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Abstract

This paper studies decentralized bilevel optimization, in which multiple agents col-
laborate to solve problems involving nested optimization structures with neighbor-
hood communications. Most existing literature primarily utilizes gradient tracking
to mitigate the influence of data heterogeneity, without exploring other well-known
heterogeneity-correction techniques such as EXTRA or Exact Diffusion. Addi-
tionally, these studies often employ identical decentralized strategies for both
upper- and lower-level problems, neglecting to leverage distinct mechanisms across
different levels. To address these limitations, this paper proposes SPARKLE, a
unified Single-loop Primal-dual AlgoRithm frameworK for decentraLized bilEvel
optimization. SPARKLE offers the flexibility to incorporate various heterogeneity-
correction strategies into the algorithm. Moreover, SPARKLE allows for different
strategies to solve upper- and lower-level problems. We present a unified conver-
gence analysis for SPARKLE, applicable to all its variants, with state-of-the-art
convergence rates compared to existing decentralized bilevel algorithms. Our
results further reveal that EXTRA and Exact Diffusion are more suitable for de-
centralized bilevel optimization, and using mixed strategies in bilevel algorithms
brings more benefits than relying solely on gradient tracking.

1 Introduction

Numerous modern machine learning tasks, such as reinforcement learning [25], meta-learning [4],
adversarial learning [36], hyper-parameter optimization [19], and imitation learning [3], entail nested
optimization formulations that extend beyond the traditional single-level paradigm. For instance,
hyper-parameter optimization aims to identify the optimal hyper-parameters for a specific learning
task in the upper level by minimizing the validation loss, achieved through training models in the
lower-level process. This nested optimization structure has spurred significant attention towards
Stochastic Bilevel Optimization (SBO). Since the size of data samples involved in bilevel problems
has become increasingly large, this paper investigates decentralized algorithms over a network of n
agents (nodes) that collaborate to solve the following distributed bilevel optimization problem:
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In this formulation, each agent 4 holds a private upper-level objective function f; : RP x R? — R
and a strongly convex lower-level objective function g; : R? x R? — R defined as:

fl(‘r7y) = Ed)ND_fi [E(%%@]a gz(xay) = EEN'Dgi [Gz(xayag)L (2)

where Dy, and D, represent the local data distributions at agent 4. This paper does not make any
assumptions about these data distributions, implying there might be data heterogeneity across agents.

Linear speedup and transient iteration complexity. A decentralized stochastic algorithm achieves
linear speedup if its iteration complexity decreases linearly with the network size n. Additionally, the
transient iteration complexity refers to the number of transient iterations a decentralized algorithm
must undergo to achieve the asymptotic linear speedup stage. The fewer the transient iterations, the
faster the algorithm can achieve linear speedup. This paper aims to develop decentralized stochastic
bilevel algorithms that can achieve linear speedup with as few transient iterations as possible.

Limitations in previous works. A significant challenge in decentralized bilevel optimization lies
in accurately estimating the hyper-gradient V®(z) through neighborhood communications. Several
studies have emerged to effectively address this challenge, such as those by [9, 33, 52, 16, 21, 40, 57,
29]. However, existing works suffer from several critical limitations:

* Stringent assumptions and inadequate convergence analysis. Many existing studies rely on
stringent assumptions to ensure convergence. For instance, references [9, 10, 33, 21, 52] assume
bounded gradients, while reference [29] assumes bounded data heterogeneity (also known as
bounded gradient dissimilarity). These restrictive assumptions do not arise in centralized bilevel
optimization, implying their potential unnecessity. Moreover, some of these works suffer from
inadequate convergence analysis, unable to clarify the transient iteration complexity [9, 33, 10] or
provide a sharp estimation of the influence of network topologies [52, 21].

¢ Limited exploration of various heterogeneity-correction techniques. Several concurrent stud-
ies [16, 57, 40] have utilized Gradient Tracking (GT) [50, 13, 38] to remove the assumption
of bounded data heterogeneity. However, it remains uncertain whether GT is the most suitable
mechanism for decentralized bilevel optimization. Many other techniques are also useful for
addressing data heterogeneity in single-level decentralized optimization, such as EXTRA [45]
and Exact-Diffusion (ED) [56, 30, 54] (which is also known as D? [46]). Even within GT, there
are variants including Adapt-Then-Combine GT (ATC-GT) [50], non-ATC-GT [38], and semi-
ATC-GT [13]. It remains unexplored whether these techniques for mitigating data heterogeneity
converge and even outperform GT when employed in decentralized bilevel algorithms.

¢ Unknown effects of employing different upper- and lower-level update strategies. In bilevel
optimization, the challenges in solving the upper- and lower-level problems differ substantially.
For instance, the upper-level problem (1a) is non-convex, whereas the lower-level problem (1b)
is strongly convex. Moreover, estimating the gradient at the lower level is considerably simpler
compared to estimating the hyper-gradient at the upper level. Understanding the roles of updates
at each level is crucial to develop more efficient algorithms. However, most existing algorithms
employ the same decentralized methods to solve both the upper- and lower-level problems. For
example, references [9, 52, 29] utilize decentralized gradient descent (DGD) for updates at both
levels while [57, 40, 16] leverage GT, overlooking the potential advantages of mixed strategies.

To address these limitations, several critical questions naturally arise: Should each heterogeneity-
correction mechanism listed in [50, 13, 38, 56, 30, 54, 46] be explored one-by-one? Should we
consider combining any two of these techniques to update the upper and lower-level problems,
respectively? It is evident that examining each individual heterogeneity-correction technique, and
even exploring their combinations, would involve an unbearable amount of effort.

Main results and contributions. This paper addresses all the aforementioned limitations without
exhaustively exploring all heterogeneity-correction techniques. Our main results are as follows.

* A unified decentralized bilevel framework. To avoid examining each single heterogeneity-
correction technique, we propose SPARKLE, a unified Single-loop Primal-dual AlgoRithm



Table 1: Comparison between different decentralized stochastic bilevel algorithms. K denotes the number of
(upper-level) iterations; 1 — p denotes the spectral gap of the mixing matrix (see Assumption 2); b2 bounds
the gradient dissimilarity; € is the target stationarity such that 25;01 E[||V®(z*)||?]/K < &; p and q are the
dimensions of the upper- and lower-level variables, reflecting per-round communication costs. Assumptions
of bounded gradient, Lipschitz continuity, and bounded gradient dissimilarity are abbreviated as BG, LC, and
BGD, respectively. We also list the best-known results of single-level GT, EXTRA, and ED at the bottom.

Algorithms Assumption® A.Rate.? A.Comp." A.Comm. ! Tran. Iter.© Loopless
DSBO [9] LC T % (pqlog(}) +9) & NA. No
MA-DSBO [10] LC T Llog(}) Llog(}) + & NA. No
SLAM [33] LC i - L3 log() 2ty NA. No
DG 7!,3
MDBO [21] BG A= amlog(l) e T No
M q 2 o, 13
Gossip DSBO [52] BG Vs Llog(l)  Llog(L) + 2% o No
LoPA [40]* BGD T 3 b NA. Yes
1 1 p+ n3 n3b2
D-SOBA [29] BGD S . by max {W W} Yes
i 3
SPARKLE-GT (ours) None e i 2t max { e, ) Yes
1 1 +qt n3
SPARKLE-EXTRA (ours) None Ny L %u ey Yes
1 1 He 3
SPARKLE-ED (ours) None T e % (IT—IT Yes
. D II,S n
Single-level GT [2, 28] None L 1 2, e R
1 p 773
Single-level EXTRA [2] None T 5 5 e Yes
. 1 1 p n?
Single-level ED [2] None Ny 2 nig e Yes

O The convergence rate when K — oo (smaller is better).

f The number of gradient/Jacobian/Hessian evaluations per agent to achieve s-accuracy when e — 0 (smaller is better).

