and { < 1. The following holds:
1. Q(+;¢&,d) is convex and 4-smooth.

2. Letq € Nog, U = [uy,...,uq]" € R such that UU T = I and fork < d, USF) = [uy,... up,0,...

RI¥4. Let g : R — R differentiable such that g’(0) = 0. Then for any x € R such that
Uz =UER g, then

d
V1Q(U x -;§,d)+Zg(<up, ‘)| (z) € Span(uy, ..., uk, ugs1) -
p=1

Proof. Let x € R? such that Uz = UK g For 0>k < d, we denote
RP = {v e R v = -~ =vg = 0} .

Let us write Q(z;¢,d) = 32" Az + b x + ¢ with

1+¢& -1 0 - 0
-1 2 -1 :
A= 0 0 ERdXd y
-1 2 -1
e 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*?,

VQ(v; ¢, d) € R4

As a consequence,
VQUz;€,d) = VQU Nz ¢, d) € RFFLA
ERk-d
and
VIQU x -;¢,d)](z) =U"'VQ(Ux;&,d) € Span(uy, ..., upy1) -
On the other hand,

\%

d d k
> 9({up, ->)] (@) =g (up,2))up =Y g/ ((up, 2))up € Span(ua, ..., uis1) -

p=1 p=1 p=1
Thus
\%

d
QU x -;¢,4d) +Zg(<up, )| (z) € Span(uy, ..., uk, ukt1) -

O

However, the function Q is convex. That is why we also use the function I' introduced in Carmon
et al. [2017a]. As explained in Carmon et al. [2017a], this function is essential to lower bound the
gradient of our worst wase instance.

Definition B.3. Let d € Nyy. We define I'(-;d) : R¥*! — R by
R (e 1
I'(x;d) —1202/ Tl
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An important property of I' shown in [Carmon et al., 2017a, Lemma 2] is the smoothness of the
function T'.

Proposition B.4. There ezists 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 non-convex 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 f,. come from [Carmon et al., 2017a, Lemmas 2, 3, 4]. The first part
provides the regularity properties of f,.. The second part bounds the distance between fy,.(-;a,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 € R has its two last components equal to zero, the norm of the gradient of
fac(+; @, d) is higher than a constant controlled by a. As a consequence, if « is properly chosen, as
soon as Tq = wqy1 = 0, we are ensured that ||V fue(z; a, d)|| > €.

Proposition B.6. For « € [0, 1], it holds
1. —ac =X V2f,. 24+ ac.

2. fuc(0;, d) — infy, foo(z; @, d) < Y2 4 10ad.

Q
”“ oo

3. For x € R such that x4 = x4.1 = 0, ||V fac(x; 0, d)|| >
From now we denote
O(a,b) ={U e R UU" =1,} .

The following Lemma adapted from Zhou and Gu [2019] is fundamental for our lower bound proof.

U
Lemma B.7. Let d,m € Nsg and U € O((d+ 1)m,(d + 1)m). We denote U = with
Um)
UW € O(d+1,(d+1)m). Let {h;}jepm) with hj(x) = foc(UPz;0,d) and b = =37 h;. Let

x € RUFD™ gng y0) = Uz € R, Let T = {j € [m], ¢(i) C(;H = 0}. Then it holds

a%\II
= T6m

IVh(2)]? >
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Proof. We have

IVA@I? = |- 3" Vhy(2)

2

2 « , _ ,
il () - Tr@ r7GNT (4 -
+ 2 E Vfoc(UYV 2 0,d) ' UV (UY))'V fre (U x; , d)

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

IVh(2)|2 > 12 3 H(UU))vanC(U(j)x;a,d)H2
JjET

Y

LS [P
JET

a3 |Z|
16m?2 -

v

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 U9 = (7. W) )T € O(T + 1,(T + 1)m).
For j € [m], we choose F'; : RT+)m+(T+1)m _ R defined by

Fj(z,m) = fnC(U(j)z;mT)

and we set F = %Z;’;l Fj. We also define for i € [n] Gi(z,2) = 3llz—=|?, G = 1Y G,
7*(z) = argmin, G(z,z) and h(z) = F(z*(2),2) = fac(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;(2/8,2/8), Gi(z,z) = \a¢Gi(z/B,x/B). As a consequence, we
have z*(z) = argmin G = z*(x) and h(z) = F(2*(x),x). We also consider a fized indices sequence
(it,jt). We set

m 160me ALY
—min {1, 2}, Ap= 00 B=\BAp/L, Ag =g, T = .
“ mm{ c P pren PV P/ A6 =Fue T60me Y

We can check that each Fj is L] -smooth, and each G; is ug-strongly convex. Assuming e < ALY a/(1760m)
ensures that h(0) — inf, h(x) < A (we can check that h(0) = Aph(0) and inf h = g inf h).

Let us assume without loss of generality that the algorithm at initialization we have 20 = 1% = 2% =0
and consider (2%, v?, 2%) the output of an algorithm with the known sequence (is, j¢ ).

Given our inner function and the fact that VoF(2,2) = 0 for any (z,z) € RUmHDd+0m+1)d e have

2 e Span(2® — 2, ... 2t — ) (52)
vitl e Span(vo + VleO(zo,xO), LS Vi Fj, (2, 2")) (53)
't € Span(v°, ..., v") . (54)

Since v? = 0, we have by Equation (53) v € Span(V1Fj,(2",2°)) and by induction

o' € Span(VyFj, (2%,2°), ..., V1 E;, (24, 2Y)) .
Therefore, using Equation (54), we have

' € Span(VFj, (2%,2°), ..., V1 E;, (2%, 2")) .
Since z° = 0, by Equation (52), 2! € Span(z°) and by induction

21 ¢ Span(a?, ..., 2% .
As a consequence,
z' € Span(V,Fj, (Span(2?),2°),..., V1 F}, (Span((2%)5<), z")) .

