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ABSTRACT

Federated Bilevel Optimization (FBO) enables training machine learning models
with nested structures across distributed devices while preserving data privacy.
However, current FBO methods often impose restrictive assumptions, particularly
the requirement of strong convexity in the lower-level objective. To overcome this
limitation, we propose a first-order stochastic gradient method for general FBO
problems, leveraging a Moreau envelope-based min-max optimization reformu-
lation to handle potentially non-convex lower-level objectives. Unlike implicit
gradient methods, our approach eliminates the need for second-order derivative
information. We also establish rigorous theoretical guarantees for convergence
rate and communication complexity, demonstrating linear speedup as the number
of devices increases. Numerical experiments validate the effectiveness and effi-
ciency of our method, showing comparable or superior performances in challenging
scenarios, including federated loss function tuning on imbalanced datasets and
federated hyper-representation.

1 INTRODUCTION

Bilevel optimization has gained prominence in machine learning due to its effectiveness in solving
nested structural problems, with applications in areas such as hyperparameter tuning (Franceschi
et al., 2018; Bao et al., 2021; Sinha et al., 2024), meta-learning (Franceschi et al., 2018; Jia & Zhang,
2024), and reinforcement learning (Hu et al., 2024b; Yang et al., 2024). These approaches rely on
access to the entire dataset, raising concerns about privacy leakage. With the growing importance of
data privacy, federated bilevel optimization (FBO) has emerged as a crucial paradigm. FBO enables
collaborative learning on distributed datasets while preserving individual privacy, addressing complex
nested optimization problems such as federated reinforcement learning (Ruan et al., 2024; Yin et al.,
2024).

FBO combines the challenges of bilevel optimization and federated learning, addressing both nested
optimization difficulties and the complexities of distributed learning. Existing algorithms, including
AID-based methods such as Huang et al. (2023); Huang (2022), and ITD-based methods such as
Xiao & Ji (2023), often require strong convexity in the lower-level objective functions to compute
federated hypergradients via the implicit function theorem (Kearns, 1989). The recently proposed
single-loop SimFBO algorithm (Yang et al., 2023), based on SOBA (Dagréou et al., 2022), also
depends on strong convexity at the lower level. These requirements significantly limit the applicability
of current algorithms, as many problems naturally involve non-convex lower-level objectives, such as
in Federated Transfer Learning (Liang et al., 2022; Zhang & Li, 2021).

There have been numerous recent studies addressing the issue of non-strong-convexity in the lower-
level of bilevel optimization (BLO) under the single-machine (non-federated) setting (Liu et al., 2022;
Kwon et al., 2023; Huang, 2023b; Yao et al., 2023; Liu et al., 2024; Kwon et al., 2024). Given these
significant advancements in addressing lower-level non-strong-convexity in BLO, a natural question
arises:

Can we develop a stochastic gradient method for FBO that does not require strong convexity
in the lower-level problem, while reducing computation and communication costs?

1
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To achieve this goal, several challenging issues must be addressed.

Inapplicability of the implicit function theorem. Current approaches to FBO rely heavily on
the implicit function theorem, particularly for computing hypergradients—a key component of the
optimization process. While powerful, the implicit function theorem imposes strict conditions on the
problem structure, most notably the requirement for strong convexity in the lower-level objective.

High computational cost of Hessian-Jacobian computations. Existing FBO algorithms often
require matrix-vector products involving the Hessian or Jacobian matrices of the lower-level objective,
which are computationally expensive. Developing new algorithms that eliminate the need for Hessian
or Jacobian computations is essential for scaling to large-scale applications.

Linear speedup challenges under lower-level non-strong convexity. In federated settings, achieving
linear speedup with respect to the number of devices is critical for fully leveraging distributed
resources. However, it remains unclear whether convergence rates can attain linear speedup in the
absence of strong convexity at the lower level in FBO.

1.1 MAIN CONTRIBUTIONS

To address the aforementioned challenges, inspired by the recent advances of Liu et al. (2024) in
bilevel optimization, we develop a first-order stochastic gradient method, named MeFBO, for feder-
ated bilevel optimization based on a Moreau envelope-based minimax optimization reformulation,
which allows for nonconvexity in the lower-level problem.

• To the best of our knowledge, MeFBO is the first federated bilevel optimization approach
that uses only first-order derivatives while addressing nonconvex lower-level problems.

• We establish rigorous theoretical guarantees for convergence rate and sample complexity,
demonstrating linear speedup with respect to the number of participating clients (sampling
without replacement).

• We validate MeFBO empirically on three federated bilevel learning tasks: federated hyper-
representation, federated loss function tuning on imbalanced datasets, and federated data
hyper-cleaning. The results demonstrate that MeFBO achieves comparable or superior, and
more robust, performance compared to existing FBO approaches.

Table 1: Comparison of MeFBO with closely related FBO approaches. Below, LL-convexity refers
to the convexity condition of the lower-level objective function. LL-Lipschitz continuity denotes
the Lipschitz continuity requirement of the lower-level problem, which involves multiple orders of
information. H-J free indicates that the method does not require Hessian or Jacobian computations.
For simplicity, we exclude methods with momentum-based acceleration or those designed to handle
system-level heterogeneity.

Method LL-convexity LL-Lipschitz
continuity H-J free Partial

participation
Linear

speedup

FedNest (Tarzanagh et al., 2022) strongly convex second-order % % %

FBO-AggITD (Xiao & Ji, 2023) strongly convex second-order % % %

FedBiO (Li et al., 2023) strongly convex second-order % % "

FedMBO (Huang et al., 2023) strongly convex second-order % " "

SimFBO (Yang et al., 2023) strongly convex third-order % " "

MeFBO (ours) non-convex first-order " " "

As this work leverages insights from both Liu et al. (2024) and (Yang et al., 2023), we explain the
differences from the most relevant literature.

Compared to our work, MEHA by Liu et al. (2024) is limited to deterministic settings for non-
federated bilevel optimization. In contrast, even when reduced to the non-federated setting, our
MeFBO is a stochastic algorithm with convergence rate and sample complexity guarantees.
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More importantly, efficiently solving federated bilevel optimization problems is even more challenging
due to the need to preserve privacy and reduce communication costs, which requires a variable number
of local updates on the client side. This adds complexity to both algorithm design and theoretical
analysis compared to non-federated bilevel optimization. For example, local client updates introduce
challenges in setting algorithm hyperparameters (such as client and server learning rates) and in
analyzing communication and sample complexity.

As a result, compared to the analysis in Liu et al. (2024), in the federated learning setting, we must
control the bounds of client drifts and harmonize them with the variance from local stochastic gradient
estimation and errors from client sampling to achieve convergence. Specifically, it is crucial that these
bounds (to be established) explicitly depend on the effects of local update rounds and the number
of participating clients per communication round, as discussed in Section 3.2. This significantly
increases the complexity of the theoretical analysis.

The comparison between SimFBO (Yang et al., 2023) and our work is highlighted in Table 1. The
key difference lies in the starting points of algorithm design. SimFBO is designed and analyzed
from the perspective of hypergradient estimation, relying on the strong convexity assumption and
involving second-order derivatives. In contrast, we leverage insights from Liu et al. (2024) and use
local stochastic gradient estimators.

1.2 RELATED WORK

We provide a concise review of recent works directly related to ours, with a more comprehensive
review presented in Section G.

FedNest (Tarzanagh et al., 2022), one of the earliest FBO methods, is a federated alternating
stochastic gradient method (FedNest) that uses AID-based hypergradient estimation to address
general federated nested problems. Xiao & Ji (2023) introduced an FBO algorithm employing
ITD-based hypergradient estimation, though these approaches do not achieve linear speedup. The
study by Huang et al. (2023), which uses AID-based hypergradient estimation, achieves linear
speedup without requiring full client participation in every communication round. Recent FBO
methods, such as SimFBO (Yang et al., 2023) and FedBiOAcc (Li et al., 2023), draw inspiration
from SOBA (Dagréou et al., 2022). These approaches transform a linear system problem into
a quadratic one, improving computational efficiency within a single-loop algorithmic framework.
Notably, FedBiOAcc incorporates a momentum-based technique. While these algorithms have made
significant progress, they continue to rely on Hessian matrix computations and are constrained by the
requirement for lower-level strong convexity (LLSC).

In addition to the aforementioned works, there is a growing body of research on bilevel optimization
in asynchronous settings, such as those by Jiao et al. (2022) and Li et al. (2024). Furthermore, FBO
has demonstrated promising practical applications, particularly in the fine-tuning of large language
models (LLMs) within federated settings. For instance, Wu et al. (2024) investigates the use of
FBO for local fine-tuning of LLMs. As noted in Table 2 of Wu et al. (2024), these models can be
optimized using either single-level or bilevel approaches. Notably, the bilevel optimization method,
FedBiOT, proposed by Wu et al. (2024), exhibits significant advantages over single-level optimization,
especially in scenarios involving hierarchical problem structures.

2 PROPOSED APPROACH

In this work, we study the federated bilevel optimization defined by:

min
x∈X,y∈Y

F(x, y) :=

n∑
i=1

wifi(x, y) s.t. y ∈ S(x), (1)

where S(x) is the set of optimal solutions for the lower-level program

(Px) min
y∈Y

G(x, y) :=

n∑
i=1

wigi(x, y).

Here X and Y are closed convex sets in Rdx and Rdy , respectively, and n denotes the total number
of clients. For each client i ∈ [n] := 1, 2, . . . , n, the constant wi represents the weight of client
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i, satisfying
∑n
i=1 wi = 1 and βmin

n ≤ wi ≤ βmax

n for all i ∈ [n]. The upper- and lower-level
functions, fi(x, y) := Eξi [fi(x, y; ξi)] and gi(x, y) := Eζi [gi(x, y; ζi)], respectively, are expressed
as expectations with respect to the random variables ξi and ζi.

2.1 MOREAU ENVELOPE-BASED MINIMAX OPTIMIZATION REFORMULATION

The goal of this work is to study first-order stochastic gradient methods for solving problem (1) in
the context of federated learning. To this end, inspired by the recent advance in bilevel optimization
(Gao et al. (2023); Liu et al. (2024)), we first observe that problem (1) as a bilevel optimization can
be reformulated as a constrained problem

min
(x,y)∈X×Y

F(x, y) s.t. G(x, y)− vγ(x, y) ≤ 0, (2)

where vγ(x, y) is the Moreau envelope of G defined as

vγ(x, y) := min
θ∈Y

{
G(x, θ) +

1

2γ
∥θ − y∥2

}
with γ > 0. (3)

Note that G(x, y)− vγ(x, y) ≥ 0 for all (x, y) ∈ X × Y . A direct and effective way to solve the
constrained problem (2) is by addressing its corresponding penalty problem:

min
(x,y)∈X×Y

Υct(x, y) :=
1

ct
F(x, y) +G(x, y)− vγ(x, y), (4)

where ct > 0 is a penalty parameter. Recalling the definition (3) of vγ , we further observe that
problem (4) is equivalent to the following minimax problem:

min
(x,y)∈X×Y

max
θ∈Y

Υct(x, y, θ) :=
1

ct
F(x, y) +G(x, y)−G(x, θ)− 1

2γ
∥θ − y∥2. (5)

We refer to problem (5) as the Moreau envelope-based minimax optimization reformulation of
problem (1). This reformulation enjoys two favorable properties that facilitate simpler and more
efficient implementation in federated bilevel optimization.

(I) When G(x, ·) is weakly convex, namely, G(x, ·) + ρ∥ · ∥2/2 is convex for some positive constant
ρ, then for γ ∈ (0, 1/ρ) the problem (5) is a non-convex-strongly-concave minimax optimization
problem. Consequently, the inner maximizer problem has a unique solution θ∗γ(x, y) for any (x, y).
Moreover, at this time, vγ(x, y) is differentiable and

∇vγ(x, y) =
(
∇1G(x, θ∗γ(x, y)),

(
y − θ∗γ(x, y)

)
/γ
)
, (6)

where ∇1 represent the gradient of a function with respect to its first variable.

(II) The objective function Υct(x, y, θ) of problem (5) exhibits a favorable linear structure with
respect to the upper and lower level objectives F and G. Consequently, within the context of
federated learning, this gives rise to a local model on the client side:

min
x,y

max
θ

Υict(x, y, θ) :=
1

ct
fi(x, y) + gi(x, y)− gi(x, θ)−

1

2γ
∥θ − y∥2. (7)

Note that we intentionally disregard the constraints on x, y and θ on the client side, as the correspond-
ing projection operators can be applied on the server side (see Algorithm 1).

2.2 PROPOSED ALGORITHM

In this section, we introduce our MeFBO algorithm for federated stochastic bilevel optimization,
which supports partial client participation, detailed in Algorithm 1.

On the client side. For each communication round t, a subset C(t) of participating clients is selected
without replacement. Each active client i ∈ C(t) then performs τ -step stochastic gradient descent
ascent (SGDA) on the local model (7) to update the local variables:(

θ
(t,k+1)
i , x

(t,k+1)
i , y

(t,k+1)
i

)
←
(
θ
(t,k)
i − η(t)θ h

(t,k)
i,θ , x

(t,k)
i − η(t)x h

(t,k)
i,x , y

(t,k)
i − η(t)y h

(t,k)
i,y

)
, (8)
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where η(t)θ , η(t)x , η(t)y are local learning rates (step sizes), and

h
(t,k)
θ,i :=∇2gi(x

(t,k)
i , θ

(t,k)
i ; ζ

(t,k)
i ) +

1

γ
(θ

(t,k)
i − y(t,k)i ),

h
(t,k)
y,i :=

1

ct
∇2fi(x

(t,k)
i , y

(t,k)
i ; ξ

(t,k)
i ) +∇2gi(x

(t,k)
i , y

(t,k)
i ; ζ

(t,k)
i )− 1

γ
(y

(t,k)
i − θ(t,k)i ), (9)

h
(t,k)
x,i :=

1

ct
∇1fi(x

(t,k)
i , y

(t,k)
i ; ξ

(t,k)
i ) +∇1gi(x

(t,k)
i , y

(t,k)
i ; ζ

(t,k)
i )−∇1gi(x

(t,k)
i , θ

(t,k)
i ; ζ

(t,k)
i ),

are unbiased estimates of −∇θΥict(x, y, θ), ∇yΥict(x, y, θ), and ∇xΥict(x, y, θ) at
(x

(t,k)
i , y

(t,k)
i , θ

(t,k)
i ), respectively, where ∇2 represent the gradient of a function with re-

spect to its second variable. The output of each client i ∈ C(t) in this stage is the locally averaged
stochastic gradient estimators:

h
(t)
θ,i :=

1

τ

τ−1∑
k=0

h
(t,k)
θ,i , h

(t)
x,i :=

1

τ

τ−1∑
k=0

h
(t,k)
x,i , h

(t)
y,i :=

1

τ

τ−1∑
k=0

h
(t,k)
y,i . (10)

Communication and aggregating gradients. In this stage (communication round t), each client
i ∈ C(t) sends the averaged stochastic gradient estimators in (10) to the server, which aggregates
these local estimators to compute

h
(t)
θ :=

∑
i∈C(t)

w̃ih
(t)
θ,i, h(t)x :=

∑
i∈C(t)

w̃ih
(t)
x,i, h(t)y :=

∑
i∈C(t)

w̃ih
(t)
y,i, (11)

where w̃i := win/|C(t)| is the effective weight of participating client i.

On the server side. Leveraging the aggregated directions h(t)θ , h(t)x , and h(t)y from (11), the server
performs one-step projected gradient descent ascent to update the global variables:(
θ(t+1), x(t+1), y(t+1)

)
= ProjY×X×Y

(
θ(t) − λ(t)θ h

(t)
θ , x(t) − λ(t)x h(t)x , y(t) − λ(t)y h(t)y

)
, (12)

where λ(t)θ , λ(t)x , and λ(t)y are the server-side learning rates.