 The communication costs per agent to achieve ¢-stationarity when ¢ — 0 (smaller is better).

<The transient iteration complexity to achieve linear speedup (smaller is better). “N.A.” means that the algorithm cannot
achieve linear speedup or the transient time cannot be accessed from existing convergence analysis.

” Additional assumptions beyond Assumption 1.

* LoPA solves the personalized problem, where the lower-level objectives are local to agents.

¥ a > 0 measures the relative sparsity of the mixing weights W, W,, W, which can be very small in certain cases. Here
1 — pin Tran. Iter. denotes the smallest spectral gap of W, W,, W . See more discussions in Appendix C.2.3.

frameworK for decentraLized bilEvel optimization. By specifying certain hyper-parameters,
SPARKLE can be tailored to SPARKLE-EXTRA, SPARKLE-ED, and SPARKLE-GT, which
employ EXTRA [45], ED [56, 30], or multiple GT variants [50, 13, 38], respectively, to facilitate
the upper and lower-level problems. Additionally, SPARKLE is the first algorithm enabling
distinct updating strategies across different levels; for example, one can utilize GT in the upper-
level but ED in the lower-level, resulting in a brand new SPARKLE-GT-ED algorithm.

* A unified and sharp analysis of various heterogeneity-correction schemes. We provide a unified
convergence analysis for SPARKLE, which immediately applies to all SPARKLE variants with
distinct heterogeneity-correction techniques. The analysis does not require restrictive assumptions
such as gradient boundedness used in [9, 10, 33, 21, 52] or data-heterogeneity bounded used
in [29]. Moreover, our analysis demonstrates the provable superiority of SPARKLE compared to
existing algorithms, as evidenced by the convergence rates listed in Table 1. Most importantly, our
analysis shows that both SPARKLE-EXTRA and SPARKLE-ED outperform SPARKLE-GT
(see Table 1), implying that GT is not the best scheme for decentralized bilevel optimization.

* Mixing strategies outperform employing GT alone. We demonstrate how optimization at
different levels affects convergence rates. Our theoretical analysis suggests that the updating
strategy at the lower level is crucial in determining the overall performance in decentralized bilevel
algorithms. Building upon this insight, we establish that incorporating the ED or EXTRA strategy
in the lower-level update phase leads to better transient iteration complexity than relying solely on
the GT mechanism in both levels as proposed in [10, 16, 40], see Table 2 for more details.

¢ Comparable performance with single-level algorithms. We elucidate the comparison between
bilevel and single-level stochastic decentralized optimization. On one hand, we demonstrate that
the convergence performance of all our proposed algorithms is not inferior to their single-level
counterparts (see the bottom part in Table 1). On the other hand, by considering specific lower-level
loss functions, our bilevel results directly yield the non-asymptotic convergence of corresponding



Table 2: The transient iteration complexity of SPARKLE with mixed updating strategies at various levels. The
smaller the transient iteration complexity is, the faster the algorithm will achieve its linear speedup stage. The
first row and column respectively indicate the updating strategy for the upper- and lower-level problems. Please
refer to Appendix B.3 for more implementation details and Appendix C.2.4 for proofs .

: upper ED EXTRA GT
ower
ED (1*5)2 (1*57)2 (1*:/;)2
EXTRA W (;77,3)2 %770)2
GT max{ufip)z,ﬁ} max{(lfip)mﬁ} max{(lfip)%W}

single-level algorithms. This is the first result demonstrating bilevel optimization essentially
subsumes the convergence of the single-level optimization.

Our main results are listed in Table 1. All SPARKLE variants achieve the state-of-the-art asymp-
totic rate, asymptotic gradient complexity, asymptotic communication cost, and transient iteration
complexity under more relaxed assumptions compared to existing methods.

Related works. A significant challenge in decentralized bilevel optimization is accurately estimating
the hyper-gradient V& (x), necessitating solving global lower-level problems and estimating Hessian
inversion. To this end, various decentralized techniques have been applied in bilevel optimization,
including Neumann series in [52], JHIP oracle in [9], HIGP oracle in [10], and augmented Lagrangian-
based communication in [33]. Additionally, reference [29] proposes a single-loop algorithm utilizing
decentralized SOBA. To enhance algorithmic robustness against data heterogeneity, recent studies
have employed Gradient Tracking (GT) in both lower- and upper-level optimization. However,
existing works built upon GT suffer from several limitations. Results of [16, 9] concentrate solely on
deterministic cases, while reference [40] addresses personalized problems in the lower-level, which
do not require achieving global consensus in the lower-level problem. Moreover, [9, 10] introduce
computationally expensive inner loops for GT steps. None of these works can establish smaller
transient iteration complexity than D-SOBA for decentralized SBO, even though the latter algorithm
employs no heterogeneity-correction technique.

The unified framework for single-level decentralized optimization has been extensively studied in the
literature. References [1, 49, 26] propose frameworks for decentralized composite optimization in
deterministic settings, while [2] investigates a framework under stochastic settings. However, none
of these works can be directly applied to decentralized bilevel algorithms. Several studies [21, 57]
utilize variance reduction techniques to accelerate the convergence of stochastic decentralized bilevel
algorithms. Our proposed SPARKLE framework is orthogonal to variance reduction; it can also
incorporate variance-reduced gradient estimation to achieve improved convergence rates. More
relevant works on decentralized optimization and bilevel optimization are discussed in Appendix A.

Notations. We use lowercase letters to represent vectors and uppercase letters to represent matrices.
T T

We introduce col{z1, ..., x,} := [z], ..., ]T € RP" for brevity. Variables with overbar denote the
average over all agents. For example, zF = "7 | 2% /n. We denote A = A4 — %1,11;1r for matrix
A € R™ "™, where 1,, € R™ denotes the n-dimensional vector with all entries being one. For a
function f(z,y) : R? x R? — R, we use V1 f(x,y) € RP, Vo f(z,y) € R? to represent its partial
gradients with respect to  and y, respectively. Similarly, V12 f(z,y) € RP*9, Voo f(x,y) € R9%?
represent the corresponding Jacobian and Hessian matrix. We use the notation < to denote inequalities

that hold up to constants related to the initialization of algorithms and smoothness constants.

2 SPARKLE: A unified framework for decentralized bilevel optimization

This section develops SPARKLE, a unified framework for decentralized bilevel optimization, and
discusses its numerous variants by specifying certain hyper-parameters.
2.1 Three pillar subproblems in decentralized bilevel optimization.

When solving the upper-level problem (1a), it is critical to obtain the hyper-gradient V&(z), which
can be expressed as [22]

V() = Vi f (o, 5" (2) — Vigg(w,y*(2) [Virg(w,y* (2))] " Vaf (@, 5" (x). 3)



Evaluating this hyper-gradient is computationally expensive due to the inversion of the Hessian matrix.
This evaluation becomes even more challenging over a decentralized network of collaborative agents.
First, the inverse of the Hessian matrix cannot be obtained by simply averaging the local Hessian
inverses due to [1 3" | V2,9, (z, y*(2))] 7! # 230 [V359:(x,y*(2))] ! Second, the global
averaging operation cannot be realized through decentralized communication. To overcome these
challenges, one can introduce an auxiliary variable z* () := [V3,9(z, y*(2))] "' Vaf (z,y* (x)) [12],
which is the solution to a quadratic problem

.1 " *

#(2) = argmin {QZTvazg (2,5 ()) 2 — 2T Vaf (z,y <x>>} . @
zeR9

Once z*(x) is derived by solving (4), we can substitute it into (3) to achieve V®(z).