Let us denote y() = U@zt. Since 2 = 0, -0 = 0 and by the second part of Proposition B.2,

xl e Span(ugj(’)).

Now we assume that for all s < ¢ we have
z°® € Span(ugjo)7 . ,ugj(’), . ,ugjs_l), . 7ugj571)) .

There exist scalars ay,..., 0, 81,1,62.1,82,2, -, Bt,15-- -, B¢ such that

t T
it = ZaTvlF-r (Z Bmxs,xr>
r=1 s=1
Let X" =>""_, B, s2°. Forr € {1,...,t}, we have by induction hypothesis
X" e Span(u(le), . ,ug,jo), . ,ugjr‘l), e uﬁ,j"*l)) .
By orthogonality, we have
Span(ugjo), - ,ugj"), - ,ugj”’l), e ,u&j“l)) € Span(ugﬂ, e ,ug,fi)l) .

As a consequence _
UUDXT = (W), X7), . (i), X7),0,...,0)
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We can use Proposition B.2 to say

V1 F;, (XT,zT)ESpan(ung),... fnjfrl)CSpan( (]0),...,u(jo),uijf%,...,ugj”,... iﬁ%) )

T

And we get finally

e Span(u(ljo),.. (]0) Eﬂf’l),...,u(ljt) uiﬂf%) .
By induction, for any ¢, we have
x' € Span(uy Go) ., ,ugj"), . ,u(ljt)7 e ,ugj”))

at most mt vectors
and so (4 (4) (4 (4)
o' L Span((ui”, - wg ) jetm\Gowied (W10 U7 1) jeionie}) -

As a consequence, for t < 2T, let T = {j, y(j 4 = ygﬁfl = 0} with y@ = UWzt. Since t < 2T,
we have |Z| < % and by Theorem B.7, we have

IVh(")|| > € .

If we define T'((z)¢, h) = inf{t € N,||[VA(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 < 2T, we have

E[|VA(")|*] > €

where the expectation is taken over the random choice of iy, ..., % 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.

C.1 Influence of the parameter ¢

We solve a regularization selection problem for an ¢?-regularized logistic regression problem. Here,
we assume that we have a regularization parameter per feature. We have niain = 49,990 training
samples (dtrain) yfra‘n)ie[nmm} and 1y, = 91,701 validation samples (d}2!, y;’al)le[mmm} coming from the

IJCNN1? dataset. Mathematically, it boils down to solve Problem (1) with F and G given by

Mval

- Z 90 val dval’ 0>)
1 Ntrain P
G(@,)\) _ — Z s0( tra1n<dtra1n 9 Z kaz
rain ;T k

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

31https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/binary.html
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C.2 Comparison with competitors on the datacleaning task

The datacleaning problem aims to train a multiclass classifier while having some training samples with
noisy labels. On the one hand we have training labelled samples (d{"™", ytrin), .., 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€[nva) Where all the samples are clean. 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

Nval

1 val | va
F(0,)) =~ > eody™, gy
val j=1
1 MNtrain . .
G(O,A) = a(N)(Od;™, yi™) + C, |62
train i—1

where # € RE*P, \ € R™=in_ { is the cross entropy loss and ¢ is the sigmoid function defined by
o(A) = == € (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;,7;:) = (at~%, Bt~°) where
(a,b) are the rate provided by the analysis of each method, « is chosen among 4 values between 1073
and 10° spaced on a logarithmic scale. The scaling parameter 3 is set to g where 7 is chosen among 6
values between 1075 and 10" spaced on a logarithmic scale. The size of the inner loop ¢ is parametrized

as q = aMTm where b = 64 is the batch size and a is chosen in {27123 26 29}

41



	1 Introduction
	2 SRBA: a Near-Optimal Algorithm for Bilevel Empirical Risk Minimization
	2.1 Assumptions
	2.2 Hypergradient Approximation
	2.3 SRBA: Stochastic Recursive Bilevel Algorithm

	3 Theoretical Analysis of SRBA
	3.1 Mean Squared Error of the Estimated Directions
	3.2 Fundamental Lemmas
	3.3 Complexity Analysis of SRBA

	4 Lower Bound for Bilevel ERM
	4.1 Functions and Algorithms Classes
	4.2 Main Theorem

	5 Numerical Experiments
	5.1 Influence of the Period q
	5.2 Comparison of SRBA with Competitors

	6 Conclusion
	A Convergence analysis of SRBA
	A.1 Proof of prop:directionscancels
	A.2 Smoothness constant of h
	A.3 Proof of prop:biasvariancedecomp
	A.4 Technical lemmas
	A.5 Proof of lemma:descentz
	A.6 Proof of lemma:descentv
	A.7 Proof of lemma:descenth
	A.8 Proof of th:cvgrate and cor:samplecomplexity

	B Lower bound for bilevel problems (proof of Theorem 2)
	B.1 Preliminary results
	B.2 Main proof

	C Details on the experiments
	C.1 Influence of the parameter q
	C.2 Comparison with competitors on the datacleaning task