Algorithm 1 MeFBO

Input: initialization x(0), y(0), and θ(0), communication rounds T , local update rounds τ , client
learning rates {η(t)θ η

(t)
x , η

(t)
y }, server learning rates {λ(t)θ , λ

(t)
x , λ

(t)
y }, penalty parameter ct, and

proximal parameter γ.
for t = 0, 1, 2, ..., T − 1 do

Sample a subset C(t) of participating clients;
For client i ∈ C(t), initialize θ(t,0)i = θ(t), x

(t,0)
i = x(t), y

(t,0)
i = y(t);

for k = 0, 1, 2, ..., τ − 1 do
Locally update θ(t,k)i , x

(t,k)
i , and y(t,k)i simultaneously using Eq.(8);

end for
Client i computes {h(t)θ,i, h

(t)
x,i, h

(t)
y,i} using Eq. (10) and sends the results to the server;

Server aggregates the local estimators to compute {h(t)θ , h
(t)
x , h

(t)
y } using Eq. (11) ;

Server updates the global variables using Eq. (12) .
end for

Remark and other possible algorithmic designs. (1) Since MeFBO uses only stochastic gradient
estimators, it is a first-order stochastic gradient method, making it significantly different from existing
FBO methods. Another notable feature of MeFBO is its ability to handle constraints on both the upper-
and lower-level variables. Additionally, the corresponding projection operators are implemented
exclusively on the server side, enhancing MeFBO’s practicality and efficiency. (2) MeFBO also
offers strong extensibility. For instance, instead of using SGDA as in (9), one could employ other
stochastic gradient estimation techniques (e.g., SAGA, STORM) to develop more advanced federated
stochastic bilevel optimization algorithms. Refer to recent advances in bilevel optimization Dagréou
et al. (2022); Chen et al. (2023); Huang (2023b); Chu et al. (2024).
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3 THEORETICAL INVESTIGATION

3.1 ASSUMPTIONS

We make the following assumptions in the theoretical investigation.

Assumption 3.1. For the upper-level objective, the following conditions hold:

(i) The UL objective F is bounded below, i.e., F := inf
(x,y)∈X×Y

F(x, y) > −∞.

(ii) For each i ∈ [n], fi(x, y) is twice continuously differentiable, and Lf -Lipschitz continuous.
The gradients ∇fi(x, y) is L1-Lipschitz continuous, i.e., fi(x, y) is L1-smooth.

(iii) For each i ∈ [n], ∇fi(x, y; ξi) is an unbiased estimator of ∇fi(x, y). Furthermore, there exists
a constant σf such that E

[
∥∇fi(x, y)−∇fi(x, y; ξi)∥2

]
≤ σ2

f .

Assumption 3.2. For the lower-level objective, the following conditions hold:

(i) For each i ∈ [n], gi(x, y) is twice continuously differentiable, and gi(·, y) is Lg-Lipschitz
continuous for any y, and gi(x, y) is L2-smooth.

(ii) For each i ∈ [n],∇gi(x, y; ζi) is an unbiased estimator of∇gi(x, y), and there exists a constant
σg such that E

[
∥∇gi(x, y)−∇gi(x, y; ζi)∥2

]
≤ σ2

g .

(iii) There exists a constant ∆ such that
∑n
i=1 wi ∥∇ygi(x, y)−∇yG(x, y)∥2 ≤ ∆2.

Assumption 3.1(ii) and Assumption 3.2(i) impose smoothness and Lipschitz continuity conditions.
Notably, we only require the Lipschitz continuity of the first-order derivatives, a key distinction
from other FBO literature, which typically also assumes the Lipschitz continuity of second-order
derivatives. Assumption 3.1(iii) and Assumption 3.2(ii) are standard assumptions for unbiased
gradient estimators and variance bounds in stochastic gradients. In federated learning, Assumption
3.2(iii) is commonly used to bound data heterogeneity. The heterogeneity parameter ∆ represents the
level of data heterogeneity, with ∆ = 0 corresponds to the homogeneous data setting.
Remark 3.3. (1) Assumption 3.2(iii) is used to mitigate the impact of client drifts in y(t) and θ(t) on
the final convergence. It employs a single parameter ∆ to describe the degree of heterogeneity, as
also used in Li et al. (2023, Assumption 3.5). This differs from Yang et al. (2023, Assumption 4),
which uses two parameters. (2) The upper-level objective does not require a similar assumption to
Assumption 3.2(iii) because fi(x, y) is assumed to be Lipschitz continuous with respect to both x
and y in Assumption 3.1(ii).

3.2 CONVERGENCE RESULT AND COMPLEXITY ANALYSIS

In this section, we provide the convergence rate and sample complexity of MeFBO under Assumptions
3.1 and 3.2. For simplicity, we let P := |C(t)| for all t. When the lower-level problem of bilevel
optimization is strongly convex and unconstrained, the hypergradient norm is typically used as a
stationary measure for algorithms. Unfortunately, this measure is not easily extendable to nonconvex
lower-level objectives. Therefore, we introduce local surrogates.

Inspired by Liu et al. (2024), and by leveraging the stationarity condition of problem (4), we introduce
the following stationarity measure for nonconvex federated bilevel optimization:

Rt(x, y) := [dist (0,∇Υct(x, y) +NX×Y (x, y))]
2
. (13)

where NX×Y (x, y) is the normal cone of X × Y at (x, y). Clearly, Rt(x, y) is well-defined when
the hypergradient is. We refer readers to Lemma A.13 in Liu et al. (2024) for a comparison of these
two criteria. Furthermore, Rt(x, y) = 0 if and only if 0 ∈ ∇Υct(x, y) +NX×Y (x, y), i.e., the point
(x, y) is a stationary point of problem (4).

Theorem 3.4 (Fixed step size). Fix the number of communication rounds T , local update rounds τ ,
and the number P of participating clients per communication round. Assume that Assumptions 3.1
and 3.2 hold. Let ct = c(t+ 1)p with c > 0, p ∈ (0, 1/4), and γ ∈ (0, 1

2L2
). Consider fixed server
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and client step sizes

λ
(t)
θ = cλτ

1
4T−1/2, λ(t)x = λ(t)y = cθλ

(t)
θ , η(t)x = η(t)y = η

(t)
θ = cη

1

τ7/8T 1/4
√
P
,

where cλ, cθ, and cη are constants given in Lemma D.8. Then the sequence (x(t), y(t), θ(t)) generated
by Algorithm 1 satisfies

min
0≤t≤T−1

E
[
Rt(x

(t+1), y(t+1))
]
= O

(
1

P

(
1

T 1/2τ1/2
+
τ1/2(n− P )

T 1/2n
+

1

Tτ1/4

))
. (14)

Note that the server step sizes in Theorem 3.4 are constant with respect to the number P of partic-
ipating clients, but the client step sizes scale with P−1/2. The proof of Theorem 3.4 refers to that
of Theorem D.11 in Appendix D.4. A proof sketch is provided in Appendix D.2. Additionally, we
present theoretical results for the decreasing step size in Appendix C.

Several remarks about Theorem 3.4 are as follows: (1) By Theorem 3.4, MeFBO achieves a linear
convergence speedup with respect to the number of participating clients (sampling without replace-
ment); (2) When n = 1 , MeFBO reduces to a first-order stochastic gradient algorithm for nonconvex
bilevel optimization with a convergence rate of O(T−1/2) by setting τ = 1 in Theorem 3.4; (3) In
the case of full client participation (i.e., P = n), Theorem 3.4 suggests that increasing the number τ
of local update steps can help improve the convergence rate. In contrast, for partial client participa-
tion, increasing τ may negatively affect the convergence rate. Theorem 3.4 highlights an important
trade-off in the selection of local update rounds τ . Next, we further analyze the communication and
sample complexity of MeFBO.
Corollary 3.5 (Fixed step size). Under the setting of Theorem 3.4, we have the following results:

(i) In the case of full client participation, setting τ = O(T ), the per-client sample complexity is
τT = O(ϵ−2) and the communication complexity T = O(ϵ−1).

(ii) For partial client participation, setting τ = O(1), the per-client sample complexity is τT =
O(P−2ϵ−2) and the communication complexity T = O(P−2ϵ−2).

For partial client participation, we set τ = O(1) because further increasing τ does not improve
the final convergence rate due to the dominant estimator O(P−1τ1/2T−1/2) in (14). The proof of
Corollary 3.5 is provided in Appendix D.5.

4 NUMERICAL EXPERIMENTS

We evaluate MeFBO on three federated bilevel learning tasks: federated hyper-representation,
federated loss function tuning on imbalanced datasets, and federated data hyper-cleaning. We
compare its performance with other FBO baselines, including SimFBO (Yang et al. (2023)), and
FedNest (Tarzanagh et al. (2022)) and LFedNest (Tarzanagh et al. (2022)). Although the motivation
and theoretical analyses of these algorithms (except for MeFBO) rely on the strong convexity of
the lower-level problem, all of them can be implemented in nonconvex scenarios. Following the
experimental setup in Tarzanagh et al. (2022); Li et al. (2023), we use the MNIST dataset (LeCun
et al. (1998)) with i.i.d., non-i.i.d., and imbalanced data partitioning methods. To ensure the reliability
and stability of our results, all numerical experiments were repeated 10 times, and the reported values
represent the average of these repetitions. Details of all experimental specifications are provided in
Appendix B.

4.1 FEDERATED HYPER-REPRESENTATION LEARNING

In this learning task, the training and validation datasets are distributed among clients. The goal is
to learn a representation and a header on the joint training and validation datasets while preserving
privacy. Following Tarzanagh et al. (2022); Xiao et al. (2023), the problem can be formulated as a
special case of (1), given by

min
x

1

n

n∑
i=1

fce(x, y
∗(x);Dival) s.t. y∗(x) = argmin

y

1

n

n∑
i=1

fce(x, y;Ditr) + rc∥y∥2, (15)
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where x and y are the parameters of the representation layer and the classifier layer, respectively. The
datasets Ditr and Dival are the training and validation sets of client i ∈ [n], respectively. The function
fce is the cross-entropy loss, and rc is the regularization parameter used to ensure the (possible)
strong convexity condition. In previous experiments (Yang et al. (2023); Tarzanagh et al. (2022)), rc
was set to 0.05. We refer to Appendix B.1 for the details on the implementation and only discuss the
key model hyperparameter rc in the main text.

Result with the default setting of rc = 0.05. Table 2 presents the comparison of test accuracy
versus communication rounds in both i.i.d. and non-i.i.d. settings. From these results, we can draw
the following observations: From the perspective of mean and variance, MeFBO outperforms the
other methods in both i.i.d. and non-i.i.d. settings, indicating that MeFBO is more robust.

Table 2: Comparison of the results about test accuracy v.s. communication rounds for hyper-
representation on a 2-layer MLP and MNIST dataset in i.i.d. setiing and non-i.i.d. setting. M-F:
MeFBO(ours); S-F: SimFBO (Yang et al., 2023); L-F:L-FedNest (Tarzanagh et al., 2022); F-N:
FedNest (Tarzanagh et al., 2022).

i.i.d. non-i.i.d.

Alg. 600 1000 1500 600 1000 1500
F-N 88.53 ± 0.26 89.68± 0.17 90.47± 0.16 85.98 ± 1.64 87.67± 0.46 88.38 ± 0.83
L-F 90.16 ± 0.19 90.87 ± 0.14 91.44 ± 0.11 79.81± 3.90 81.83 ± 2.11 83.17 ± 1.89
S-F 96.94 ± 0.23 97.11 ± 0.20 97.30 ± 0.17 95.58 ± 0.64 96.05 ± 0.39 96.26± 0.45
M-F 97.12 ± 0.07 97.54 ± 0.11 97.72 ± 0.10 96.40 ± 0.13 96.85 ± 0.09 97.09 ± 0.06

Robustness to rc. We test the sensitivity of MeFBO and other FBO algorithms to the model
hyperparameter rc. From Figure 1, we observe the following:

• MeFBO is the most robust to the choice of the regularization parameter rc.
• Although the theoretical analyses of SimFBO, LFedNest, and FedNest rely on strong

convexity, they achieve the best accuracy when rc = 0, not at the default setting of
rc = 0.05. This indicates that the regularization technique used to enforce strong convexity
may degrade performance, highlighting the urgent need to design and study FBO algorithms
for non-convex scenarios.

• In repeated experiments with 300 communication rounds, SimFBO (Yang et al. (2023))
achieves the best accuracy when the rc value is not equal to 0.07. For a more intuitive
comparison, please refer to Figure 5.

More comprehensive experimental results are presented in Figures 4 and 5 in appendix A.1.

4.2 FEDERATED LOSS FUNCTION TUNING ON IMBALANCED DATASET

Following the federated setting in Tarzanagh et al. (2022), the goal of this task is to tune a loss
function for learning on an imbalanced MNIST dataset distributed among clients. The specific
formulation and experimental details are provided in Appendix B.2.

Results. Figure 2 illustrates the comparative performance of FBO algorithms in terms of test accuracy
versus communication rounds, employing local round τ = 3 for the i.i.d. setting and local round
τ = 1 for the non-i.i.d. setting. This experimental design serves to showcase the performance of
different algorithms with different local rounds under varying degrees of data heterogeneity.

• It clearly shows that MeFBO achieves a faster convergence rate and higher accuracy under
different local round τ , both in the i.i.d and non-i.i.d. setting.

• As illustrated in Figure 2 (b), in a highly heterogeneous environment, it is evident that
MeFBO demonstrates enhanced robustness as the number of communication rounds in-
creases.

More comprehensive experimental results are presented in Figures 6 and 7 in Appendix A.2. We also
test the sensitivity of MeFBO and the baselines to the regularization parameter rc. The results are
summarized in Figures 8 and 9 in Appendix A.2, indicating that MeFBO is robust to the choice of rc.
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(d) FedNest

Figure 1: Comparison of the results about test accuracy v.s. communication rounds for federated
hyper-representation under varying regularization coefficients rc of lower-level objectives.
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(a) τ = 3 , i.i.d.
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(b) τ = 1, non-i.i.d.

Figure 2: Comparison of the results about test accuracy v.s. communication rounds for federated loss
function tuning on imbalanced dataset.

4.3 FEDERATED DATA HYPER-CLEANING.

In this task, each distributed client is given a noisy training dataset, where the labels are corrupted
by noise at a corruption rate cr, along with a clean validation set. The goal is to learn weights for
the training samples such that a model trained on the weighted training set performs well on the
validation set. The specific formulation and experimental details, which differ slightly from the model
in Li et al. (2023), are provided in Appendix B.3.

Results. In Figure 3, we compare the performance of different methods with cr = 0.7 in i.i.d. setting
and cr = 0.9 in non-i.i.d. settings. This experimental design serves to showcase the performance of
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(a) cr = 0.7, i.i.d.
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(b) cr = 0.7, i.i.d.
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(c) cr = 0.9, non-i.i.d.
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Figure 3: Comparison of the results about test accuracy v.s. communication rounds for federated data
hyper-cleaning.

different algorithms under varying degrees of data heterogeneity and noise levels. The results show
that MeFBO achieves better performance in terms of test accuracy, more comprehensive experimental
results are presented in Figures 10 and 11 in Appendix A.3 .

Since an rc regularization technique is commonly used to enforce strong convexity of the lower-level
problem, we also test the sensitivity of MeFBO and the baselines to the regularization parameter rc.
The results are summarized in Figures 12 and 13 in Appendix A.3, indicating that MeFBO is robust
to the choice of rc.