Following this idea, solving the distributed bilevel optimization problem (1) essentially involves
solving three subproblems, where h;(z,y*(2), z) := 52" V39 (z,y* ()2 — 2 Va f;(z, y* (2)),

1 n

T* = argmin — Z filz,y*(x)), (upper-level) (5a)
x€Rp T i—1
1 n

y* () = argmin = > gi(z,y), (lower-level) (5b)
yeRe TV T
n

* : 1 * ey

2*(x) = argmin — Z hi(x, y*(x), 2). (auxiliary-level) (5¢)

z€Rae T i=1

Given the variable x, one can achieve y*(x) by solving the lower-level problem in (5b). With y*(z)
determined, z*(z) can be obtained by solving the auxiliary-level problem in (5¢). Subsequently, with
z*(x) available, one can directly compute the hyper-gradient and solve the upper-level problem in
(5a) using gradient descent. This constitutes the primary methodology to solve problem (1).

A bilevel algorithm essentially solves three subproblems listed in (5), each formulated as a single-level
decentralized optimization problem. Nevertheless, primary approaches may suffer from nested loops
in algorithmic development. A few recent studies [12, 11, 57, 29] propose to solve each problem in
(5a)-(5¢c) approximately with one single iteration, leading to practical single-loop bilevel algorithms.
For example, applying a D-SGD step [43] to each of (5a)-(5¢) yields the D-SOBA method [29], while
further leveraging the GT technique leads to decentralized bilevel methods in [9, 16, 57, 21].

However, it is less explored whether numerous other heterogeneity-correction techniques [50, 13,
38, 56, 30, 54, 46] beyond GT can be incorporated into algorithmic design to achieve even better
performance in bilevel optimization. To avoid exploring each case individually, we next introduce a
general framework that unifies all these techniques for solving single-level problems.

2.2 A unified framework for decentralized single-level optimization.

In this subsection, we consider solving the single-level problem min,;cre %21;1 fi(x) over a
network of n nodes. For each k-th (K > 0) iteration, we let :pf denote the local x-variable maintained
by the i-th agent. Furthermore, we associate the topology with a weight matrix W = [w”}? j=1 €
R™*™ in which w;; € (0, 1) if node j is connected to node 4 otherwise w;; = 0. We use bold symbols
to denote stacked vectors or matrices across agents. For example, x* = col{z¥, ..., 2%} € RP" and
W =W ® I,,, where ® denotes the Kronecker product operator.

A unified framework with moving average. Building on the formulation in [1, 2], we develop a
unified primal-dual framework with moving average for decentralized optimization:

il = (1 - 0)rF 4 0gk, x* = CxF — aAr*t — BdF, dFf =dF £ BxXMTL (6)

Here x* denotes the primal variable, d* denotes the dual variable introduced to mitigate the influence
of data-heterogeneity, g” stacks all (stochastic) gradients evaluated at z¥ for 1 < i < n, r* denotes
the momentum introduced to boost training with coefficient 6 € [0, 1], and o > 0 is the learning rate.
Matrices A, B, C € RP"*P™ are adapted from the mixing matrix W, which determine how agents
communicate with each other. See Appendix B.1 for more detailed motivations.

Framework (6) unifies various decentralized techniques in the literature. For instance, by letting
6 = 1 and specifying A, B, C delicately, framework (6) reduces to ED, EXTRA, and numerous GT



Algorithm 1 SPARKLE: A unified framework for decentralized stochastic bilevel optimization

Require: Initialize x* = y* = 2° =10 = 0, d? = d) = d? = 0, learning rate o, Bk, Vi, 0.
fork=0,1,--- ,K —1do

vyl = Cuy* — BrA,vE —BydE,  dit! =dk 4 B,y > lower-level update
2" = C,z" — v, ALp* — B.d", dk+t = dk 4+ B, zF 1, > auxiliary-level update
rFt1 = (1 — 0p)rF + Ou*; > momentum update
xFH = CuxF — apA,rktt — Bydk, dFT = dE 4 BoxML > upper-level update
end for

variants, see Table 3 and Appendix B.1 for more details. Framework (6) is closely related to the
unified decentralized method developed in [1, 2]. The primary difference lies in the incorporation
of the momentum variable r¥, which can help improve the transient iteration complexity of the
framework (6) and relax the smoothness condition for bilevel algorithms [11]. A detailed comparison
between framework (6) and that proposed in [1, 2] is provided in Appendix B.2.

2.3 A unified framework for decentralized bilevel optimization.

By utilizing the unified framework (6) to approximately solve each subproblem in (5) with only
one iteration, we achieve SPARKLE, a unified single-loop framework for decentralized bilevel
optimization. In particular, we independently sample data £ ~ D fis ¢k~ D,, within each node at
iteration k, and evaluate stochastic gradients/Jacobians/Hessians as follows

P =VaFi(af,yl &), b = VaFi(el,ul &), of = VaGilal,ui (),

Jzk :V%QGZ(xfayfv<z’€)7 sz = v%2GZ(‘rflfay57Czk)

Next we stack the descent directions for variables of each level as follows

lower-level stochstic gradient: vF = col{vF, ..., v},
auxilliary-level stochstic gradient: p* =col{HEk — bk .. HFF —pkY,
upper-level stochstic gradient: ~ u® = col{I¥ — JF2F 1 1k — gh k1Y

The SPARKLE algorithm is detailed in Algorithm 1. In this algorithm, we utilize different dual
variables ds and communication matrices A, B, C, for each variable s € {z,y, 2z} to optimize
their respective objective functions. We use momentum r* only for updating the upper-level variable,
which is sufficient to enhance convergence of bilevel algorithms and relax the smoothness condition.

Versatility in decentralized strategies. SPARKLE is highly versatile, supporting various decentral-
ized strategies by allowing the specification of different communication matrices A, B, and C;.
For example, by setting A, = I, B, = (I — W)'/2, and C, = W for any s € {z,, 2z}, SPARKLE
will utilize EXTRA to update variables x, y, and z, resulting in the SPARKLE-EXTRA variant. Other
variants can be achieved by setting A, B, and C; according to Table 3. These variants can be
implemented more efficiently than listed in Algorithm 1, see Appendix B.3.

Flexibility across optimization levels. SPARKLE supports different optimization and communi-
cation mechanisms for each level of (5), which can be directly achieved by choosing different A,
B, and C; matrices for each level s € {z,y, z}. For example, SPARKLE can utilize GT to update
the upper-level variable  while employing ED to update the auxiliary- and lower-level variables y
and z. Throughout this paper, we denote SPARKLE using the decentralized mechanism L for the
lower-level and auxiliary variables, and U for the upper-level in Algorithm 1, by SPARKLE-L-U,
or simply SPARKLE-L if L = U. In addition, SPARKLE even supports utilizing different mixing
matrices W, Wy, W, across levels.

3 Convergence analysis

In this section, we establish the convergence properties of the SPARKLE framework and examine
the influence of different decentralized techniques utilized across optimization levels.



Table 3: SPARKLE facilitates different decentralized techniques by specifying A, B, C, for se{z,y, z}.
We denote the stacked local variables and the associate gradients estimates by s€{x, y, z} and g(s), respectively.
The update rule refers to the specific algorithmic recursion for each level. See derivations in Appendix B.2.

Algorithms A, B C;  The specific update rule at the k-th iteration.

ED W, I-W,: W, W, (2sF1 — 5% — o (g(s*+!) — g(s")))

EXTRA I I-W,): W, W, (281! —sF) — a (g(sF1) — g(s"))

ATC-GT w2 I-W, W2 W, (s* —ah¥), b5t = W, (b 4 g(s*1) — g(s"))

Semi-ATC-GT W, I-W, W2 s"!=Wssk_ah? hi"l =W, (b} +g(sk*!) — g(s"))

Non-ATC-GT I I-W, W2 g1 =W_s" —ah® hit! = W he 4 g(sFt1) — g(s¥)

3.1 Assumptions

Before presenting the theoretical guarantees, we first introduce the following assumptions used
throughout this paper.

Assumption 1. There exist constants fig, Lo, Ly 1,Lg 1, Lgo such that forany 1 <i <mn,
1. Vfi,Vgi,V2g; are Ly, Lg 1, Ly 2 Lipschitz continuous, respectively;
2. IVafi (z,y*(x)) || < Ly for any x € RP;?
3. gi(x,y) is pg-strongly convex with respect to y for any fixed v € RP.
Moreover, we define L := max{L;o,Ls1,Lg1,Lg2} and k := L/p,.
Assumption 2. Foreach s € {x,y, z}, the corresponding mixing matrix Ws € R™*™ s non-negative,
symmetric and doubly stochastic, i.e.,

W,=w/), Wi,=1, (W,);>0, V1<ij<n,

and the corresponding communication graph is strongly-connected, i.e., its eigenvalues satisfy
1=XM(Ws) > (W) > ... > N\ (Ws) and p(Wy) := max {|Aa(W5)], A\, (W)|} < L.

The value 1 — p(W) is referred to as the spectral gap in the literature [34, 53, 31] of W, which
measures the connectivity of the communication graph. It would approach 0 for sparse networks. For
example, it holds that 1 — p(W) = ©(1/n?) for the matrix W, induced by a ring graph.

Assumption 3. Forany s € {x,y, z}, we assume the communication matrices A, By, Cs used in
SPARKLE are polynomial functions of Ws. Furthermore, we assume Ag, Cy are doubly stochastic,
and Null(B;) = Span{1,,}. In addition, we assume all eigenvalues of the augmented matrix

?s_ BS Bs
LS o l: _Bs E :l

are strictly less than one in magnitude, where C,2C,— 71 1T and 1, £ I, nll.

We remark that Assumption 3 is mild and is satisfied by all choices listed in Table 3. See more
discussions in Appendix C.2.2.

Assumption 4. We assume VF;(z,y; &), VGi(z,y; &), and V2G;(x,y; €) to be unbiased estimates
of Vfi(x,y),Vai(z,y), and V?g;(x,y) with bounded variances U%l, 03’17 03’2, respectively.

3.2 Convergence theorem

Under the above assumptions, we establish the convergence properties as follows. Proof details can
be found in Appendix C.

3This is more relaxed than Lipschitz continuous f;, or bounded V2 f; in [21, 57, 33, 11].



Theorem 1. Under Assumptions 1 — 4, there exist proper constant step-sizes c, [3, v and momentum
coefficient 0, such that the SPARKLE framework listed in Algorithm 1 will converge as follow:

K 2 1

1 K20 16 o3 7 o2
— ) E[|Ve@")|?] < ENQ 5. L p—
T IV EEITS o+ Gy +0u) T 4 nlbaa

1
5 K K’
where o £ max{o 1,041,042}, {0s.i}3_, are constants depending only on W, A5, B, Cy for
s € {x,y, 2z}, and C,,, Cy are constants independent of K. See Lemma 17 for their detailed values.

2
5 1
+ (158, 4+ 10%..5) ;’; (5 8y + 1Y 0+ k30 ) 7 (RCa + K1C)

In the deterministic scenario with o = 0, SPARKLE converges at the rate O(1/K), see the formal
theorem and derivation in Appendix C.3. This recovers the rate in [15] under even milder assumptions.
Unlike reference [15], which only considers GT in the deterministic setting, SPARKLE is a unified
bilevel framework for the more general stochastic setting.

Linear speedup. According to Theorem 1, SPARKLE achieves an asymptotic linear speedup
as K approaches infinity, which applies to all SPARKLE variants regardless of the decentralized
strategies employed and whether they are utilized at different optimization levels. Furthermore, the
asymptotically dominant term x°c/(v/nK ) matches exactly with the single-node bilevel algorithm
SOBA [12] when n = 1, implying the tightness of Theorem 1 in terms of the asymptotic rate.

K ook ok
Remark 1. We establish an upper bound for the consensus error % > E [ka ;xk I + " ;Lyk I }
k=0
Please refer to Lemma 19 in Appendix C.2.1 for more details.

3.3 Transient iteration complexity
With the non-asymptotic rate established in Theorem 1, we can derive the transient iteration complex-
ity of SPARKLE as follows. The proof is in Lemma 18.

Corollary 1. Under the same assumptions as in Theorem 1, the transient iteration complexity of
SPARKLE—with the influence of k and o® omitted for brevity—is on the order of

max {nzéx,nséy,n‘géz,n&,ngwn&}, ®)
where J, Ss only depend W, A, By, C, for s € {x,y, z}. Their values are in Lemma 18.

We obtain the transient iteration complexity of each variant of SPARKLE by applying Corollary 1.
Corollary 2. For SPARKLE-ED and SPARKLE-EXTRA, if we chooseW,, = W _, it holds that

0a = O ((1=p(Wa))™?), by = 0. =0 ((1—p(W,))~?),

bo=0 (=W 3). 6, =8 =0 ((1-p(W,)?). )

Furthermore, if we choose W, = W, = W _ and denote p £ p(W,), the transient iteration
complexity derived in (8) can be simplified as n>/(1 — p)2.
Corollary 3. For SPARKLE-GT and its variants with semi/non-ATC-GT, if we let W, = W,

5 =0 ((1—p(Wa))7?), by =0.=0((1-p(Wy))7?),
ba=0((1=p(W,)2), §,=6.=0 ((1 - p(wy))—%) .

Furthermore, if we let W, = W, = W and denote p 2 p(W,,), the transient iteration complexity
derived in (8) can be simplified as max{n>/(1 — p)%,n/(1 — p)*/3}.

Remark 2 (SOTA transient iterations). Comparing with algorithms listed in Table 1, all SPARKLE
variants achieve smaller transient iteration complexity, implying that they can achieve linear speedup
much faster than the other algorithms, especially over sparse network topologies with 1 — p — 0.
Remark 3 (GT is not the best technique for decentralized SBO). While GT is widely adopted in the
literature [16, 21, 57] to facilitate decentralized SBO, a comparison of Corollary 2 and 3 reveals that
both SPARKLE-EXTRA and SPARKLE-ED outperform SPARKLE-GT in terms of transient
iteration complexity. This implies that EXTRA and ED are better than GT for decentralized SBO.



3.4 Different strategies across optimization levels

Corollary 1 clarifies how different update strategies for x, y, and z impact the transient iterations
through constants {55,55} for s € {z,y,z}. Since §, = I, and 5y = 6, when W, = W,
(Lemma 18), we naturally employ the same strategy to update y and z. The following corollary
studies the utilization of both ED and GT in SPARKLE. See the transient iterations complexity of
other mixed strategies in Appendix C.2.4 and Table 2.

Corollary 4. For SPARKLE-ED-GT which uses ED to update y and z and GT to update x, if
W, =W, =W, and we denote p = p(W,,), it then holds that

6, =0,=06.=0(1-p)7?), 0, =0,=0,=0(1-p)7?),
2

which implies that the transient iteration complexity in (8) can be simplified as n>/(1 — p)2.

Remark 4 (Mixed strategies outperform employing GT only). Comparing Corollary 3 and 4, we find

that using ED to update y and z will lead to smaller 6, and J,, which improves the transient iteration
complexity compared to employing GT only in all optimization levels (see Corollary 3).

3.5 Different topologies across optimization levels

In SPARKLE, we can utilize different topologies across levels. Theorem 1 and Corollary 1 have
clarified the influence of using different topologies across levels through the constants {4, o5} for

s € {x,y, z}. For instance, when substituting {4, d, } established in (9) into (8), SPARKLE-ED has
the following transient iteration complexity:

max{n*(1 — p(W,)) "%, n*(1 — p(W,)) "2}

where W, is the mixing matrix for updating x, while W, is for updating y and z. As long as
(1—p(W,))t < v/n(1—p(W,))~! holds, SPARKLE-ED retains the transient iteration complexity
of n3(1 — p(W,))~2, which allows for the utilization of a sparser network topology when updating
z, thereby reducing communication overheads. Consequently, the ratio a of the communication
volume per round for the variables x and ¥y can be significantly less than one. See Appendix C.2.3 for
discussion on how to use different topologies across levels in other SPARKLE variants.