5 CONCLUSION

This paper investigates federated bilevel optimization problems with non-convex lower-level objec-
tives and introduces MeFBO, a novel, flexible, fully gradient-based algorithm. We provide a rigorous
convergence analysis and complexity analysis for our method with both fixed and decreasing step
sizes. Our results demonstrate that MeFBO achieves linear speedup with respect to the number of
clients in federated bilevel optimization, even in the absence of convexity in the lower-level objectives.
Experiments highlight the advantages of our proposed algorithms, particularly in scenarios involving
non-convex lower-level objectives.
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A SUPPLEMENTARY EXPERIMENTS

A.1 FEDERATED HYPER-REPRESENTATION

Robustness to rc. We illustrate the performance of federated hyper-representation under varying
regularization coefficients rc of lower-level objectives in Figure 4, and compare the convergence
behaviors of our MeFBO, SimFBO, FedNest and LFedNest in hyper-representation under different
regularization settings in Figure 5. From Figure 4, we observe the following:

• SimFBO algorithm shows superior results at rc values of 0, 0.001, 0.005 and 0.01 (as seen
in Figure 5), but it lacks theoretical guarantees and exhibits significant instability at higher
rc values (0.06 and 0.07).

• Our proposed MeFBO algorithm performs comparably to SimFBO in most cases, potentially
offering greater stability at higher rc values.

• Notably, MeFBO demonstrates superior robustness to the choice of the regularization pa-
rameter rc, maintaining consistent performance across a wider range of rc values compared
to other algorithms.
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(d) FedNest

Figure 4: Federated hyper-representation under varying regularization coefficients rc of lower-level
objectives.

A.2 FEDERATED LOSS FUNCTION TUNING ON IMBALANCED DATASET

Result with the default setting of rc = 0. Figures 6 and 7 illustrate the performance of various
algorithms under different local round settings (τ = 1 and τ = 3) in i.i.d. and non-i.i.d. settings. We
can draw the following key observations:

• MeFBO consistently outperforms other algorithms across all metrics (accuracy, robustness,
and efficiency), particularly in heterogeneous environments.
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(a) rc = 0
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(b) rc = 0.001
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(c) rc = 0.005
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(d) rc = 0.01
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(e) rc = 0.06
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(f) rc = 0.07

Figure 5: Comparison among our MeFBO, SimFBO, FedNest and LFedNest in federated hyper-
representation under varying regularization coefficients rc of lower-level objectives.

• Statistical heterogeneity from both non-i.i.d. and imbalanced datasets may have a smaller
impact on fully first-order algorithms like MeFBO.

Robustness to rc. We illustrate the performance of federated loss function tuning on imbalanced
datasets under varying regularization coefficients in Figure 8, and compare the convergence behaviors
of MeFBO, SimFBO, FedNest and LFedNest for federated loss function tuning on imbalanced datasets
across different regularization settings in Figure 9. We can draw the following key observations:

• MeFBO demonstrates superior performance in both test accuracy and loss metrics across
diverse settings, exhibiting enhanced robustness particularly when rc values are high.

• The relative resilience of MeFBO to excessively large rc values highlights its robustness in
extreme regularization conditions. This characteristic reinforces potential of MeFB0 as a pre-
ferred method for challenging data hyper-cleaning tasks in federated settings, outperforming
other algorithms in both i.i.d. and non-i.i.d. environments.

A.3 FEDERATED DATA HYPER-CLEANING

Result with the default setting of rc = 0. Figures 6 and 7 illustrate the performance of various
algorithms under label corruption rate cr (cr = 0.7 and cr = 0.9) in i.i.d. and non-i.i.d. settings.
These figures demonstrate that our proposed algorithm, MeFBO, outperforms other methods in both
i.i.d. and non-i.i.d. settings, achieving superior results within the same number of communication
rounds or time frame.

Robustness to rc. We illustrate the performance of federated data hyper-cleaning under varying
regularization coefficients in Figure 12, and compare the convergence behaviors of MeFBO, SimFBO,
FedNest and LFedNest for federated loss function tuning on imbalanced datasets across different
regularization settings in Figure 13. We can draw the following key observations:

• MeFBO demonstrates superior performance in both test accuracy and loss metrics across
diverse settings, exhibiting enhanced robustness particularly when rc values are high. This
consistent superiority underscores the efficacy and stability of MeFBO in various federated
learning scenarios.
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(d) non-i.i.d.

Figure 6: Federated loss function tuning on imbalanced dataset with local update round τ = 1.

• The relative resilience of MeFBO to excessively large rc values highlights its robustness in
extreme regularization conditions. This characteristic reinforces MeFBO’s potential as a pre-
ferred method for challenging data hyper-cleaning tasks in federated settings, outperforming
other algorithms in both i.i.d. and non-i.i.d. environments.

B DETAILS OF EXPERIMENTS

In this section, we present the specific configurations used in the experiments outlined in Section
4. For the federated bilevel learning experiments, we designate the number of workers as n =
100, and each local network is structured as a 2 or 3-layer multilayer perceptron with a hidden
dimension of 200 on a MNIST dataset. The hyperparameters are determined through a grid search,
taking into account both the convergence speed and algorithm stability, and we provide a detailed
report of these settings. For the baseline methods FedNest and LFedNest, we use their published
codes in https://github.com/ucr-optml/FedNest. For SimFBO in federated hyper-
representation, we use the source codes sent from the authors. The experiments were performed
utilizing Python 3.7 on a computer equipped with an Intel(R) Xeon(R) Gold 5218R CPU @ 2.10GHz
and an NVIDIA A100 GPU boasting 40GB of memory.

B.1 FEDERATED HYPER-REPRESENTATION

In this section, we apply the MeFBO algorithm in Algorithm 1 to the task of federated hyper-
representation learning with a 2-layer MLP on MNIST Dataset with i.i.d. distribution and non-
i.i.d. distribution. The classic machine learning approach jointly learns a data representation and
downstream header on the training dataset. In contrast, bilevel representation learning Tarzanagh
et al. (2022) seeks to learn the data representation on the validation set while learning the header
on the training set. This bilevel representation learning procedure can be formulated as a bilevel
optimization problem. In a federated representation learning scenario involving n = 100 clients, the
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Figure 7: Federated loss function tuning on imbalanced dataset with local update round τ = 3, (a),
(b), (c), (d) : test accuracy vs. communication rounds.

validation and training datasets are distributed across these clients. The objective is to concurrently
learn a representation and header on the combined validation and training dataset, all while ensuring
the privacy of the data. Refer to Xiao et al. (2023) ,the problem can be formulated as :

min
x∈X

1

n

n∑
i=1

fce(x, y
∗(x);Dival)

s.t. y∗(x) = argmin
y∈Y

1

n

n∑
i=1

fce(x, y;Ditr) + rc∥y∥2,
(16)

where x is the parameters of the representation layer; y is the parameter of the classifier layer; Ditr
and Dival are, respectively, the training and validation set of client i. The cross-entropy loss fce is
defined as

fce(x, y;D) := −
1

|D|
∑
dn∈D

log
exp (hlm(x, y; dm))∑C
c=1 exp (hc(x, y; dm))

,

where C is the number of classes, dm is the m-th data from class in dataset D and h(x, y; dm) =
[h1(x, y; dm), ..., hC(x, y; dm)]⊤ ∈ RC is the output of the model with parameter (x, y) and input
dm. In Table 2, we employ a regularization coefficient (rc) value of 0.05. For the analysis presented
in Figures 4 and 5, we utilize a range of rc values: 0, 0.001, 0.005, 0.01, 0.05, 0.06, and 0.07.

Hyperparameters. For all methods, 10 clients from 100 clients are chosen randomly and participate
in each communication, all algorithms are implemented with a batch size of 64. For our method
MeFBO and SimFBO, we take the number of local updates,τi, for each client i to be 1, a(t,k)i to be 1,
and p̃i to be 0.1.For our method , MeFBO, the ck = 2.7(k + 1)0.001 and γ = 0.015, local step sizes
[η

(t)
x , η

(t)
y , η

(t)
θ ] and [λ

(t)
x , λ

(t)
y , λ

(t)
θ ] are both [0.1, 0.1, 0.07]. For SimFBO: local step sizes [ηx, ηy, ηv]

and [γx, γy, γv] are both [0.2, 0.1, 0.05]. FedNest and LFedNest: we take the inner step size and outer
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(c) LFedNest
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Figure 8: Federated loss function tuning on imbalanced dataset under varying regularization coeffi-
cients rc of lower-level objectives in i.i.d. setting.

step size, α = 0.01, β = 0.02. For the regularization coefficient case, we set ck = 2.7(k + 1)0.001

and γ = 0.015 as fixed values for our MeFBO algorithm across various rc values, as we observed
their impact to be negligible. The step sizes are provided in Table 3.

MeFBO SimFBO LFedNest FedNest
rc = 0 [0.1, 0.09, 0.05] [0.2, 0.09, 0.04] [0.015, 0.025] [0.015, 0.025]
rc = 0.001 [0.1, 0.09, 0.05] [0.2, 0.09, 0.04] [0.015, 0.025] [0.015, 0.025]
rc = 0.005 [0.1, 0.09, 0.05] [0.2, 0.1, 0.04] [0.015, 0.025] [0.015, 0.025]
rc = 0.01 [0.12, 0.09, 0.05] [0.2, 0.09, 0.05] [0.01, 0.02] [0.01, 0.02]
rc = 0.05 [0.1, 0.1, 0.07] [0.2, 0.1, 0.05] [0.01, 0.02] [0.01, 0.02]
rc = 0.06 [0.12, 0.12, 0.07] [0.2, 0.12, 0.06] [0.01, 0.015] [0.01, 0.015]
rc = 0.07 [0.13, 0.12, 0.07] [0.2, 0.12, 0.06] [0.01, 0.015] [0.01, 0.015]

Table 3: Values for the step sizes of federated hyper-representation under various rc. For MeFBO,
the values in the table represent [η(t)x /λ

(t)
x , η

(t)
y /λ

(t)
y , η

(t)
θ /λ

(t)
θ ]; for SimFBO, the values indicate

[ηx/γx, ηy/γy, ηv/γv]. In the cases of LFedNest and FedNest, the table provides the inner and outer
step sizes, denoted as [α, β].

B.2 FEDERATED LOSS FUNCTION TUNING ON IMBALANCED DATASET

In this section, we apply the MeFBO algorithm in Algorithm 1 to the task of federated loss function
tuning on imbalanced dataset with a 3-layer MLP on MNIST Dataset with i.i.d. distribution and
non-i.i.d. distribution. The goal is to learn a model that ensures both fairness and generalization on
datasets with under-represented classesLi et al. (2021a). In the upper-level (UL), the loss-tuning
parameters are optimized to improve generalization and fairness. In the lower-level (LL), the model
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(c) rc = 0.01
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(d) rc = 0.05
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(e) rc = 0.06
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(f) rc = 0.07

Figure 9: Comparison among our MeFBO, SimFBO, FedNest and LFedNest in federated loss function
tuning on imbalanced dataset under varying regularization coefficients rc of lower-level objectives.

parameters are trained on a potentially imbalanced dataset. The problem can be formulated as :

min
x∈X

1

n

n∑
i=1

fupvs (y
∗
i (x);Dival) (17)

s.t. y∗(x) = argmin
y∈Y

1

n

n∑
i=1

f lowvs (x, yi;Ditr) + rc∥y∥2. (18)

where the number of clients is n = 100, x is the loss-tuning parameters and y is the parameter
of the neural network. Here Dival and Ditr are respectively the training and validation set of client
i. The numbers of data of different classes are imbalanced in the training data-set {Ditr}ni=1. The
vector-scaling loss f lowvs is defined as

f lowvs (x, y;D) := − 1

|D|
∑
dm∈D

ωlm log
exp (δlmhlm(y; dm) + τlm)∑C
c=1 exp (δchc(y; dm) + τc)

, (19)

where M is the data set size, C is the number of classes, dm is the m-th data with label class ln in
dataset D and h(y; dn) = [h1(y; dn), ..., hC(y; dn)]

⊤ ∈ RC is the logit output of the neural network
with parameter y and input dm. Define x = (ω, δ, τ) where ω := [ω1, ..., ωC ]

T ∈ RC and δ, τ can
be defined similarly. The upper-level loss fupvs is a special case of f lowvs with δ = 1, τ = 0 and ω is a
fixed class weight vector for the validation dataset. In Figures 6 and 7, we employ a regularization
coefficient (rc) value of 0. For the analysis presented in Figures 8 and 9, we utilize a range of rc
values: 0, 0.001, 0.005, 0.01, 0.05, 0.06, and 0.07.

Hyperparameters. For all methods, 10 clients from 100 clients are chosen randomly and participate
in each communication. For our method MeFBO and SimFBO, we take the number of local
updates τ = 1 and 3, and wi to be 0.1. In the case of τ = 1, for our method, MeFBO, the
ck = 4(t + 1)0.1 and γ = 0.015, local step sizes [η

(t)
x , η

(t)
y , η

(t)
θ ] and [λ

(t)
x , λ

(t)
y , λ

(t)
θ ] are both

[0.1, 0.06, 0.01]. For SimFBO: local step sizes [ηx, ηy, ηv] and [γx, γy, γv] are both [0.08, 0.05, 0.01].
FedNest and LFedNest: we take the best inner step size and outer step size, α = 0.02, β = 0.03.
In the case of τ = 3, for our method, MeFBO, the ck = 4(t + 1)0.1 and γ = 0.015, local step
sizes [η

(t)
x , η

(t)
y , η

(t)
θ ] and [λ

(t)
x , λ

(t)
y , λ

(t)
θ ] are both [0.1, 0.06, 0.01]. For SimFBO: local step sizes

[ηy, ηv, ηx] and [γy, γv, ηx] are both [0.25, 0.15, 0.03] in i.i.d. setting and local step sizes [ηx, ηy, ηv]

21



1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
1171
1172
1173
1174
1175
1176
1177
1178
1179
1180
1181
1182
1183
1184
1185
1186
1187

Under review as a conference paper at ICLR 2025

0 100 200 300 400 500

Communication Rounds
50

55

60

65

70

75

80

85

90

95

100

Te
st

 A
cc

ur
ac

y

MeFBO
SimFBO
LFedNest
FedNest

(a) i.i.d.

0 100 200 300 400 500
Communication Rounds

50

55

60

65

70

75

80

85

90

95

100

Te
st

 A
cc

ur
ac

y

FedMEHA
SimFBO
LFedNest
FedNest

(b) non-i.i.d.

0 200 400 600 800 1000 1200 1400

Time(s)
50

55

60

65

70

75

80

85

90

95

100

Te
st

 A
cc

ur
ac

y

MeFBO
SimFBO
LFedNest
FedNest

(c) i.i.d.

0 200 400 600 800 1000
Time(s)

50

55

60

65

70

75

80

85

90

95

100

Te
st

 A
cc

ur
ac

y

FedMEHA
SimFBO
LFedNest
FedNest

(d) non-i.i.d.

Figure 10: Federated data hyper-cleaning with a label corruption rate of cr = 0.7.

and [γx, γy, γv] are both [0.1, 0.08, 0.015] in non-i.i.d. setting . FedNest and LFedNest: we take the
inner step size and outer step size α = 0.01, β = 0.02. For the regularization coefficient case, we set
ck = 4(t+ 1)0.1 and γ = 0.015 as fixed values for our MeFBO algorithm across various rc values,
as we observed their impact to be negligible. The step sizes are provided in Table 4:

MeFBO SimFBO LFedNest FedNest
rc = 0 [0.1, 0.06, 0.01] [0.25, 0.15, 0.03] [0.01, 0.025] [0.01, 0.02]
rc = 0.001 [0.1, 0.05, 0.01] [0.25, 0.15, 0.03] [0.01, 0.025] [0.01, 0.02]
rc = 0.005 [0.12, 0.05, 0.01] [0.26, 0.15, 0.03] [0.015, 0.02] [0.015, 0.02]
rc = 0.01 [0.12, 0.05, 0.01] [0.27, 0.16, 0.03] [0.015, 0.02] [0.015, 0.02]
rc = 0.05 [0.15, 0.06, 0.015] [0.26, 0.15, 0.04] [0.015, 0.025] [0.015, 0.025]
rc = 0.06 [0.15, 0.07, 0.015] [0.27, 0.16, 0.04] [0.015, 0.025] [0.015, 0.025]
rc = 0.07 [0.15, 0.07, 0.015] [0.27, 0.15, 0.05] [0.015, 0.025] [0.015, 0.025]

Table 4: Values for the step sizes of federated loss function tuning on imbalanced dataset under
various rc with τ = 3. For MeFBO, the values in the table represent [η(t)x /λ

(t)
x , η

(t)
y /λ

(t)
y , η

(t)
θ /λ

(t)
θ ];

for SimFBO, the values indicate [ηx/γx, ηy/γy, ηv/γv]. In the case of LFedNest and FedNest, the
table provides the inner and outer step sizes, denoted as [α, β].