3.6 Recovering single-level decentralized optimization

Previous works typically study single-level and bilevel optimization separately. By taking
Gi(x,y,€) = |y|?/2 and F;(z,y,¢) = Fi(x, ) into (2), the decentralized SBO problem (1) re-
duces to stochastic single-level optimization. By setting z* = 0, y* = 0, u} = V, fi(aF, &F),
SPARKLE reduces to the single-level framework (6), whose convergence can be naturally guaranteed
by Theorem 1. Please refer to Appendix C.4 for the detailed proof and results. This is the first
result demonstrating that bilevel optimization essentially subsumes the convergence of single-level
optimization.

4 Numerical experiments

In this section, we present experiments to validate our theoretical findings. We first explore how
update strategies and network structures influence the convergence of SPARKLE. Then we com-
pare SPARKLE to the existing decentralized SBO algorithms. Additional experiments about a
decentralized SBO problem with synthetic data are in Appendix D.1.

Hyper-cleaning on FashionMNIST dataset. We consider a data hyper-cleaning problem [44] on
a corrupted FashionMNIST dataset [48]. Problem formulations and experimental setups can be
found in Appendix D.2. Firstly, we equip SPARKLE with different decentralized strategies in
different optimization levels and then compare them with D-SOBA [29], MA-DSBO-GT [10], and
MDBO [21] using the corruption rate p = 0.1, 0.2, 0.3, respectively. As is shown in Figure 1, all
the SPARKLE-based algorithms generally achieve higher test accuracy than D-SOBA, while ED
and EXTRA especially outperform GT. Meanwhile, using mixed strategies (i.e., SPARKLE-ED-GT
and SPARKLE-EXTRA-GT) achieves similar test accuracy with SPARKLE-ED and SPARKLE-
EXTRA and outperform SPARKLE-GT, respectively. These observations match with the theoretical
results in Corollary 2-4 and Remark 3, 4.
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Figure 1: The test accuracy on hyper-cleaning with various SPARKLE-based algorithms using different
corruption rates p. (Left: p = 0.1, Middle: p = 0.2, Right: p = 0.3.)
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Figure 2: Test accuracy of SPARKLE-EXTRA on Figure 3: The upper-level loss against samples gener-
hyper-cleaning. (Left: fixed graph for = and varying ated by one agent of different algorithms in the policy
graph for y, z; Right: fixed for y, z and varying for )  evaluation. (Left: n = 10, Right: n = 20.)

Next, we test SPARKLE-EXTRA with two communication strategies including fixed topology for
updating x and varying topology for y, z, and fixed topology for updating y, z and varying topology
for x. As illustrated in Figure 2, maintaining a fixed topology for « while reducing the connectivity
of the topology for y and z will deteriorate the algorithmic performance. Conversely, preserving the
topology for y and z while decreasing the connectivity for x has little impact on the performance.
This suggests that the influence of the network topology for y and 2z on the algorithm dominates
over the topology for x, which is consistent with our discussion in Section 3.5. We also numerically
examine the influence of moving average on convergence, see discussions in Appendix D.2.

Distributed policy evaluation in reinforcement learning. We consider a multi-agent MDP problem
in reinforcement learning on a distributed setting with n € {10, 20} agents respectively, which can
be formulated as a decentralized SBO problems [52]. Here, we compare SPARKLE with existing
decentralized SBO approaches including MDBO [21] and the stochastic extension of SLDBO [16]
over a Ring graph. Figure 3 illustrates that SPARKLE converges faster and achieves a lower sample
complexity than the other baselines, especially when n = 20, which shows the empirical benefits of
SPARKLE in decentralized SBO algorithms with a large number of agents and sparse communication
modes. More experimental details are in Appendix D.3.

Decentralized meta-learning. We investigate decentralized meta-learning on minilmageNet [47]
with multiple tasks [18], formulating it as a decentralized bilevel optimization problem. This approach
minimizes the validation loss with respect to shared parameters as the upper-level loss, while the
training loss is managed by task-specific parameters at the lower level. Additional details about
the experiment can be found in Appendix D.4. Our method, SPARKLE, is benchmarked against
D-SOBA [29] and MAML [18], demonstrating a significant improvement in training accuracy.

5 Conclusions and limitations

This paper proposes SPARKLE, a unified single-loop primal-dual framework for decentralized
stochastic bilevel optimization. Being highly versatile, SPARKLE can support different decentralized
mechanisms and topologies across optimization levels. Moreover, all SPARKLE variants have been
demonstrated to achieve state-of-the-art convergence rate compared to existing algorithms. However,
SPARKLE currently supports only strongly-convex problems in the lower-level optimization. Its
compatibility with generally-convex lower-level problems remains unknown. Additionally, the
condition number of the lower-level problem significantly impacts the performance, as is the case
with existing bilevel algorithms. We aim to address these limitations in future work.
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A More related works

Bilevel optimization. Bilevel optimization presents substantial difficulties compared to single-level
optimization due to its nested structure. Estimating hyper-gradient V®(x) of the upper level involves
solving lower-level problems and estimating the Hessian inverse, which requires additional calcu-
lations. Many algorithms and techniques have been proposed to solve the challenge. Approximate
Implicit Differentiation (AID)-based algorithms [14, 22, 23, 27] leverage the implicit gradient form of
V®(x), which entails solving a linear system to obtain the Hessian-inverse-vector product. Similarly,
[8, 25] utilize the Neumann series to handle the Hessian inverse. Iterative Differentiation (ITD)-based
algorithms [19, 35, 14, 23, 27] use iterative methods solving the lower-level problem and then es-
timate the hyper-gradient through automatic differentiation. However, these approaches introduce
inner steps, leading to extra computational overhead and memory spaces. [12] proposes a single-
level algorithm called SOBA, which approximating the Hessian-inverse-vector product by solving
a quadratic programming problem. A recent work [20] utilizes the Krylov subspace technique and
the Lanczos process to approximate it in deterministic scenarios. For stochastic bilevel optimization,
various methods have been employed to improve the convergence rate, such as momentum [7, 11]
and variance reduction [51, 27, 24].

Decentralized optimization. Decentralized optimization is developed to deal with large-scale
optimization problems, where datasets are distributed among multiple agents. Without a central
server, each agent only gets access to its own local data and communications are limited to its
neighbors in a network. Compared with centralized algorithms, decentralized ones preserve data
privacy, and are more robust to contingencies in the communication network. However, due to the
absence of a central server, decentralized optimization requires communication among agents, posing
greater challenges for convergence, especially in the presence of severe data heterogeneity. To tackle
this issue, various algorithms have emerged, such as decentralized gradient descent [39, 55], diffusion
strategies [6], dual averaging [17], EXTRA [45], Exact Diffusion (a.k.a. D?) [56, 30, 46], gradient
tracking [50, 13, 38], and decentralized ADMM [5]. In stochastic scenarios, a common method for
decentralized optimization is the decentralized stochastic gradient descent (DSGD), which has gained
a lot of attentions recently. It has been proved to achieve linear speedup asymptotically and shares
the same asymptotic rate with centralized stochastic gradient descent [31].

B More details of SPARKLE

B.1 Primal-dual deviation

Here we provide a detailed motivation of the update framework (6) for decentralized single-level
algorithms. First, we rewrite the single-level distributed optimization problem in the following
equivalent form:

1 n
min f(z1,...,2,) = - S filwi), stom=..=uan, (10)
1=1

;i €Rd

where each f; is smooth and possibly non-convex. To simplify the notation, we assume that d = 1
without loss of generality. Now we introduce three symmetric matrices A, B, D such that A is a
doubly stochastic communication matrix with p(A) < 1, and B, D satisfy NullB = NullD =
Span{1,}. In general, B (D) determines the topology of a connected graph G (Gp) over agents.
The constraint Bx = 0 (Dz = 0) is equivalent to:

x; = x; if x;, x; are adjacent in G (Gp).

To simplify the derivation, we additionally assume that A, B, D are pairwise commutative. Then for
x = (z1,...,Tpn), wWe have:

r1=..=2,Br=0&Dr=0& Ax = x.
Therefore, (10) can be equivalently reformulated as

min f(Ax), s.t.Bx=0. (11)
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We construct the augmented Lagrangian function of the problem (11) as follows:
L,(w,d) = f(Az) + (d, Bx) + £| Da %,

where = denotes the primal variable, d denotes the dual variable or Lagrangian multiplier associated
with the consensus constraint, || Dx||? serves as the penalty term measuring the deviation from
Dx = 0, or equivalently Bz = 0; p > 0 is the penalty coefficient. Though the introduction of
matrices A, D is essentially a matter of equivalent substitution, it enhances the universality of the
algorithm framework we get.

Following classical primal-dual methods, we alternately perform gradient descent on = and gradient
ascent on d in the k-th iteration:

Pt = 2% — a(AV f(A2®) + Bd® + pD%2%),  d"T! = d¥ + B2,
where «, 5 denote the step-sizes. By making the change of variables
ik = Aok dF = \/gAdk, B=+/apB,C=1-apD? A= A2
we obtain
ikt = ik — 0 AV f(&F) — Bd*, d**! =d* 4+ BiktL (12)

One should note that the definition implies that g, C are doubly stochastic communication matrices
under appropriate selections of «, p. Finally, thanks to the introduction of moving-average iteration
of (12), we can obtain the framework (6) which serves as the foundation for our algorithm design.
See more details in Section 2.3.

B.2 Specific instances

Relation to some existing single-level algorithm frameworks According to (12), our framework
at single-level is

xF = Cx? — aAgh — Bd* d"! =d* + Bx* k=0,1,.. (13)

where « is the step-size, g¥ denotes the estimated gradient at the k-th iteration, d serves as the dual
variable.

Replacing C with CA, we get UDA[1], and equivalently, SUDA [2]:
x"! = CAX" — aAgh - Bd*,d*"' =d* + Bx"" k=0,1,...

Therefore, following SUDA, we can also recover some common state-of-the-art heterogeneity
methods as follows by selecting specific A, B, C. First, from (13) we get

Xk}-‘rQ _ Xk+1 _ C(Xk}-‘rl _ Xk) — aA (gk-‘rl _ gk:) _B (dk+1 _ dk})
— C (Xk+1 _ Xk) _ O(A (gk+1 _ gk) _ B2Xk+1.
Thus, for £ > 0 we have
xk+2 — (I B2y C) < oxk — oA (gk+1 . gk) ,

with x! = Cx" — aAg®.

Some specific instances We next show that how to choose A, B, C to get some common hetero-
geneity methods.

* ED: Taking A = W, B = (I - W)¥/2 and C = W, we get ED:
k2 W (2xk+1 —x*_ (gk+1 _ gk)) 7

with x! = W (x° — ag?).
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+ EXTRA: Taking A = I, B = (I — W)'/2 with C = W, we get EXTRA:
<F 2 W (2xk+1 - xk) —a (gk+1 - gk) 7
and x! = Wx? — ag?.
* Adapt-then-combine gradient tracking (ATC-GT): The iteration of ATC-GT is
< W (ch _ ahk) hftl =W (hk Lghtl gk)
with h® = Wgl x0 = Wx? (29 = ... = 29). It follows that for k > 0
M2 WxHH = W - WP — oW (WM - Wh)
Then we obtain
<F 2 — oWxE T _ W2xF — o W2 (gk+1 _ gk> 7

with x! = W2x% — aW?2g?. Thus, we can take A = W2 B = (I - W)2,C = W2 to
implement ATC-GT.

Semi-ATC-GT: The iteration of Semi-ATC-GT is
< — W (ch . ahk) hF*+1 — Wh + gk+1 . gk
with h® = Wgl x? = Wx? (20 = ... = 20). Like ATC-GT, we have
th+2 — 2WXk¢+1 _ WQXk — aW (gk+1 _ gk) ,

with x! = W?2x% — aWg’. Thus, we can take A = W,B = (I - W)2 C = W? to
implement semi-ATC-GT.

¢ Non-ATC-GT: The iteration of Non-ATC-GT is
—+1 _ ka _ O[hk hk+1 — th + gk+1 _ gk

with h® = Wgl x0 = Wx? (20 = ... = 20). We have
2 _ oWxht - Wikt — q (g5 - gb)

with x! = W2x% —ag®. Thus, we cantake A = I, B = (I- W)?2, C = W? to implement
Non-ATC-GT.

B.3 Implementation details

Given the update method L, we update the lower-level variable y at the k-th (kK > 0) iteration as

follows. For brevity, we define y; ' = ¢, v; ' = 0,00 = Y7 (W,,)i;0).

yrtt =0 (Wi (2uF — i = B (vF — oY) if L=FED

. g ; 1) ifL=EXTRA

yzlﬁl = Zﬁzl(Wy)ij (yk - 5k0k) oftt = P (Wy)ij (0}? +oftt — vf) ifL =GT

e others

(14

Similarly, we update the auxiliary variable z at the k-th (k > 0) iteration as follows. For brevity, we
define z; ' = 20, p; " = 0,h9 = 3" (W.);;p9. Note that we use the same method L to update =
as we do for the lower-level variable y.

Zf+1 _ Z?:l(wz) (22: ;f 1_ (pl _pl )) ifL=FED
A= N W)y (227 = =5 1) = e (o i) L= parna
S W) (o = b S (W (1 4 - ) L= GT
others

(15)

Given the update method U, we update the upper-level variable x at the k-th (k > 0) iteration as

follows. For brevity, we define z; ' = 20,2 = Y>"_ | (W,);;r7.
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ahtt = D (Wi (22% — xf Uy (rft = k) ifU=ED
wi =30 (W) (22F —257Y) — o (rfT = 1F) if U= EXTRA
P = I (W (0 = ) 5 = S (Wa)y (8 452 = 41) irU = 6T
others
(16)

Then the practical implementation of SPARKLE with mixed strategies is

Algorithm 2 SPARKLE-L-U
Require: Initialize 70 = ¢ = 20 = rQ = 0, step-sizes ag, Bk, Vi, Ok-
for k =0,1,--- , K — 1, each agent i (in parallel) do
Update ka according to (14);
Update 2 according to (15);
ri Tt = (1= 0)rf + Opul s
Update 27 according to (16).
end for

C Convergence analysis

C.1 Proof of Theorem 1

C.1.1 Notations

We use lowercase letters to represent vectors and uppercase letters to represent matrices. Stacked
vectors [z , ...,z ]T is denoted by col{z1, ..., x,,} for brevity. We denote a block diagonal matrix
with diagonal block M;(1 < 4 <) by blkdiag{ M, ..., M;}, and a diagonal matrix with diagonal
elements d;(1 < i < k) by diag{d, ..., di }. The Kronecker product operator is denoted by ®. For a
variable v, we use v¥ to represent its components at k-th iteration and i-th agent.

Moreover, we use an overbar above an iterator to denote the average over all agents. For example,
k= Dy x¥ /n. Upright bold symbols are used to denote stacked vectors or matrices across

agents. For example, x* := col{z}, ...,z }, x* := col{z¥, ..., ¥} (ntimes), W, := W, @ Lyim (x)-
Denote the 2-norm of a matrix by || - ||.

Next, we define following o-fields which will be used in our convergence analysis:

_ 0 k+1 0 k+1 0 k0 k
]—'kfo(y,.‘.,y VZ .. Z ,x,...,x,r,...,r),

_ 0 E+1 0 E L0 E 0 k
le—a(y,...,y 7z,...,z,x,...,x,r,...,r),

_ 0 kE 0 kE L0 k 0 k
gk—o(y,...,y7z,...,z,x,...,x,r,...,r),

and denote E[-| 7] by By, E[-|[t4s] by Ey., E[|Gx] by Ey, for brevity.
Define

n -1 n
= (Z V329i (x7y*<x))> (Z Vafi (Ivy*(l‘))> ;

Then, for k =0, 1,-- -, define:

zf“:(vagz Lyt(E ))) (szfz z*, ))>.