B.3 FEDERATED DATA HYPER-CLEANING

In this section, we apply the MeFBO algorithm (Algorithm 1) to the data hyper-cleaning task using
a 2-layer MLP on the MNIST dataset with both i.i.d. and non-i.i.d. distributions. Following the
approach in Tarzanagh et al. (2022), we partition the MNIST dataset into training, validation, and test
sets using both i.i.d. and non-i.i.d. methods. Inspired by the work of Li et al. (2023), to mitigate issues
of data quality and heterogeneity in federated learning settings, a promising approach is federated
data hyper-cleaning. This technique can be formulated as a federated bilevel optimization (FBO)
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Figure 11: Federated data hyper-cleaning with a label corruption rate of cr = 0.9.

problem, where the upper-level objective aims to learn a globally optimal data cleaning policy, while
the lower-level objectives correspond to the individual client objectives after applying the learned
cleaning policy to their local datasets. Notably, the lower-level functions in this formulation exhibit
non-convexity, rendering the overall problem setting more challenging than the strongly convex case.
In this experiment, we are presented with a noisy training dataset whose labels are corrupted by noise
with a corruption rate cr, along with a clean validation set. Our objective is to determine optimal
weights for the training samples such that a model learned over the weighted training set exhibits
superior performance on the validation set. The problem can be formulated as :

min
ψ,w

F (ψ,w) =

N∑
i=1

1

|Dival|
∑

(xj ,yj)∈Di
val

L
(
h(x⊤

j ;w), yj
)

s.t. w = argmin
w′

f(ψ,w′) =

N∑
i=1

1

|Ditr|
∑

(xj ,yj)∈Di
tr

σ(ψj)L
(
h(x⊤

j ;w
′), yj

)
+ rc∥w′∥2,

(20)

where Di
tr and Di

val denote the training and validation datasets on ith client, respectively. (xj , yj)
denote the jth data and label. σ(·) is the Sigmoid function, L is the cross-entropy loss, N is the
number of workers in the federated system. In Figures 10 and 11, we employ a regularization
coefficient (rc) value of 0. For the analysis presented in Figures 12 and 13, we utilize a range of rc
values: 0, 0.001, 0.005, 0.01, 0.05, 0.06, and 0.07.

Hyperparameters. For all methods, 10 clients from 100 clients are chosen randomly and par-
ticipate in each communication, all algorithms are implemented with a batch size of 10. For our
method MeFBO and SimFBO, we take the number of local updates τ = 1, and wi to be 0.1. For
our method, MeFBO, the ck = 2(t + 1)0.01 and γ = 0.05, local step sizes [η

(t)
x , η

(t)
y , η

(t)
θ ] and

[λ
(t)
x , λ

(t)
y , λ

(t)
θ ] are both [0.1, 0.05, 0.03]. For SimFBO: local step sizes [ηx, ηy, ηv] and [γx, γy, ηv]

are both [0.08, 0.06, 0.03]. FedNest and LFedNest: we take the inner step size and outer step size,
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Figure 12: Federated data hyper-cleaning with a label corruption rate of cr = 0.9 under varying
regularization coefficients rc of lower-level objectives.

α = 0.1, β = 0.2. For the regularization coefficient case, we set ck = 2(t+ 1)0.01 and γ = 0.05 as
fixed values for our MeFBO algorithm across various rc values, as we observed their impact to be
negligible. The step sizes are provided in table 5.

MeFBO SimFBO LFedNest FedNest
rc = 0 [0.12, 0.07, 0.03] [0.1, 0.06, 0.03] [0.1, 0.2] [0.1, 0.2]
rc = 0.001 [0.12, 0.07, 0.03] [0.1, 0.07, 0.02] [0.1, 0.2] [0.1, 0.2]
rc = 0.005 [0.1, 0.07, 0.02] [0.1, 0.07, 0.03] [0.2, 0.1] [0.2, 0.1]
rc = 0.01 [0.1, 0.06, 0.02] [0.1, 0.06, 0.02] [0.1, 0.1] [0.1, 0.1]
rc = 0.05 [0.1, 0.06, 0.02] [0.05, 0.03, 0.01] [0.1, 0.05] [0.1, 0.05]
rc = 0.06 [0.1, 0.05, 0.02] [0.04, 0.03, 0.01] [0.1, 0.05] [0.1, 0.05]
rc = 0.07 [0.1, 0.05, 0.02] [0.04, 0.03, 0.01] [0.1, 0.05] [0.1, 0.05]

Table 5: Values for the step sizes of federated data hyper-cleaning under various rc. For MeFBO,
the values in the table represent [η(t)x /λ

(t)
x , η

(t)
y /λ

(t)
y , η

(t)
θ /λ

(t)
θ ]; for SimFBO, the values indicate

[ηx/γx, ηy/γy, ηv/γv]. In the case of LFedNest and FedNest, the table provides the inner and outer
step sizes, denoted as [α, β].

C SUPPLEMENTARY THEORETICAL RESULTS

In Theorem 3.4, we have presented the convergence results for an algorithm with a fixed step size.
Below, we provide the convergence results for an algorithm with decreasing step sizes.
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Figure 13: Comparison among our MeFBO, SimFBO, FedNest and LFedNest in federated data
hyper-cleaning with a label corruption rate of cr = 0.9 under varying regularization coefficients rc
of lower-level objectives.

Theorem C.1 (Decreasing step size). Under Assumptions 3.1 and 3.2, we take ct = c(t+ 1)p with
c > 0 and γ ∈ (0, 1

2L2
). Let the decreasing step sizes

λ
(t)
θ = cλτ

1
4 (t+ 1)−q,

1

2
< q < 1, 0 < p <

1− q
2

, λ(t)x = λ(t)y = cθλ
(t)
θ ,

η
(t)
θ = η(t)x = η(t)y = cη

1

τ7/8
√
P
(t+ 1)−1/4,

satisfying the conditions in Lemma D.8, then the sequence of (x(t), y(t), θ(t)) generated by Algorithm
1 satisfies

min
0≤t≤T−1

E
[
Rt(x

(t+1), y(t+1))
]
= O

(
1

P

(
1

T 1−qτ1/2
+
τ1/2(n− P )
T 1−qn

+
1

T 3/2−qτ1/4

))
, (21)

where cθ, cλ, and cη are positive constants.

The proof of Theorem C.1 is presented in Theorem D.11 in Appendix D.4. And there are several
remarks about Theorem C.1.

Decreasing step sizes. In contrast to fixed step sizes, the selection of decreasing step sizes can be
independent of T. Moreover, the decay rate q of these step sizes influences the convergence rate: a
larger q results in slower convergence.

Complexity analysis. The introduction of q increases the difficulty of analyzing sample complexities
or communication complexities. Yet, an appropriate trade-off in its selection can optimize both
convergence rate and these complexities.

D PROOFS

D.1 NOTATIONS

For notational convenience, we define

F(x, y) :=

n∑
i=1

wifi(x, y), G(x, y) :=

n∑
i=1

wigi(x, y), (22)

25



1350
1351
1352
1353
1354
1355
1356
1357
1358
1359
1360
1361
1362
1363
1364
1365
1366
1367
1368
1369
1370
1371
1372
1373
1374
1375
1376
1377
1378
1379
1380
1381
1382
1383
1384
1385
1386
1387
1388
1389
1390
1391
1392
1393
1394
1395
1396
1397
1398
1399
1400
1401
1402
1403

Under review as a conference paper at ICLR 2025

where X and Y are closed convex sets in Rdx and Rdy , n is the total number of clients, the upper-
and lower-functions fi(x, y) = Eξ[fi(x, y; ξi)] and gi(x, y) = Eζ

[
gi(x, y; ζi)

]
for each client i take

the expectation forms w.r.t. the random variables ξi and ζi, and are jointly continuously differentiable.

min
x∈X,y∈Y

F(x, y) :=

n∑
i=1

wifi(x, y)

s.t. y ∈ S(x),

where S(x) is the set of optimal solutions for the lower-level program:

min
y∈Y

G(x, y) =

n∑
i=1

wigi(x, y).

Similarly, we define

θ∗γ(x, y) = argminθ∈Y vγ(x, y),

where

vγ(x, y) := inf
θ∈Y

{
G(x, θ) +

1

2γ
∥θ − y∥2

}
. (23)

Specifically, in each communication round t, each active client i updates the three variables θ, x, y
simultaneously during the k-th local iteration asθ

(t,k+1)
i

x
(t,k+1)
i

y
(t,k+1)
i

←
θ

(t,k)
i

x
(t,k)
i

y
(t,k)
i

−
η

(t)
θ h

(t,k)
θ,i

η
(t)
y h

(t,k)
y,i

η
(t)
x h

(t,k)
x,i ,

 (24)

where

h
(t,k)
θ,i = ∇ygi(x(t,k)i , θ

(t,k)
i ; ζ

(t,k)
i ) +

1

γ
(θ

(t,k)
i − y(t,k)i ),

h
(t,k)
x,i =

1

ct
∇xfi(x(t,k)i , y

(t,k)
i ; ξ

(t,k)
i ) +∇xgi(x(t,k)i , y

(t,k)
i ; ζ

(t,k)
i )−∇xgi(x(t,k)i , θ

(t,k)
i ; ζ

(t,k)
i ),

h
(t,k)
y,i =

1

ct
∇yfi(x(t,k)i , y

(t,k)
i ) +∇ygi(x(t,k)i , y

(t,k)
i )− 1

γ
(y

(t,k)
i − θ(t,k)i ),

(25)
where η(t)θ , η

(t)
x , η

(t)
y correspond to the local step sizes. Subsequently, we aggregate the “local gradient”

of all nodes participating in the updates during round t:

h
(t)
θ =

n

|C(t)|
∑
i∈C(t)

wih
(t)
θ,i =

n

|C(t)|

n∑
i∈C(t)

wi
1

τ

τ−1∑
k=0

h
(t,k)
θ,i ,

h(t)x =
n

|C(t)|
∑
i∈C(t)

wih
(t)
x,i =

n

|C(t)|
∑
i∈C(t)

wi
1

τ

τ−1∑
k=0

h
(t,k)
x,i ,

h(t)y =
n

|C(t)|
∑
i∈C(t)

wih
(t)
y,i︸ ︷︷ ︸

Server aggregation

=
n

|C(t)|
∑
i∈C(t)

wi
1

τ

τ−1∑
k=0

h
(t,k)
y,i︸ ︷︷ ︸

Local gradients

,

(26)

C(t) means the set of participating clients in communication round t. We set βmin

n ≤ wi ≤ βmax

n
for all i = 1, 2, ...n. For notational convenience, we set w̃i := n

|C(t)|wi And server updates

θ(t+1), x(t+1), y(t+1) as
θ(t+1) = Projθ

(
θ(t) − λ(t)θ h

(t)
θ

)
,

x(t+1) = ProjX

(
x(t) − λ(t)x h(t)x

)
,

y(t+1) = ProjY

(
y(t) − λ(t)y h(t)y

)
.

(27)
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Then we assume h̃tθ = E[h(t)θ ], h̃tx = E[h(t)x ], h̃ty = E[h(t)y ], where h̃tθ, h̃
t
x, h̃

t
y are defined in

h̃tθ :=

n∑
i=0

wi

[
h̃tθ,i :=

1

τ

τ−1∑
k=0

[
h̃
(t,k)
θ,i := E[h(t,k)θ,i ]

]]
,

h̃tx :=

n∑
i=0

wi

[
h̃tx,i :=

1

τ

τ−1∑
k=0

[
h̃
(t,k)
x,i := E[h(t,k)x,i ]

]]
,

h̃ty :=

n∑
i=0

wi

[
h̃ty,i :=

1

τ

τ−1∑
k=0

[
h̃
(t,k)
y,i := E[h(t,k)y,i ]

]]
.

(28)

Next, we define the drifts for variables x, y, and θ across clients:

∆(t)
x :=

n∑
i=1

wi
1

τ

τ−1∑
k=0

E|x(t,k)i − x(t)|2

∆(t)
y :=

n∑
i=1

wi
1

τ

τ−1∑
k=0

E|y(t,k)i − y(t)|2 (29)

∆
(t)
θ :=

n∑
i=1

wi
1

τ

τ−1∑
k=0

E|θ(t,k)i − θ(t)|2

D.2 A UNIFIED PROOF SKETCH OF THEOREMS 3.4 AND C.1

In Section 3, Theorems 3.4 and C.1 confirm that the MeFBO algorithm is not only straightforward to
implement but also guaranteed to converge theoretically. This section provides a detailed convergence
analysis of the proposed federated bilevel optimization algorithm. The analysis involves two main
steps: first, deriving an upper bound for the residual function, and second, obtaining precise bounds
for the client drift terms. By employing Lyapunov function analysis and selecting step sizes carefully,
we establish rigorous theoretical guarantees for the convergence behavior of Algorithm 1.

Step 1. Upper bound of residual function Rt(x(t), y(t)) with step size dependencies.
By leveraging Assumptions 3.1 (ii), (iii), and 3.2, along with the L-smoothness properties of Φct
(established in Lemma D.4), and setting the step sizes as η(t)x = η

(t)
y = η

(t)
θ and λ(t)x = λ

(t)
y = cλλ

(t)
θ ,

where cλ is a positive constant, we derive the following inequality for Rt(x(t), y(t)):

Rt(x
(t+1), y(t+1))

≤ 1

λ
(t)
θ

(
O
( 1

λ
(t)
θ

)
∥x(t+1) − x(t)∥2 +O

( 1

λ
(t)
θ

)
∥y(t+1) − y(t)∥2 +O

(
λ
(t)
θ

)∥∥θ(t) − θ∗γ(x(t), y(t))∥∥2︸ ︷︷ ︸
S

(t)
p

)

+O
(
λ
(t)
θ τη

(t)
θ

2)
, (30)

where τ represents the number of local update rounds. Step 1 demonstrates that Rt(x(t+1), y(t+1)) is

bounded by the terms λ(t)θ
2
τη

(t)
θ

2
and S(t)

p , where S(t)
p consists of three distinct components: the

distances between consecutive iterations of x and y, and the gap between the global iterate θ(t) and
its corresponding optimal point θ∗γ(x

(t), y(t)). Moreover, by selecting either a suitable fixed step
size or a well-designed decaying step size sequence, we establish the convergence of Rt(x(t), y(t)),
provided that S(t)

p in (30) is appropriately bounded.

Step 2. Bounding S(t)
p in (30) via Lyapunov function analysis.

To demonstrate the descent of S(t)
p in (30), we introduce an appropriate Lyapunov function:

Ψct(x
(t), y(t)) := Φct(x

(t), y(t)) +KE∥θ(t) − θ∗γ(x(t), y(t))∥2, (31)
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where K := 1
2Lθ

√
L2
2 +

3
γ2 , Lθ is a positive constant provided in Lemma D.3, and Φct is defined as:

Φct(x, y) :=
1

ct

(
F(x, y)− F

)
+G(x, y)− vγ(x, y), (x, y) ∈ X × Y, (32)

which ensures the non-negativity of Ψct(·, ·). When the step sizes satisfy the conditions in Lemma
D.8, bounds for S(t)

p in (30) can be established, leading to:

S(t)
p ≤ Ψct(x

(t), y(t))−Ψct+1
(x(t+1), y(t+1)) + ϵ

(t)
sto + ϵ

(t)
dh + ϵ

(t)
cd , (33)

where ϵ(t)sto , ϵ(t)dh , and ϵ(t)cd are defined in Equation (85), corresponding to the variance in stochastic
estimation, data heterogeneity, and client drifts, respectively. The inequality above leverages the
difference in the Lyapunov function evaluated at consecutive iteration points (x(t+1), y(t+1)) and
(x(t), y(t)).