For convenience, we define x 1 = x% y=! = y0 y*(z71) = y*(29), 20 = 2},



C.1.2 Basic transformations

We begin with conducting SUDA-like [2] transformations, which is fundamental of the following
proofs.

Firstly, we define t* to track the averaged stochastic gradients among agents as follows
ty = By(dy — Byy") + ﬁAyvzg(_ka "),
tf = B.(d} - B.2") + yA.p* (%", 711, (17)
tF = B, (dF — B,x") + 0A, V& (x"),

where kigk Sk+1 2 k+1 k ~k+1
p (i/7y,+):C01{V229i 7y+)z _VQf( 7+)},L 1

VB (x¥) = col { V1 fi(a, 5" (7)) — Viogi(e¥, 5" ()41}

Then the iteration of y, z, x in Algorithm 1 can be written as:

iteration of y : v = (Cy~ BQ) - k ~ Py [v - Vasx ,yk) ’ (18)
et =t + B2y + 8A, [Vzg( ML) - Vag(xF, 94)]
iteration of z : {ZkH = (C. - Bi)Zk a t]; — A [p -P ( k kH)] ’ (19)
i =L + Blz" 4 yA, [pMTIEML ) - ph (RN YY)
x" 1 = (C, - B2)x" —tF —aA, [rk"'1 - %‘I’(ik)} ,
iteration of x : (20)

thtl =t 4+ B2x" + aA, [V<I>( Rty _ 6@(2’“)} .

Next, we present the transformation of the matrices A, B, C. For a communication matrix W for the
variable s € {z,y, z} satisfying Assumption 2, there exists an orthogonal matrix U such that:

. 1 ~1M1 o] |—=1T
= T—|—=1 U,
e ol [

where A, = diag{\s;}7,, U—r € R (n=1) gaisfies U, U =1, — 71 1] and lTU = 0. Then
it follows that:

1
A 1 o | [Has 0] |—=1T ®1y
— T _ | = . dim(s) dim(s)
W, - U,AU] - [ 2218 Ly Us] [ ; AS] i ),
where dim(s) denotes the dimension of the corresponding variable, A, = Ag ® Tgim (s 5) €
RA(n—=1)x[dim(s)-(n=1)] g e RIdim(s)nlx[dim(s)n] ig an orthogonal matrix, and U, = U, &
Idzm(s) c R[dlm(e) ]X[dzm(e) (n—1)] satisfies:

I:T;rﬂs = Idim(s)-(nflﬁ U UT |:I - 711 :| ® Idim(s)7 ( ® Idﬁm(s))U =0.

Now we add subscript s for W . Then, as A4, B2, C can be expressed as a polynomial of W for
s € {x,y, z} according to Assumption 2, we have the orthogonal decomposition:

- . 1
As = Ijslisu,-U-:gr = _\/151 Y Idim(s) Ijs- -Idir(r)l(s) A(.)sa:| \/ﬁlTﬂQiIdim(S) )
B2 = U, A2 UT _ -Ll ) ~ 1[0 0 i].T & Idim(s)
s sb = _\/ﬁ ® Idlm(s) Us_ -0 A?b:| \/ﬁ ﬂ‘r s 201
C._UAUT - | Lisr, o | [aimesy 0 1 @ ILaim(s)
s = sidscUg = _\/ﬁ ®Id1m(s) Us- i 0 Asc:| \/ﬁ .U.T s
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where
Asq = diag{Asa,i}?:Q ®Idim(s)7 Ag = diag{Asb,i}?:Q ®Idim(s)7 Ase = diag{)\sc,i}?:z ®]dim(s)-
—_— — —
Asa Agp Asc

Moreover, each A, is positive definite because of the null space condition in Assumption 2. Then,
multiplying both sides of (18), (19) and (20) by U, , U], U, respectively, we get:

T k+l _ (A A2 Tk T4k A Tr. Kk kK
iter. of y : {Uy Y = (Aye = AU, y" = Uy ty = BAL U, [vF = Vag(x",5Y)]

U;t};+1 - U;t’; + Asz;—yk + ﬂAyaU'—yr [ng(ik+17 }_’k+1) - VQg()_(ka }—,k‘)] )
(22)

iter. of z : Uz = (A.. — A2)U] 2" — U] tf 1A, U] [Pk —pF(xF, gt B
. : UthljJrl — th’j + Abeszk + VAzaUZT [pk+1(ik+17 yk+2) _ pk(ik’ yk:Jrl)] '

(23)
UJxE = (Aye = A2) U] %~ UTtE — 0, UT ¢4 - Va(xh)],
iter. of x : ) R ~ ~ (24)
U tH = UTtk + A2, UTx* + oA, U] [vq>(s<k+1) - vqa(ik)} .
Then, due to Eq. (17), we have:
1'® Id)tlyc =(1"®1) (By(d]; —B,y") + BA, Vog(x*, 7)) 25)
= nBVag(z", 7).
(1T @ Ip)ts = (17 @ Iy) (B.(d} — B.2") + 7A.p*(x", y"*1))
- . k- (26)
=7 (V3@ 7" )2k = Vafi(a®, g"1)] .
i=1
AT e L)tk =0T o1 (Bw(dﬁ ~B.x) + aAﬁq>(>zk))
(27)

= ozz [V1fi(§3k7y*(fk)) — V129i(55kay*(§7k))zf+l} .
i=1

Substituting (25), (26), (27) into (22), (23), (24), respectively. Then use (21) and the structure of
U,,U,,U,, we have

gt =g" - it

iter. of y : ﬂ?;ryk+1 = (Aye — A;b)ﬂ; k_ ﬂ;t’?j - ﬁAyaIAJ;,r [Vk - Vzg(ik7yk)] ,

ﬂ;tzﬂ = fj;tlgj + Azbﬂ;yk + ﬁAyaﬂ; [Vog(x" 1 7511) — Vag (%", 5%)] |

sk+1l _ 5k ~k
z =z =P,

fer o 2+ OT# = (A, — A3)OTaE — et — 3,007 [p* - ph (8,54
UTt5+1 = UTth + A2, 072" + 1AL, U7 [ph (=5, 3542) — pk(=*, 3" 1)] |

hH =8 — ot

fer of x + 4 DT = (Ao — A2,) 0T — UT¢k — ad,, U] [ - Fa(x)].

x

Ut = U7tk + A2, 07 x* + aA,, U] {6@(;&“) - 6@(;&)} .
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The above three equations are equivalent to:

Tyk Tyk
UyyEtt | [ A —A2, Ay U
A 1UTtk+1 Ay I A 1UTty
(28)
. ﬁ AyaU [V - VQg( )}
yaUy) (Vag(xh+, 5 1) - Vzg( SWINE
UT k+1 B Azc Agb 7Azb Ij’Tzk
AL U thH 2b I AUt
N (29)
szaljzT [p —Pp ( k k+1)]
T AG AT o e ) pf (et ] |
U] xk 1 _ Ape — A2, —Ay U/ x*
AL Ut Aab 1 AL Ut
AL U7 [ - Vo (sh)] 30)
A;AMGIWQQHH—%@@d
For s € {x,y,z}, define:
7T <k 2
k USS - ASC—ASb _Asb
el P R v |
Then (28), (29), (30) are respectively equivalent to:
Ay U [vE = Vag(xh, 34)]
k+1 _ k ya 28\X5, Y
€, =Mye, — B — - - )
v v A AUy [Vzg( R L) — Vag (x5, 35)]
A UT[ (X k+1)} :|
k+1 k za V4 b y
€. - Mzez - |: — s )
AzblAzaUzT [pk+1( k+17yk+2) p (X yk:+1)]
. ) AL U7 [ K+l _ V(I,(ik)}
e, =Mye; — . . b1y Sk
AL AU [VOET) - Vo (xh)|
Assumption 2, 3 imply that all eigenvalues of
diag{0, Asc — A2} —diag{0, As}
diag{0, Asp } diag{0,1, ..., 1} a1