Substituting Equation (33) into Equation (30) and summing both sides after rearrangement, and
considering that 1

ct
is a decreasing sequence along with the non-negativity of Ψct(·, ·), we obtain

T−1∑
t=0

λ
(t)
θ Rt(x

(t+1), y(t+1)) ≤O

(
1

Pτ

T−1∑
t=0

λ
(t)
θ

2

)
+O

(
1

P

n− P
n− 1

T−1∑
t=0

λ
(t)
θ

2

)

+O

(
T−1∑
t=0

λ
(t)
θ

2
τη

(t)
θ

2

)
+Ψc0(x

(0), y(0)), (34)

where P is the number of clients participating in each communication round. The first, second, and
third terms on the right-hand side of Equation (34) correspond to ϵ(t)sto , ϵ(t)dh , and ϵ(t)cd in Equation (33).
By appropriately selecting fixed or decaying step sizes as specified in Theorem D.11, we obtain the
convergence results presented in Theorems 3.4 and C.1. Notably, the first, second, and third terms in
Equation (34) align with those in Equation (14) of Theorem 3.4 and Equation (21) of Theorem D.11,
considering that Ψc0(x

(0), y(0)) is a positive constant.

Step a. Descent in Φct(x, y).

Φct(x
(t+1), y(t+1))− Φct(x

(t), y(t))

≤−O
( 1

λ
(t)
x

)
E∥x(t+1) − x(t)∥2 −O

( 1

λ
(t)
y

)
E∥y(t+1) − y(t)∥2

+O
(
λ(t)x + λ(t)y

)
E∥θ(t) − θ∗γ(x(t), y(t))∥2 +O

(
λ(t)x + λ(t)y

)(
∆(t)
x +∆(t)

y +∆
(t)
θ

)
,

where ∆
(t)
x , ∆(t)

y , and ∆
(t)
θ arise from client drifts as defined in (85) in Appendix D.1. The proof

follows a similar approach to Lemma D.5. Given the projection applied on the server side, the
geometric properties of projection onto a convex set ensure that the right-hand side of the inequality
remains bounded by terms involving E∥x(t+1) − x(t)∥2 and E∥y(t+1) − y(t)∥2.

Step b. Controlling error of the distance between θ(t) and θ∗γ(x(t), y(t)) .

E∥θ(t+1) − θ∗γ(x(t+1), y(t+1))∥2 − E∥θ(t) − θ∗γ(x(t), y(t))∥2

≤2L2
θ

(
1 +

1

δt,1

) (
E
∥∥x(t+1) − x(t)

∥∥2 + E
∥∥y(t+1) − y(t)

∥∥2)+ (1 + δt,1)λ
(t)
θ

2
E
∥∥h(t)θ ∥∥2

+
(
(1 + δt,1)(1− λ(t)θ ρ)− 1

)
E∥θ(t) − θ∗γ(x(t), y(t))∥2 +O

(
λ
(t)
θ

)(
1 + δt,1

)(
∆(t)
x +∆(t)

y +∆
(t)
θ

)
.

where ρ := 1
γ − L2 and δt,1 is a positive constant. The proof follows from Lemma D.6. Given the

projection applied on the server side, the non-expansiveness property of projection onto a convex set
ensures that the right-hand side remains bounded by E∥h(t)θ ∥2.
Moreover, a suitable choice of the positive constant δt,1 guarantees a decreasing trend in the distance
between θ(t) and θ∗γ(x

(t), y(t)). Specifically, it ensures that the coefficient of E∥θ(t)−θ∗γ(x(t), y(t))∥2

28



1512
1513
1514
1515
1516
1517
1518
1519
1520
1521
1522
1523
1524
1525
1526
1527
1528
1529
1530
1531
1532
1533
1534
1535
1536
1537
1538
1539
1540
1541
1542
1543
1544
1545
1546
1547
1548
1549
1550
1551
1552
1553
1554
1555
1556
1557
1558
1559
1560
1561
1562
1563
1564
1565

Under review as a conference paper at ICLR 2025

on the right-hand side is strictly negative.
Subsequently, we need to establish bounds for ∆(t)

x , ∆(t)
y , ∆(t)

θ and E∥h(t)θ ∥2, which can then be
scaled by the corresponding step sizes.

Step c. Bounding server stochastic gradient estimation .
As defined in (10), the unique structure of the stochastic gradient h(t)θ reflects the interplay of partial
client participation, multiple local iterations, and data heterogeneity, complicating the estimation
of its bound. The following inequality captures the bound on E∥h(t)θ ∥2:

E∥h(t)θ ∥
2 ≤O

(βmax

Pτ

)
δ2g +O

( n
P

n− P
n− 1

)(
∆(t)
x +∆(t)

y +∆
(t)
θ + E∥θ(t) − θ∗γ(x(t), y(t))∥2

)
+O

(βmax
Pτ

n− P
n− 1

)(
∆(t)
x +∆(t)

y +∆
(t)
θ +∆2 + E∥θ(t) − θ∗γ(x(t), y(t))∥2

)
. (35)

The proof is detailed in equations (58) to (63). Since the algorithm involves only a subset of clients,
the analysis employs without-replacement sampling to achieve linear speedup, which introduces the
term 1

P in the bound.

Step d. Controlling the client drifts.
In addition to the challenges posed by unique stochastic updates, partial participation, and data
heterogeneity, the following complexities further complicate the analysis:

• The interdependence between y and θ introduces significant challenges into the drift analysis.
• Unlike in strongly convex settings, where certain iterates are bounded (e.g., Lemmas 1 and 2

in Yang et al. (2023)), the unbounded nature of iterates in our setting complicates the control
of client drifts, thereby introducing additional variability.

The client drifts ∆(t)
x , ∆(t)

y , and ∆
(t)
θ are bounded as follows:

∆(t)
x ≤O

(
η(t)x

2
τ
)(δ2f
c2t

+ 2δ2g
)
+O

(
η(t)x

2
τ
)(L2

f

c2t
+ 2L2

g

)
,

∆
(t)
θ ≤O

(
τη

(t)
θ

2)
δ2g +O

(
τη

(t)
θ

2)
∆(t)
x +O

(
τη

(t)
θ

2)
∆

(t)
θ +O

(
τη

(t)
θ

2)
∆t

(y) +O
(
τη

(t)
θ

2)
∆2

+O
(
τη

(t)
θ

2)
E∥θ(t) − θ∗γ(x(t), y(t))∥2,

∆(t)
y ≤O

(
τη(t)y

2)(δ2f
c2t

+ δ2g
)
+O

(
τη(t)y

2)(L2
f

ct2
+ L2

g

)
+O

(
τη(t)y

2)
∆t
θ +O

(
τη(t)y

2)
∆t
y

+O
(
τη(t)y

2)
E∥θ(t) − θ∗γ(x(t), y(t))∥2.

The proof is provided in the appendix, specifically in the proof of Lemma D.7. The client drifts are
bounded by the variances of the stochastic gradient estimators, the data heterogeneity measure ∆2 as
defined in Assumption 3.2(iii), the client drifts themselves, and the distances of global iterates θ(t) to
their optimal solutions at each iteration t.
All these terms can be controlled by appropriately adjusting the local step sizes ηx, ηy, and ηθ.
By carefully tuning these step sizes, the impact of client drifts on the convergence analysis can be
mitigated, ensuring improved stability and convergence.

Step e. Deriving inequality (33) through step size adjustment.
By combining steps a, b, c, and d, we ensure that the conditions in Lemma D.8 are satisfied through
appropriate adjustment of the step sizes. This guarantees that the coefficients of E∥x(t+1) − x(t)∥2,
E∥θ(t) − θ∗γ(x

(t), y(t))∥2, and E∥θ(t) − θ∗γ(x
(t), y(t))∥2 are strictly negative. Consequently, the

inequality (33) is achieved.

Remark D.1. To simplify the notation, the heterogeneity level ∆ was excluded in the convergence
result of (14). Below, we present the modified convergence results that explicitly incorporate the
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heterogeneity level ∆, replacing the formula in (14):

min
0≤t≤T−1

ERt(x(t+1), y(t+1)) = O
(
1

P

(
1

T 1/2τ1/2
+
τ1/2(n− P )

T 1/2n
∆2 +

1

Tτ1/4
M

′

3

))
, (36)

where M ′
3 :=M ′

3(∆
2) is a positive constant dependent on ∆2. It is important to note that ∆2 = 0

does not imply M ′
3(∆

2) = 0, as the explicit form of M ′
3 is provided in Eq. (87). The heterogeneity

estimates originate from the stochastic gradient estimation in Step c and client drifts in Step d.
From Eq. (36), it is evident that an increase in the heterogeneity level ∆ leads to a corresponding
slowdown in the convergence rate.

D.3 PRELIMINARY LEMMAS

By Remark 3.3 and (Liu et al., 2024, Lemmas A.5 and A.6), we can easily derive the following
lemma.
Lemma D.2 (Properties of Moreau envelopeLiu et al. (2024)). Suppose that gi(x, y) is L2-smooth
on Rdx × Rdy . Then for γ ∈ (0, 1

2L2
) , ρv1 ≥ L2 and ρv2 ≥ 1

γ , the function vγ(x, y) +
ρv1
2 ∥x∥

2 +
ρv2
2 ∥y∥

2 is convex on Rdx × Rdy . Furthermore, for γ ∈ (0, 1
2L2

) ,Sγ(x, y) = {θ∗γ(x, y)} is a

singleton and ∇vγ =
(
∇xG(x, θ∗γ(x, y)),

(
y − θ∗γ(x, y)

)
/γ
)

. In addition, the following inequality
holds:

−vγ(x, y) ≤ −vγ(x̄, ȳ)−
〈
∇vγ(x̄, ȳ), (x, y)− (x̄, ȳ)

〉
+
ρv1
2
∥x− x̄∥2 + ρv2

2
∥y − ȳ∥2, (37)

for (x̄, ȳ) ∈ Rdx ×Rdy .

By Remark 3.3 and (Liu et al., 2024, Lemma A.9), we can easily derive the following lemma.
Lemma D.3 (Properties of θ∗γ(x, y) Liu et al. (2024)). Let γ ∈ (0, 1

2L2
). Then, there exists Lθ > 0

such that for any (x, y), (x′, y′) ∈ Rdx × Rdy , the following inequality holds:
∥θ∗γ(x, y)− θ∗γ(x′, y′)∥ ≤ Lθ∥(x, y)− (x′, y′)∥. (38)

To establish the convergence results, we introduce an auxiliary function defined as:

Φct(x, y) :=
1

ct

(
F(x, y)− F

)
+G(x, y)− vγ(x, y), (x, y) ∈ X × Y. (39)

Obviously, Φct is non-negative over X × Y.
Lemma D.4 (Properties of Φct). Under Assumptions 3.1 and 3.2, if γ ∈ (0, 1

2L2
), then Φct is

LΦt -smooth w.r.t. (x, y), where LΦt := L1/ct + L2 +max{L2, 1/γ}.

Proof. Under Assumptions 3.1(ii) and 3.2(ii), we have

EΦct(x(t+1), y(t+1))− EΦct(x(t), y(t))

≤ 1

ct

(
E
〈
∇F(x(t), y(t)), (x(t+1), y(t+1))− (x(t), y(t))

〉
+
Lf
2
E∥(x(t+1), y(t+1))− (x(t), y(t))∥2

)
+ E

〈
∇G(x(t), y(t)), (x(t+1), y(t+1))− (x(t), y(t))

〉
+
Lg
2
E∥(x(t+1), y(t+1))− (x(t), y(t))∥2

− E
〈
∇vγ(x(t), y(t)), (x(t+1), y(t+1))− (x(t), y(t))

〉
+

max{L2, 1/γ}
2

E∥x(t+1) − x(t)∥2 + max{L2, 1/γ}
2

E∥y(t+1) − y(t)∥2

≤E
〈
∇xΦct(x(t), y(t)), x(t+1) − x(t)

〉
+ E

〈
∇yΦct(x(t), y(t)), y(t+1) − y(t)

〉
+
LΦt

2

(
E∥x(t+1) − x(t)∥2 + E∥y(t+1) − y(t)∥2

)
,

(40)
with LΦt

:= L1/ct + L2 + 1/γ, where the first inequality comes from the Assumption (3.1) and
Assumption (3.2) and Lemma D.2.
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D.4 CONVERGENCE ANALYSIS

Lemma D.5 (Descent in Φct(x, y)). Under Assumptions 3.1 and 3.2, with γ ∈ (0, 1
2L2

), the sequence
(x(t), y(t), θ(t)) generated by Algorithm 1 satisfies:

Φct(x
(t+1), y(t+1))

≤Φct(x(t), y(t))− (
1

2λ
(t)
x

− LΦt

2
)E|x(t+1) − x(t)|2 − (

1

2λ
(t)
y

− LΦt

2
)E|y(t+1) − y(t)|2

+ (λ(t)x L2
2 + λ(t)y

3

γ2
)E
∥∥∥∥θ(t) − θ(γx(t), y(t))∥∥∥∥2 + (3λ(t)x (

L2
1

c2t
+ 2L2

2) + 3λ(t)y (
L2
1

c2t
+ L2

2)

)
∆(t)
x

+

(
3λ(t)x L2

2 +
λ
(t)
y

2
(6
L2
1

c2t
+ 6L2

2 +
3

γ2
)

)
∆(t)
y +

(
3λ(t)x L2

2 +
3

γ2
λ(t)y

)
∆

(t)
θ

where Φct(x, y) :=
1
ct
(F(x, y)− F) +G(x, y)− vγ(x, y).

Proof. By the Lemma D.4, we have

Φct(x
(t+1), y(t+1))

≤Φct(x(t), y(t)) + E⟨∇xΦct(x(t), y(t)), x(t+1) − x(t)⟩+ E⟨∇yΦct(x(t), y(t)), y(t+1) − y(t)⟩

+
LΦt

2
(E∥x(t+1) − x(t)∥2 + E∥y(t+1) − y(t)∥2).

(41)

Considering the update rule for the variable x as defined in (12) in server and leveraging the geometric
property of the projection operator ProjX , it follows that

⟨x(t) − λ(t)x h(t)x − x(t+1), x(t) − x(t+1)⟩ ≤ 0, (42)

which leading to

⟨h(t)x , x(t+1) − x(t)⟩ ≤ − 1

λ
(t)
x

∥x(t+1) − x(t)∥2. (43)

Similarly, we have

⟨h(t)y , y(t+1) − y(t)⟩ ≤ − 1

λ
(t)
y

∥y(t+1) − y(t)∥2. (44)

Combining these inequalities (41), (43) and (44), we have

Φct(x
(t+1), y(t+1))− Φct(x

(t), y(t))

≤E
〈
∇xΦct(x(t), y(t))− h(t)x , x(t+1) − x(t)

〉
+ E

〈
∇yΦct(x(t), y(t))− h(t)y , y(t+1) − y(t)

〉
− 1

λ
(t)
x

E∥x(t+1) − x(t)∥2 − 1

λ
(t)
y

E∥y(t+1) − y(t)∥2 (45)

+
LΦt

2
(E∥x(t+1) − x(t)∥2 + E∥y(t+1) − y(t)∥2),

≤E
〈
∇xΦct(x(t), y(t))− h̃(t)x , x(t+1) − x(t)

〉
+ E

〈
∇yΦct(x(t), y(t))− h̃(t)y , y(t+1) − y(t)

〉
− 1

λ
(t)
x

E∥x(t+1) − x(t)∥2 − 1

λ
(t)
y

E∥y(t+1) − y(t)∥2

+
LΦt

2
(E∥x(t+1) − x(t)∥2 + E∥y(t+1) − y(t)∥2). (46)

For E
〈
∇xΦct(x(t), y(t))− h̃

(t)
x , x(t+1) − x(t)

〉
, we have

E
〈
∇xΦct(x(t), y(t))− h̃(t)x , x(t+1) − x(t)

〉
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≤λ
(t)
x

2

∥∥∥∇xΦct(x(t), y(t))− h̃(t)x ∥∥∥2 + 1

2λ
(t)
x

E∥x(t+1) − x(t)∥2, (47)

and for E
〈
∇yΦct(x(t), y(t))− h̃

(t)
y , y(t+1) − y(t)

〉
,

E
〈
∇yΦct(x(t), y(t))− h̃(t)y , y(t+1) − y(t)

〉
≤λ

(t)
y

2

∥∥∥∇yΦct(x(t), y(t))− h̃(t)y ∥∥∥2 + 1

2λ
(t)
y

E∥y(t+1) − y(t)∥2.
(48)

Combining with (45), we can obtain that

Φct(x
(t+1), y(t+1))

≤Φct(x(t), y(t)) +
λ
(t)
x

2

∥∥∥∇xΦct(x(t), y(t))− h̃(t)x ∥∥∥2 + λ
(t)
y

2

∥∥∥∇yΦct(x(t), y(t))− h̃(t)y ∥∥∥2
− (

1

2λ
(t)
x

− LΦt

2
)E∥x(t+1) − x(t)∥2 − (

1

2λ
(t)
y

− LΦt

2
)E∥y(t+1) − y(t)∥2. (49)

For the term
∥∥∥∥∇xΦct(x(t), y(t))− h̃(t)x ∥∥∥∥2 in (49), according to the definition, we have

∥∥∥∥∇xΦct(x(t), y(t))− n∑
i=1

wi
1

τ

τ−1∑
k=0

h̃
(t,k)
x,i

∥∥∥∥2
=

∥∥∥∥ n∑
i=1

wi

[
∇xϕict(x

(t), y(t))[θ∗γ(x
(t), y(t))]−∇xϕict(x

(t), y(t))[θ(t)]

+∇xϕict(x
(t), y(t))[θ(t)]− 1

τ

τ−1∑
k=0

h̃
(t,k)
x,i

]∥∥∥∥2

≤2L2
2E
∥∥∥∥θ∗γ(x(t), y(t))− θ(t)∥∥∥∥2 + 2

∥∥∥∥ n∑
i=1

wi

[
∇xϕict(x

(t), y(t))[θ(t)]

]
− 1

τ

τ−1∑
k=0

h̃
(t,k)
x,i

∥∥∥∥2. (50)

For the term
∥∥∥∥∑n

i=1 wi

[
∇xϕict(x

(t), y(t))[θ(t)]− 1
τ

∑τ−1
k=0 h̃

(t,k)
x,i

]∥∥∥∥2, according to the definition, we

have ∥∥∥∥ n∑
i=1

wi

[
∇xϕict(x

(t), y(t))[θ(t)]− 1

τ

τ−1∑
k=0

h̃
(t,k)
x,i

]∥∥∥∥2
(a)

≤ 1

τ

n∑
i=1

wi

τ−1∑
k=0

∥∥∥∥∇xϕict(x(t), y(t))[θ(t)]− h̃(t,k)x,i

∥∥∥∥2
(b)

≤ 1

τ

n∑
i=1

wi

τ−1∑
k=0

∥∥∥∥ 1ct∇xfi(x(t,k)i , y
(t,k)
i ) +∇xgi(x(t,k)i , y

(t,k)
i )−∇xgi(x(t,k)i , θ

(t,k)
i )

−
(
1

ct
∇xfi(x(t), y(t)) +∇xgi(x(t), y(t))−∇xgi(x(t), θ(t))

)∥∥∥∥2
(c)

≤ 1

τ

τ−1∑
k=0

n∑
i=1

wi

(
3
(L2

1

c2t
+ L2

2

)
E
∥∥∥∥(x(t,k)i , y

(t,k)
i )− (x(t), y(t))

∥∥∥∥2
+3L2

2

(
E
∥∥∥∥x(t,k)i − x(t)

∥∥∥∥2 + E
∥∥∥∥θ(t,k)i − θ(t)

∥∥∥∥2)
)
, (51)

32



1728
1729
1730
1731
1732
1733
1734
1735
1736
1737
1738
1739
1740
1741
1742
1743
1744
1745
1746
1747
1748
1749
1750
1751
1752
1753
1754
1755
1756
1757
1758
1759
1760
1761
1762
1763
1764
1765
1766
1767
1768
1769
1770
1771
1772
1773
1774
1775
1776
1777
1778
1779
1780
1781

Under review as a conference paper at ICLR 2025

where (a) comes from Jensen’s inequality, (b) comes from the definition in (9 ), (c) comes from the
Assumption 3.1 (ii) and Assumption 3.1 (i).

Combining the inequalities (50) and (51), we have∥∥∥∥∇xΦct(x(t), y(t))− h̃(t)x ∥∥∥∥2
≤2L2

2E
∥∥∥∥θ∗γ(x(t), y(t))− θ(t)∥∥∥∥2 + 6

(L2
1

c2t
+ 2L2

2

)
∆(t)
x + 6

(L2
1

c2t
+ L2

2

)
∆(t)
y + 6L2

2∆
(t)
θ . (52)

For the term
∥∥∥∇yΦct(x(t), y(t))− h̃(t)y ∥∥∥2, similar to

∥∥∥∥∇xΦct(x(t), y(t))− h̃(t)x ∥∥∥∥2, we have∥∥∥∥∇yΦct(x(t), y(t))− n∑
i=1

wih̃
(t)
y,i

∥∥∥∥2
≤ 6

γ2
E
∥∥∥∥θ(t) − θ∗γ(x(t), y(t)∥∥∥∥2 + 6

(L2
1

c2t
+ L2

2

)
∆(t)
x +

(
6
L2
1

c2t
+ 6L2

2 +
3

γ2
)
∆(t)
y +

6

γ2
∆

(t)
θ .

Based on the above,

Φct(x
(t+1), y(t+1))

≤Φct(x(t), y(t)) +
λ
(t)
x

2
E
∥∥∥∇xΦct(x(t), y(t))− h(t)x ∥∥∥2 + λ

(t)
y

2
E
∥∥∥∇yΦct(x(t), y(t))− h(t)y ∥∥∥2

− (
1

2λ
(t)
x

− LΦt

2
)E∥x(t+1) − x(t)∥2 − (

1

2λ
(t)
y

− LΦt

2
)E∥y(t+1) − y(t)∥2

≤Φct(x(t), y(t))− (
1

2λ
(t)
x

− LΦt

2
)E∥x(t+1) − x(t)∥2 − (

1

2λ
(t)
y

− LΦt

2
)E∥y(t+1) − y(t)∥2

+
(
λ(t)x L2

2 + λ(t)y
3

γ2
)
E
∥∥∥∥θ(t) − θ∗γ(x(t), y(t))∥∥∥∥2 + (3λ(t)x (L2

1

c2t
+ 2L2

2

)
+ 3λ(t)y

(L2
1

c2t
+ L2

2

))
∆(t)
x

+

(
3λ(t)x L2

2 +
λ
(t)
y

2

(
6
L2
1

c2t
+ 6L2

2 +
3

γ2
))

∆(t)
y +

(
3λ(t)x L2

2 +
3

γ2
λ(t)y

)
∆

(t)
θ .

Lemma D.6. Fix the number of communication rounds T , local update rounds τ , and the number P
of participating clients per communication round. Under the Assumption 3.1 and 3.2, the iterates of
θ generated by Algorithm 1 satisfy

E
∥∥∥∥θ(t+1) − θ∗γ(x(t+1), y(t+1))

∥∥∥∥2
≤2L2

θ

(
1 +

1

δt,1

)
E
∥∥∥∥(x(t+1), y(t+1))− (x(t), y(t))

∥∥∥∥2 + 3(1 + δt,1)
βmax
P

(
n− P
n− 1

)
∆2λ

(t)
θ

2

+ (1 + δt,1)
βmax

Pτ
δ2gλ

(t)
θ

2
+ (1 + δt,1)

((
1− ρλ(t)θ + 4(L2

2 +
1

γ2
)
n

P

(
P − 1

n− 1

)
λ
(t)
θ

2

+ 6(L2
2 +

1

γ2
)
βmax
P

(
n− P
n− 1

)
λ
(t)
θ

2)
E
∥∥∥∥θ(t) − θ∗γ(x(t), y(t))∥∥∥∥2(

6L2
2

n

P

(
P − 1

n− 1

)
λ
(t)
θ

2
+ 9L2

2

βmax
P

(
n− P
n− 1

)
λ
(t)
θ

2
+

6

ρ
L2
2λ

(t)
θ

)
∆(t)
x(

6
(
L2
2 +

1

γ2
) n
P

(
P − 1

n− 1

)
λ
(t)
θ

2
+ 9
(
L2
2 +

1

γ2
)βmax
P

(
n− P
n− 1

)
λ
(t)
θ

2
+

6

ρ

(
L2
2 +

1

γ2
)
λ
(t)
θ

)
∆

(t)
θ(

6
1

γ2
n

P

(
P − 1

n− 1

)
λ
(t)
θ

2
+ 9

1

γ2
βmax
P

(
n− P
n− 1

)
λ
(t)
θ

2
+

6

ρ

1

γ2
λ
(t)
θ

)
∆(t)
y

)
,
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where ρ := 1
γ − L2 and δt,1 is some positive constant.

Proof. For the gap of θ and θ∗ on server, we have

E
∥∥∥∥θ(t+1) − θ∗γ(x(t+1), y(t+1))

∥∥∥∥2
=E
∥∥∥∥θ(t+1) − θ∗γ(x(t), y(t))

∥∥∥∥2 + E
∥∥∥∥θ∗γ(x(t+1), y(t+1))− θ∗γ(x(t), y(t))

∥∥∥∥2 (53)

+ 2E
〈
θ(t+1) − θ∗γ(x(t), y(t)), θ∗γ(x(t+1), y(t+1))− θ∗γ(x(t), y(t))

〉
.

For the last term in( 53), we have

2E
〈
θ(t+1) − θ∗γ(x(t), y(t)), θ∗γ(x(t+1), y(t+1))− θ∗γ(x(t), y(t))

〉
2E∥θ(t+1) − θ∗γ(x(t), y(t))∥E∥θ∗γ(x(t+1), y(t+1))− θ∗γ(x(t), y(t))∥

(a)

≤ δt,1E∥θ(t+1) − θ∗γ(x(t), y(t))∥2 +
2

δt,1
E∥θ∗γ(x(t+1), y(t+1))− θ∗γ(x(t), y(t))∥2

(b)

≤δt,1E∥θ(t+1) − θ∗γ(x(t), y(t))∥2 +
2L2

θ

δt,1
E∥(x(t+1), y(t+1))− (x(t), y(t))∥2,

where (a) can be derived from Young’s inequality, (b) comes from the Lemma D.3. Then the Eq.
(53) can be reformulated as

E
∥∥∥∥θ(t+1) − θ∗γ(x(t+1), y(t+1))

∥∥∥∥2 (54)

≤(1 + δt,1)E
∥∥∥∥θ(t+1) − θ∗γ(x(t), y(t))

∥∥∥∥2 + 2L2
θ

(
1 +

1

δt,1

)
E
∥∥∥∥(x(t+1), y(t+1))− (x(t), y(t))

∥∥∥∥2.
For the term E

∥∥∥∥θ(t+1) − θ∗γ(x(t), y(t))
∥∥∥∥2 in Eq. (54),

E
∥∥∥∥θ(t+1) − θ∗γ(x(t), y(t))

∥∥∥∥2
(a)

≤E
∥∥∥∥θ(t) − λ(t)θ h

(t)
θ − θ

∗
γ(x

(t), y(t))

∥∥∥∥2 (55)

(b)
=E
∥∥∥∥θ(t) − θ∗γ(x(t), y(t))∥∥∥∥2 + λ

(t)
θ

2
E
∥∥∥∥h(t)θ ∥∥∥∥2 − 2λ

(t)
θ E

〈
θ(t) − θ∗γ(x(t), y(t)), h

(t)
θ

〉
, (56)

where (a) comes from the non-expansive property of Projθ with θ∗γ(x
(t), y(t)) ∈ Y and (b) holds

because the clients are selected without replacement.

For the term −E
〈
θ(t) − θ∗γ(x(t), y(t)), h

(t)
θ

〉
in (56),

− E
〈
θ(t) − θ∗γ(x(t), y(t)), h

(t)
θ

〉
(a)
= − E

〈
θ(t) − θ∗γ(x(t), y(t)), h̃

(t)
θ

〉
(b)
= − E

〈
θ(t) − θ∗γ(x(t), y(t)),

n∑
i=1

wi
1

τ

τ−1∑
k=0

h̃
(t,k)
θ,i

〉

=− E

〈
θ(t) − θ∗γ(x(t), y(t)),

n∑
i=1

wi
1

τ

τ−1∑
k=0

h
(t,k)
θ,i −

n∑
i=1

wi[∇ygi(x(t), θ(t)) +
1

γ
(θ(t) − y(t))]

〉
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− E

〈
θ(t) − θ∗γ(x(t), y(t)),

n∑
i=1

wi[∇ygi(x(t), θ(t)) +
1

γ
(θ(t) − y(t))]

−
n∑
i=1

wi[∇ygi(x(t), θ∗γ(x(t), y(t))) +
1

γ
(θ∗γ(x

(t), y(t))− y(t))]

〉
(c)

≤ 1

ρ

n∑
i=1

wi
1

τ

τ−1∑
k=0

E
∥∥∥∥h(t,k)θ,i −∇ygi(x

(t), θ(t)) +
1

γ
(θ(t) − y(t))

∥∥∥∥2

+
ρ

2

n∑
i=1

wi
1

τ

τ−1∑
k=0

E
∥∥∥∥θ(t) − θ∗γ(x(t), y(t))∥∥∥∥2 − ρ n∑

i=1

wi
1

τ

τ−1∑
k=0

E
∥∥∥∥θ(t) − θ∗γ(x(t), y(t))∥∥∥∥2

(d)

≤ 3

ρ
L2
2∆

(t)
x +

3

ρ

(
L2
2 +

1

γ2
)
∆

(t)
θ +

3

ρ

1

γ2
∆(t)
y −

ρ

2
E
∥∥∥∥θ(t) − θ∗γ(x(t), y(t))∥∥∥∥2, (57)

where (a), (b) come from the Eq.(28), the first two terms in (c) comes from the Young’s inequality
and the last term in (c) comes from the strong convexity of G(x, θ) + 1

2γ ∥θ − y∥
2 w.r.t. θ which can

be derived from the Lemma D.2, where (d) comes from the L-smoothness of fi(x, y) and gi(x, y) in
Assumption 3.1 (i) and Assumption 3.2 (i).

Next, we will analyze the term E
∥∥∥∥h(t)θ ∥∥∥∥2 in Eq.(56).

E
∥∥∥∥h(t)θ ∥∥∥∥2 =E

∥∥∥∥ ∑
i∈C(t)

w̃ih
(t)
θ,i

∥∥∥∥2

=E
∥∥∥∥ ∑
i∈C(t)

w̃ih
(t)
θ,i − w̃ih̃

(t)
θ,i + w̃ih̃

(t)
θ,i

∥∥∥∥2

=E
∥∥∥∥ ∑
i∈C(t)

w̃i
(
h
(t)
θ,i − h̃

(t)
θ,i

)∥∥∥∥2 + E
∥∥∥∥ ∑
i∈C(t)

w̃ih̃
(t)
θ,i

∥∥∥∥2. (58)

For the first term in Eq.(58),

E
∥∥∥∥ ∑
i∈C(t)

w̃i
(
h
(t)
θ,i − h̃

(t)
θ,i

)∥∥∥∥2
(a)
=E

 ∑
i∈C(t)

w̃2
i

∥∥∥∥h(t)θ,i − h̃(t)θ,i∥∥∥∥2


(b)

≤ n

Pτ2
E

n∑
i=1

τ−1∑
k=0

w2
i

∥∥∥∥∇ygi(x(t,k)i , θ
(t,k)
i ; ζ

(t,k)
i ) +

1

γ
(θ

(t,k)
i − y(t,k)i )

−
(
∇ygi(x(t,k)i , θ

(t,k)
i ) +

1

γ
(θ

(t,k)
i − y(t,k)i )

)∥∥∥∥2
(c)

≤ n

Pτ2
E

n∑
i=1

τ−1∑
k=0

w2
i δ

2
g

(d)

≤ βmax

Pτ
δ2g , (59)

where (a) holds because clients are selected without replacement, (b) follows from the definition
w̃i =

n
P wi, where (c) comes from the Assumption 3.2 (ii), where (d) comes from the inequality

wi ≤ βmax

n .
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For the second term E
∥∥∥∥∑i∈C(t) w̃ih̃

(t)
θ,i

∥∥∥∥2 in Eq.(58), by Equation (24) in (Yang et al. (2023)), we

have that

E
∥∥∥∥ ∑
i∈C(t)

w̃ih̃
(t)
θ,i

∥∥∥∥2 =
n

P

(
P − 1

n− 1

)
E
∥∥∥∥ n∑
i=1

wih̃
(t)
θ,i

∥∥∥∥2 + n

P

(
n− P
n− 1

) n∑
i=1

w2
iE
∥∥∥∥h̃(t)θ,i∥∥∥∥2. (60)

For the term E
∥∥∥∥∑n

i=1 wih̃
(t)
θ,i

∥∥∥∥2 in Eq.(60),

E
∥∥∥∥ n∑
i=1

wih̃
(t)
θ,i

∥∥∥∥2

=E
∥∥∥∥ n∑
i=1

wi
1

τ

τ−1∑
k=0

h̃
(t,k)
θ,i

∥∥∥∥2
(a)

≤2
n∑
i=1

wi
1

τ

τ−1∑
k=0

(
E
∥∥∥∥h̃(t,k)θ,i −∇ygi(x

(t), θ(t)) +
1

γ
(θ(t) − y(t))

∥∥∥∥2
)

+ 2

(
E
∥∥∥∥ n∑
i=1

wi∇ygi(x(t), θ(t)) +
1

γ
(θ(t) − y(t))

−
(
∇ygi(x(t), θ∗γ(x(t), y(t))) +

1

γ
(θ∗γ(x

(t), y(t))− y(t))
)∥∥∥∥2

)
(b)

≤6

n∑
i=1

wi
1

τ

τ−1∑
k=0

(
L2
2E
∥∥∥∥x(t,k)i − x(t)

∥∥∥∥2 + (L2
2 +

1

γ2
)
E
∥∥∥∥θ(t,k)i − θ(t)

∥∥∥∥2 + 1

γ2
E
∥∥∥∥y(t,k)i − y(t)

∥∥∥∥2)
+ 4(L2

2 +
1

γ2
)E
∥∥∥∥θ(t) − θ∗γ(x(t), y(t))∥∥∥∥2

≤6L2
2∆

(t)
x + 6

(
L2
2 +

1

γ2
)
∆

(t)
θ + 6

1

γ2
∆(t)
y + 4(L2

2 +
1

γ2
)E
∥∥∥∥θ(t) − θ∗γ(x(t), y(t))∥∥∥∥2, (61)

where (a) comes from the definition of θ∗γ(x
(t), y(t)) and (b) comes from L-smoothness of fi(x, y)

and gi(x, y) in Assumption 3.1 (i) and Assumption 3.2 (i).

For the term
∑n
i=1 w

2
i

∥∥∥∥h̃(t)θ,i∥∥∥∥2 in Eq.(60),

n∑
i=1

w2
i

∥∥∥∥h̃(t)θ,i∥∥∥∥2

≤βmax
n

(
3

n∑
i=1

wi
1

τ

τ−1∑
k=0

∥∥∥∥h̃(t,k)θ,i − E
[
∇ygi(x(t), θ(t)) +

1

γ
(θ(t) − y(t))

]∥∥∥∥2

+ 3

n∑
i=1

wi
1

τ

τ−1∑
k=0

∥∥∥∥E[∇ygi(x(t), θ(t)) + 1

γ
(θ(t) − y(t))

]
− E

[ n∑
i=1

wi∇ygi(x(t), θ(t)) +
1

γ
(θ(t) − y(t))

]∥∥∥∥2
+ 3

n∑
i=1

wi

∥∥∥∥E[ n∑
i=1

wi∇ygi(x(t), θ(t)) +
1

γ
(θ(t) − y(t))

]
− E

[ n∑
i=1

wi∇ygi(x(t), θ∗γ(x(t), y(t))) +
1

γ
(θ∗γ(x

(t), y(t))− y(t))
]∥∥∥∥2
)
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≤βmax
n

(
9L2

2

n∑
i=1

wi
1

τ

τ−1∑
k=0

E
∥∥∥∥x(t,k)i − x(t)

∥∥∥∥2 + 9
(
L2
2 +

1

γ2
) n∑
i=1

wi
1

τ

τ−1∑
k=0

E
∥∥∥∥θ(t,k)i − θ(t)

∥∥∥∥2

+ 9
1

γ2

n∑
i=1

wi
1

τ

τ−1∑
k=0

E
∥∥∥∥y(t,k)i − y(t)

∥∥∥∥2 + 3∆2 + 6
(
L2
2 +

1

γ2
)
E
∥∥∥∥θ(t) − θ∗γ(x(t), y(t))∥∥∥∥2

)

≤βmax
n

(
9L2

2∆
(t)
x + 9

(
L2
2 +

1

γ2
)
∆

(t)
θ + 9

1

γ2
∆(t)
y + 3∆2

+ 6
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. (62)

Substitute Eqs.(59), (60), (61) and (62)into Eq.(58),

E
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Combining Eqs.(56) , (57) with Eq.(63), we have

E
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=E
∥∥∥∥θ(t) − θ∗γ(x(t), y(t))∥∥∥∥2 + λ

(t)
θ

2
E
∥∥∥∥h(t)θ ∥∥∥∥2 − 2λ

(t)
θ E

〈
θ(t) − θ∗γ(x(t), y(t)), h

(t)
θ

〉
≤E
∥∥∥∥θ(t) − θ∗γ(x(t), y(t))∥∥∥∥2 + λ

(t)
θ

2
{
βmax

Pτ
δ2g +

n

P

(
P − 1

n− 1

)(
(6L2

2∆
(t)
x + 6

(
L2
2 +

1

γ2
)
∆

(t)
θ

+ 6
1

γ2
∆(t)
y + 4(L2

2 +
1

γ2
)E
∥∥∥∥θ(t) − θ∗γ(x(t), y(t))∥∥∥∥2)+

βmax
P

(
n− P
n− 1

)(
9L2

2∆
(t)
x

+9
(
L2
2 +

1

γ2
)
∆

(t)
θ + 9

1

γ2
∆(t)
y + 3∆2 + 6

(
L2
2 +

1

γ2
)
E
∥∥∥∥θ(t) − θ∗γ(x(t), y(t))∥∥∥∥2)

}

+ 2λ
(t)
θ

(
3

ρ
L2
2∆

(t)
x +

3

ρ

(
L2
2 +

1

γ2
)
∆

(t)
θ +

3

ρ

1

γ2
∆(t)
y −

ρ

2
E
∥∥∥∥θ(t) − θ∗γ(x(t), y(t))∥∥∥∥2

)
. (64)

Substituting equations Eqs.(56), (57) and (64) into Eq. (53), we can obtain

E
∥∥∥∥θ(t+1) − θ∗γ(x(t+1), y(t+1))

∥∥∥∥2
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,

where δt,1 > 0, ρ := 1
γ − ρG2

.

Lemma D.7. Fix the number of communication rounds T , local update rounds τ , and the number of
participating clients P per communication round. Under Assumptions 3.1 and 3.2, the client drifts
∆

(t)
x , ∆(t)

y and ∆
(t)
θ defined in (85) can be bounded as follows:
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. (65)

Proof. For ∆(t)
x ,
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)
,

where the first term in (a) comes from L-smoothness of fi and gi, the second term in (a) comes from
the Lipschitz continuity of fi and gi.

Next, we will analyze ∆
(t)
y and ∆

(t)
θ . For ∆(t)
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where the first term in (a) comes from L-smoothness of fi and gi. For the second term in (66),
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where (a) comes from the definition of θ∗γ(x
(t), y(t)) and (b) comes from Assumption 3.2 (iii) and

L-smoothness of fi(x, y) and gi(x, y) in Assumption 3.1 (i) and Assumption 3.2 (i). Then we have
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where the first term in (a) comes from L-smoothness of fi and gi. For the second term in (68),
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where (a) comes from the definition of θ∗γ(x

(t), y(t)) and (b) comes from the Lipschitz continuity and
L-smoothness of fi(x, y) and gi(x, y) in Assumption 3.1 (i) and Assumption 3.2 (i). Then we have
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2
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Recall the inequality (67),
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E
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Next, we will prove that ∆t
y and ∆t

θ can be bounded by E
∥∥∥∥θ(t)−θ∗γ(x(t), y(t))∥∥∥∥2 and some constants.

Let’s reformulate the inequalities (67) and (69),(
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(t)
θ

2
(L2

2 +
1

γ2
)
)
∆t
θ ≤η

(t)
θ

2
τδ2g + 6τη

(t)
θ

2
L2
2∆

t
x + 6τη

(t)
θ

2 1

γ2
∆t
y + 4η

(t)
θ

2
τ∆2

+ 4τη
(t)
θ

2( 1

γ2
+ L2

2

)
E
∥∥∥∥θ(t) − θ∗γ(x(t), y(t))∥∥∥∥2, (70)

and(
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(71)

Multiply both sides of the inequality (70) by
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Adding the inequality (72) to the inequality (71), we get:(
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Then we can obtain
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(73)

Then the ∆t
θ is bounded by E

∥∥∥∥θ(t) − θ∗γ(x(t), y(t))∥∥∥∥2 and some constants. Similarly, we can bound
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.

Note that we can choose proper η(t)y , η(t)θ to simplify inequalities (73) and (74). Now we choose

η
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y , η(t)θ such that 1 − 12τη
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For the term 1(
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in inequality (73),
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where(a) comes from the inequalities 1− 12τη
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Lemma D.8 (Descent in Lyapunov function Ψct(x
(t), y(t))). Fix the number of communication

rounds T , local update rounds τ , and the number of participating clients P per communication round.
We define the Lyapunov function as:

Ψct(x
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]
+K|θ(t) − θ∗γ(x(t), y(t))|2, (77)

where K := 1
2Lθ
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γ2 , and Lθ is a positive constant provided in Lemma D.3. Under Assump-
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(81)

τη
(t)
θ

2
λ
(t)
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2 +

1
γ2

)
+ 2K 18
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(t)
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1
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λ
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θ ≤
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1

L2
2 +

1
γ2

, (83)

with cλ := ρ
32KL2

θ
and ρ := 1

γ − L2, then we have

Ψct+1
(x(t+1), y(t+1))−Ψct(x
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λ
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(t)
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(t)
cd , (84)

where the error ϵ(t)sfo , ϵ
(t)
dh , ϵ

(t)
cd respectively come from stochastic first-order oracle, data heterogeneity

and client drifts:

ϵ
(t)
sfo :=M
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2
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2
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2
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θ . (85)

Here

M
′

1 := 2Kβmaxδ
2
g ,M

′

2 := 6Kβmax∆
2, (86)

M
′

3 :=
(
6δ2g + 24∆2 + 8

(δ2f
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+ δ2g
)
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1

γ2

)
,

(87)

with δt,1 :=
λ
(t)
θ ρ

4(1−
λ
(t)
θ

ρ

2 )

.

Proof.

Ψct+1(x
(t+1), y(t+1))−Ψct(x

(t), y(t))

≤E
[
Φct+1(x

(t+1), y(t+1))
]
+K∥θ(t+1) − θ∗γ(x(t+1), y(t+1))∥2

−
(
E
[
Φct(x

(t), y(t))
]
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x
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+
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, (88)

where (a) comes from Lemmas D.5 and D.6, (b) comes from the Lemma D.7 and the inequalities (75)
and (76).

For the term 1

2λ
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x
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2 − 2KL2
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)
in the first line of Eq.(88), we take δt,1 =
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then we have
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where (a) comes from the condition (78). Similarly, for the term 1
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For the coefficients of E
∥∥∥∥θ(t) − θ∗γ(x(t), y(t))∥∥∥∥2 in the second and third lines in the Eq.(88), we have
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where (a) comes from the condition (80), (b), (c) comes from the condition (78). Similarly, we take
the conditions (78), (81), (82), (79) and (80), we have(
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Combining with the inequalities (88), (91), (92), (93), we have
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The following remarks provide crucial insights into the step size condition and the boundedness of
certain terms in our analysis:
Remark D.9. It is important to note that the condition for the step size in Lemma D.8 is indeed
satisfiable. We maintain the same inequality direction with the step size on the left-hand side and a
constant on the right-hand side. Furthermore, we ensure that the right-hand side is always positive,
thereby guaranteeing the existence of a valid step size.

Building upon the step size condition, we now turn our attention to the boundedness of a key term in
our analysis:
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Remark D.10. It is noteworthy that M
′

3 defined in (86) can be regarded as a constant when the step
sizes are bounded. Next, we briefly explain this: to prove that M

′

3 can be regarded as a constant, we
only need to prove that M

′

3 is bounded. In M
′

3, we only need to demonstrate that δt,1 is bounded

(since the step size are bounded and 1
ct

is decaying). Recall that δt,1 :=
λ
(t)
θ ρ

4(1−
λ
(t)
θ

ρ

2 )

. Noting that δt,1

is increasing with respect to λ(t)θ , and considering that λ(t)θ ≤
4
5ρ , we have δt,1 ≤ 1

3 . Therefore, M
′

3

is bounded.

It is noteworthy that, based on Remark D.10, we can conclude that a certain term M1 in the following
theorem can be regarded as a constant.
Theorem D.11. Fix the number of communication rounds T , local update rounds τ , and the number
of participating clients P per communication round. We define the Lyapunov function as:

Ψct(x
(t), y(t)) := E

[
Φct(x

(t), y(t))
]
+K|θ(t) − θ∗γ(x(t), y(t))|2, (97)

where K := 1
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√
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γ2 , and Lθ is a positive constant provided in Lemma D.3. Under Assump-
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Under Assumptions 3.1 and 3.2, let ck = c(k + 1)p with c > 0 and γ ∈ (0, 1
2L2

).
(i) For decreasing step sizes, we choose

λ
(t)
θ = cλτ

1
4 (t+ 1)−q,

1

2
< q < 1, 0 < p <

1− q
2

, η
(t)
θ = cη

1

τ7/8
√
P
(t+ 1)−1/4,

(98)

where cλ and cη are some positive constants. If the step sizes λ(t)θ , λ
(t)
x , λ

(t)
y , η

(t)
θ , η

(t)
x , η

(t)
y satisfy the

conditions in Lemma D.8, then the sequence of (x(t), y(t), θ(t)) generated by Algorithm 1 satisfies

min
0≤t≤T−1

E
[
Rt(x

(t+1), y(t+1))
]
= O

(
1

P

(
1

T 1−qτ1/2
+
τ1/2(n− P )
T 1−qn

+
1

T 3/2−qτ1/4

))
(99)

(ii) For fixed step sizes, we choose p ∈ (0, 1/4) and

λ
(t)
θ = cλτ

1
4T−1/2, η

(t)
θ = cη

1

τ7/8T 1/4
√
P
, (100)

where the cλ and cη are some positive constants. If the step sizes λ(t)θ , λ
(t)
x , λ

(t)
y , η

(t)
θ , η

(t)
x , η

(t)
y satisfy

the conditions in Lemma D.8, then the sequence of (x(t), y(t), θ(t)) generated by Algorithm 1 satisfies

min
0≤t≤T−1

E
[
Rt(x

(t+1), y(t+1))
]
= O

(
1

P

(
1

T 1/2τ1/2
+
τ1/2(n− P )

T 1/2n
+

1

Tτ1/4

))
. (101)

Proof. Based on (84), we have

4KL2
θ

ρλ
(t)
θ

E∥x(t+1) − x(t)∥2 + 4KL2
θ

ρλ
(t)
θ
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+
1

64KL2
θ

(
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2 +

1

γ2
)
λ
(t)
θ ρE

∥∥∥∥θ(t) − θ∗γ(x(t), y(t))∥∥∥∥2 (102)

≤E
(
Ψct(x

(t), y(t))−Ψct+1(x
(t+1), y(t+1))

)
+O
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1

λ
(t)
θ

2
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(
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2
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P
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n− 1

λ
(t)
θ

2
)

+O
(
M
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3τη
(t)
θ

2
λ
(t)
θ

)
.

Upon telescoping (102) over the range k = 0, 1, ...,K − 1, we derive
T−1∑
t=0

4KL2
θ

ρλ
(t)
θ

E∥x(t+1) − x(t)∥2 + 4KL2
θ

ρλ
(t)
θ

E∥y(t+1) − y(t)∥2
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)
As a consequence of the weak convexity of g and its continuous differentiability with respect to y, as
stipulated in Assumption 3.2 (i) and supported by Gao et al. (2023), we deduce that

(e(t)x , e(t)y ) ∈ 1

ct
∇F(x(t+1), y(t+1)) +∇G(x(t+1), y(t+1))−∇vγ(x(t+1), y(t+1))

+NX×Y (x
(t+1), y(t+1)),

with

e(t)x := ∇xΦct(x(t+1), y(t+1))− h̃(t)x −
1

λ
(t)
x

(
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)
,

e(t)y := ∇yΦct(x(t+1), y(t+1))− h̃(t)y −
1

λ
(t)
y

(
y(t+1) − y(t)

)
.

Next, we estimate ∥e(t)x ∥,

∥e(t)x ∥ ≤∥∇xΨct(x(t+1), y(t+1))−∇xΨct(x(t), y(t))∥

+ ∥∇xΨct(x(t), y(t))− h̃(t)x ∥+
1

λ
(t)
x

E∥x(t+1) − x(t)∥. (104)

Considering the first term on the right hand side of the preceding inequality, there exists Lψ1 > 0,

∥∇xΨct(x(t+1), y(t+1))−∇xΨct(x(t), y(t))∥ ≤ Lψ1
∥(x(t+1), y(t+1))− (x(t), y(t))∥. (105)

For the term ∥∇xΨct(x(t), y(t))− h
(t)
x ∥, similar to the analysis of (52), we have
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Hence, we have
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Similarly,
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2
λ
(t)
θ

)
. (108)

By the definition of Dt(x
(t+1), y(t+1)) and the inequalities (107) and (108), we have

Dt(x
(t+1), y(t+1))
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≤(Lψ1
+ Lψ1
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By utilizing the inequality mentioned above and performing left and right multiplication by λ(t)θ , we
establish the existence of CR > 0 such that
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Combining this with (103) implies that
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where M1 := EΨc0(x(0), y(0)) +M
′

1 +M
′

3 and M2 :=M
′

2.

For decreasing step size, we choose the step size as in (98), then
∑T−1
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2
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Then we have
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From the definition of Rt, we have
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If 0 < p < 1−q
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(113)

which ensures the convergence of ∇F(x(t+1), y(t+1)). For fixed step size, we choose the step size as
in (100), it holds that
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D.5 COMPLEXITY ANALYSIS

Corollary D.12. Under the setting of Theorem 3.4, we have the following results:

(i) In the case of full client participation, setting τ = O(T ), the per-client sample complexity is
τT = O(ϵ−2) and the communication complexity T = O(ϵ−1).

(ii) For partial client participation, setting τ = O(1), the per-client sample complexity is τT =
O(P−2ϵ−2) and the communication complexity T = O(P−2ϵ−2).

Proof. From Theorem D.11, for nearly full client participation, which means that n−Pn ≈ 0, then we
have

min
0≤t≤T−1

E
[
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]
= O
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1
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1

T 1/2τ1/2
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1
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≤ ϵ. (114)

Then we can obtain the per-client sample complexity τT = O
(
ϵ−2
)
, then local update rounds can

saving communication rounds, we take τ = O(T ), then we have T = O
(
ϵ−1
)
.

For partial client participation, we can obtain that the number of local update cannot affect the whole
convergence rate. From Theorem D.11, we have
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When we take τ = O (1) will lead to the best performance. Then we have

min
0≤t≤T−1

E
[
Rt(x

(t+1), y(t+1))
]
= O

(
1

P

(
1

T 1/2

))
≤ ϵ,

Since T ≫ P , the per-client sample complexity is τT = O(P−2ϵ−2) and communication rounds
T = O

(
P−2ϵ−2

)
E RELATED WORK

E.1 BILEVEL OPTIMIZATION WITHOUT LLSC

Since the seminal work by Bracken & McGill (1973), numerous studies have proposed various
methods for addressing bilevel optimization problems. Extensive overviews of these approaches can
be found in surveys Sinha et al. (2017); Liu et al. (2021a); Zhang et al. (2023). In this section, we
provide a brief overview of relevant work on bilevel optimization (BLO) without the lower-level
(LL) strong convexity assumption. Beyond the LL strong convexity assumption, Liu et al. (2021b)
developed a method with initialization auxiliary and pessimistic trajectory truncation. Huang (2023a)
proposed a momentum-based implicit gradient BLO algorithm and established a convergence analysis
framework under a nondegenerate condition on the LL Hessian. Arbel & Mairal (2022) extended
implicit differentiation to a class of non-convex LL functions with possibly degenerate critical
points and developed unrolled optimization algorithms. Xiao et al. (2023) developed a generalized
alternating method for BLO with a non-convex LL objective. However, these works require second-
order gradient information. In contrast, the value function reformulation of BLO was first utilized
in Liu et al. (2023) to develop BLO algorithms in machine learning using an interior-point method.
Subsequently, Liu et al. (2022) introduced a fully first-order value function-based BLO algorithm
and established non-asymptotic convergence results. Recently, Shen & Chen (2023) proposed a
penalty-based fully first-order BLO algorithm, relaxing the relatively restrictive assumption on the
boundedness of both the upper-level (UL) and LL objectives present in Liu et al. (2022). Notably,
these works involve a double-loop structure, which makes them challenging to employ in Federated
Bilevel Optimization. To mitigate the requirement of single-loop structure, Liu et al. (2024); Yao
et al. (2023) developed single-loop and Hessian-free gradient-based methods utilizing a Moreau
envelope-based reformulation of bilevel optimization.
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E.2 FEDERATED (BILEVEL) LEARNING

Federated Learning (FL) was initially proposed by Google to coordinate the collaborative training
of a common task across thousands of clients while addressing data isolation and privacy con-
cerns(McMahan et al., 2017). As the pioneering algorithm, FedAvg(McMahan et al., 2017) has
effectively addressed the aforementioned issues; however, it has also given rise to a series of new
challenges such as fairness, communication overhead, malicious participants and privacy (Mohri
et al., 2019; Stich, 2019; Yu et al., 2019; Wang & Joshi, 2021; Bagdasaryan et al., 2020; Bhagoji
et al., 2019; Kim & Hong, 2019; Aïvodji et al., 2019). To address these challenges, some research
efforts have introduced a nested optimization structure, known as Federated Bilevel learning, such as
(Xing et al., 2022; Li et al., 2022; Zeng et al., 2021; Li et al., 2021b; Hu et al., 2024a; Huang et al.,
2022; Tolpegin et al., 2020; Sun et al., 2021; Zhang et al., 2021; Cheng et al., 2024). In response
to the demand for solving problems with such model requirements, there have been some effective
attempts. As one of the earliest methods of federated bilevel optimization(Tarzanagh et al., 2022),
FedNest is a federated alternating stochastic gradient method based on AID-based hypergradient
estimation to address general federated nested problems, which needs the federated hypergradient
estimation. Additionally, there are other FBO algorithms based on AID-based hypergradient estima-
tion(Huang et al., 2023). Xiao & Ji (2023) introduced a federated Bilevel Optimization algorithm
with hypergradient estimation based on ITD-based hypergradient estimation. Recent FBO methods,
such as SimFBO (Yang et al., 2023) and FedBiOAcc (Li et al., 2023), draw inspiration from SOBA
(Dagréou et al., 2022). These approaches transform a linear system problem into a quadratic one, im-
proving computational efficiency within a single-loop algorithmic framework. Notably, FedBiOAcc
incorporates a momentum-based technique. While these algorithms have made significant progress,
they continue to rely on Hessian matrix computations and are constrained by the requirement for
lower-level strong convexity (LLSC).

In addition to the aforementioned works, there is a growing body of research on bilevel optimization
in asynchronous settings, such as those by Jiao et al. (2022) and Li et al. (2024). Furthermore, FBO
has demonstrated promising practical applications, particularly in the fine-tuning of large language
models (LLMs) within federated settings. For instance, Wu et al. (2024) investigates the use of
FBO for local fine-tuning of LLMs. As noted in Table 2 of Wu et al. (2024), these models can be
optimized using either single-level or bilevel approaches. Notably, the bilevel optimization method,
FedBiOT, proposed by Wu et al. (2024), exhibits significant advantages over single-level optimization,
especially in scenarios involving hierarchical problem structures.
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F ADDITIONAL EXPERIMENT RESULTS

Extending beyond Section 4.3, we conducted comprehensive experiments with both expanded datasets
and more sophisticated neural architectures. We evaluated MeFBO (Algorithm 1), SimFBO (Yang
et al., 2023), FedNest (Tarzanagh et al., 2022), and LFedNest (Tarzanagh et al., 2022) on additional
data hyper-cleaning tasks. The experiments employed either a 2-layer MLP (as in Section 4.3) or a
7-layer CNN (LeCun et al., 1998) on Fashion MNIST (Xiao et al., 2017) and CIFAR-10 (Krizhevsky
et al., 2009) datasets. Following (Xiao & Ji, 2023), we also implemented a 2-layer MLP architecture
for CIFAR-10.

Fashion-MNIST represents a moderate increase in complexity compared to MNIST, featuring fashion
items rather than handwritten digits. Both datasets contain 70,000 grayscale images (28×28). CIFAR-
10, comprising 60,000 color images (32×32, RGB), presents greater complexity due to its real-world
object representations and multi-channel color information.
Figure 14 summarizes our experimental findings, yielding several key insights:

Results on Larger Datasets and Complex Neural Architectures. Figure 14 presents comparative
performance analyses across different network architectures and datasets under i.i.d. settings with a
corruption rate (cr) of 0.7:

• Fashion MNIST with 2-layer MLP: As shown in Figure 14(a), while maintaining consis-
tency with Section 4.3’s architecture but scaling to a larger dataset, MeFBO demonstrated
superior convergence characteristics, achieving the highest test accuracy (approximately 85

• CIFAR-10 with 7-layer CNN: As illustrated in Figure 14(b), when tested on the more
complex CIFAR-10 dataset with a 7-layer CNN architecture, MeFBO maintained its supe-
rior performance, achieving the highest accuracy among all methods. Notably, SimFBO
encountered memory constraints that prevented its execution on this larger-scale task.

• Architecture Comparison on CIFAR-10: Following (Xiao & Ji, 2023), we compared the
performance of 2-layer MLP and 7-layer CNN architectures using MeFBO on CIFAR-10, as
shown in Figure 14(c). The MLP exhibited faster initial convergence but plateaued at a lower
accuracy, while the CNN achieved higher ultimate accuracy despite slower convergence.
However, these performance levels suggest room for improvement. We hypothesize that
architectural limitations may be constraining performance on this specific task, warranting
further investigation in future research.

0 100 200 300 400 500

Communication Rounds
60

65

70

75

80

85

90

Te
st

 A
cc

ur
ac

y

MeFBO
SimFBO
LFedNest
FedNest
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Figure 14: Comparison of different algorithms in federated data hyper-cleaning under a label
corruption rate of cr = 0.7.

Hyperparameter. For all methods, 2 clients are randomly selected from a pool of 20 clients
to participate in each communication round. All algorithms are implemented with a batch size
of 256. For our method, MeFBO, and SimFBO, we set the number of local updates τ = 1,
and wi = 0.1. For MeFBO, the parameter ck = 3(t + 1)0.001 and γ = 0.015. The local step
sizes [η

(t)
x , η

(t)
y , η

(t)
θ ] and [λ

(t)
x , λ

(t)
y , λ

(t)
θ ] are set to [0.2, 0.15, 0.1] for MLP-Fashion MNIST, and

[0.3, 0.3, 0.05] for CNN-CIFAR-10. For SimFBO, the local step sizes [ηx, ηy, ηv] and [γx, γy, ηv]
are both set to [0.1, 0.05, 0.015]. For FedNest and LFedNest, we set the inner and outer step sizes
as follows: α = 0.02, β = 0.03 for CNN-CIFAR-10, and α = 0.01, β = 0.02 for MLP-Fashion
MNIST.
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G COMPARISON OF Rt IN (13) AND HYPERGRADIENT

In the case where the lower-level problem is non-convex, the hypergradient cannot be well-defined,
making a direct comparison with Rt in (13) infeasible. Consequently, the analysis is confined to
scenarios where the lower-level problem is strongly convex. Specifically, let gi(x, y) be a strongly
convex function, with X = Rdx and Y = Rdy . The hypergradient ∇Φ(x) is associated with the
hyper-objective Φ(x) := F (x, y∗(x)), where y∗(x) is the unique lower-level (LL) optimal solution.
Using the expression (6) for∇vγ(x, y) and the optimality condition of θ∗γ := θ∗γ(x, y), given as

∇yG(x, θ∗γ) +
θ∗γ − y
γ

= 0,

the residual function Rt(x, y) can be expressed as:

Rt(x, y) =
1

c2t

∥∥∥∥(∇xF(x, y) + ct
[
∇xG(x, y)−∇xG(x, θ∗γ(x, y))

]
∇yF(x, y) + ct

[
∇yG(x, y)−∇yG(x, θ∗γ(x, y))

])∥∥∥∥2 :=
1

c2t

∥∥∥∥∥
(
R

(1)
t (x, y)

R
(2)
t (x, y)

)∥∥∥∥∥
2

.

Compared to the stationarity measure R̃t(x, y) proposed in Equation (15) of Liu et al. (2024), our
work establishes the following relationship:√

Rt(x, y) =
1

ct
R̃t(x, y)

Thus, we can directly apply Lemma A.14 in Liu et al. (2024):
Lemma G.1. (Liu et al., 2024) Under Assumptions 3.1 and 3.2, suppose that X = Rdx , Y = Rdy ,
and the lower-level objective gi(x, y) is a µ-strongly convex. Let γ > 1/µ, then

∥y − y∗(x)∥ ≤ 2Lf + 4∥R(2)
t (x, y)∥

ctµ
. (116)

Additionally, suppose ∥R(2)
t (x, y)∥ ≤ Lf/ct, then ct∥y − y∗(x)∥ ≤ 6Lf/µ. If further

∇2
xyG(x, ·),∇2

yyG(x, ·) are LG,2-Lipschitz continuous, then

∥∇Φ(x)−R(1)
t (x, y)∥ ≤ Lµ

ct
+
L2

µ
∥R(2)

t (x, y)∥,

where Lµ :=
6Lf

µ

(
1 + L2

µ

)(
L1 +

6LG,2Lf

µ

)
+

6LΦLf

µ2γ with LΦ is a positive constant defined in
Lemma 2.2 of Ghadimi & Wang (2018).
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