_ UsT s %lnlz - Bg _Bs Us
- U B, In— 11,1, Us

are strictly less than one in magnitude. Thus by symmetrically exchanging columns and rows of the
matrix, we know that equivalently, all eigenvalues of

Awe— A2, —Ay Age — A2 Ay
sc s S d Ms — sc sb S 32
|: sb In 1 an Ay I, 1 ® Idim(s) (32)

are strictly less than one in magnitude,.
Then according to Lemma 3, for s € {x,y, 2z}, M has the similarity transformation:
Ms = Osrs Os_ 1a

where Oy is invertible and ||T's|| < 1. Moreover, we define &¥ = O 'e”. It yields

_ A fJT [V -V g(’ yk)]
e+l —p ek _go-l| e aeN L : (33)
v =T 00| Aip BT [Vas(xh ) 34 — Vag(xk, 7))
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1 AU [pF - pF(xF, g )] ] 34)
Az_b AzaU;r I:pk+1()—(k+1’ }—,k+2) _ pk: ()—(k:7 }—,k-‘rl)]

A UT [rk+1 - %@(ik)}
AT AL UT [6@(5(“1) - 6@(5&)}

&k =T ,6f 707! [

el =168 — 00! (35)

Then, for s € {x,y, z}, the consensus errors between different agents have the upper bound of:
Is* = &*|* = 10T "1 < Jlek 1> < 0.2 ek (36)
Thus, we can define:
Ag = 120, |7 [1e3]1% + w210y | [ley 1> + (|0 |17 led 12

to measure the consensus error during the iteration.

We also define

T e e M G [
to measure the estimation accuracy of the lower- and auxiliary-level problems.
C.1.3 Proof sketch

Before proceeding with the formal proof, we first present the structure of the proof in Appendix C.

Bounded by each other
[
Descent of x S E[|7*|?
Descent of y S E|gFtt — y*(zF)||? Y E[Ag] > E[1k]
Descent of z SE||ZFH — 252
Consensus of y Z]EHé{jHQ > E [A,Tk + I
Consensus of z S Ellek|?
\
Consensus of « ZEHé§||2 ZE||(I)(jk)|‘2
Hyper-gradient estimation S E||Euf — Va(zh)|?
Hyper-gradient estimation > E|E,rft1 — V@ (z)|2 Lemma 17
Variance Y E[Eruf —uf|?
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C.1.4 Technical lemmas

Lemma 1. Suppose Assumptions 1 hold, we know V®(x),V® (), z*(z) and y* (x) defined above
are Lyvs , L, L.+, Ly«- Lipschitz continuous respectively with the constants satisfying:

2Lp1Lg1+ LyoLyo N 2Lg1LfolLga+ L7 Ly n LgoL? Lio

LV<I> < L 1 + )
d It 2 3
~ 2L¢1L L,oL 2L,1LroLy,o+ L? L L,oL? L
I<Lpi+ filg1+ Lge f70+ g,1L:%,0 qi g1lf1 n 9.2 gg,’l f,07
:ug lug /’Lg
L
Ly« < L*l,
Hg

L LyoL

2 fi1 f,0g,2

Lz*g,/1+Ly*( + =L )
:U’g :u’g

And we also have:

L
l2*(2)] < =22, vz e RP.
Hg

Proof. See Lemma 2.2 in [22] and Lemma B.2 in [11]. O

2

Lemma 2. Suppose that g(x) is p-strongly convex and L-smooth. Then for any x and 0 < o < T

we have
|z —aVg(z) — 2" < (1 —ap) |z — 27|,

where x* = argmin g(x).

Proof. See Lemma 10 in [41]. O

Lemma 3. Given diagonal matrices A, B,C, D € R(»=1Dx(n=1) gpq

Awly B®I,

M=l cern, per, |

Suppose that the eigenvalues of M are strictly less than one in magnitude. Then there exist an
invertible matrix O and a matrix T with ||T|| < 1, such that M has the similarity transformation:

M=0ro.

Proof. See Lemma 1 in [2]. O

Remark 5. Asserting the existence of T with ||T'|| < 1, Lemma 3 only guarantees the convergence
of SPARKLE. However, to obtain a precise non-asymptotic convergence rate, one must construct
appropriate O and T'. See more details in Appendix C.2.2.

C.1.5 Descent lemmas for the upper-level

In this subsection, we estimate the upper bound of the errors induced by the moving average in
hyper-gradient estimation, as well as the upper bound of || V®(z)||? based on I, Ay.

Lemma 4. Suppose Assumptions 1- 4 hold. We have:
20
[Exa® — V()| <=L2(Ax + nl)),
n

[ - 6@(5@)“2 C0L2(Ar 4 nlb). (38)
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Proof. Cauchy Schwartz inequality implies that:

o 5o e

§5Z||v1fi (@, i) = Vifi (@, g )7+ 530 || Vas (5, 55 - Vi (25,97 @) |
=1

i=1

n
+ 52 Hv%29i f,yf'H) (ZZ’?H _ Zf+1)H2
#5301 (Thg(ah o™ - Vs (24,0)) 20

+5ZH (V39 (2°,5541) — Viagi (25,57 (a"))) 5717

<10 (L3, + L) (= 47 4 9 = 95 54 -y ))
#1022, ([l - 2" a4+ - 21 )

<20L? (Ay, + nly).

For the term ||E,a* — V& (z*) ? we have:
Ay
Bt — Vo ()| <fHEku -~V (x H <2017 <+Ik>
O
LemmaS Suppose thatAssumptions] 4 hold. We have
221@ |a* — Exla Z]E [u* — Ej[u*]||?]
(39)

K 2
L
<902 , E (E[lz5 — 2512 + B[z — 2541 2) + 3(K + 1)n (o—f L+ 30, 2Mf2’0> .
k=0 g9

Proof. For k > 0, Cauchy Schwartz inequality implies that
1
3B [Iu® - Exfu))]

<Ey Z\Ivlfi( Lyt el = Vifile zayf+l)||2]
i=1
n
+ B [ D [1(Viogi(@f, yi ' ¢F) = Visgi(af, i ™)) ZfHH?]
i=1

Sna?,l + 03,2 [Eiasdls

<nojy + 30y, (27 =252 4 [l2M = 2P+ )l2 )

L2
Sno'?vl +30§2 <||Zk+1 _ Zk+1||2 + ||Zk+1 k+1||2 +n f20> )
1 g, 12

Then taking expectation and summation on both sides, we get

> E([llu* —Ex[u*])?]

K 2

L

<902,y (B|zFT — 22 4 B[lzF T — 25 T?) + 3(K + 1)n <af L+ 302, J;) .
k=0

g
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Since samples among agents are independent, it follows that

ZEk [u* — Ex[u = QZEk [u® — Ex[u*]]?] .

Taking expectations, we get the conclusion. O

Lemma 6. Suppose that Assumptions I1- 4, and Lemmas 4, 5 hold. If

1
< 40
S Slon’ (40)
we have
1 & E ||#+1]2
1 2 Bl
k=0
®(7g) — inf @ Ak 39 2 > Lo
<S————+10 ZE e |+ (K +1) | 0f, 4205, 2 )
(4D
Proof. The Ly g-smoothness of @ indicates that
Ex[@ (zF1)] — @(z")
- —k+1 Lygpa? —k+1|2
<(VOE"), (—aBx [T ) + =5 —Ee[7
L
= (V(a") — Ex[a"], —aBx[ ) + —SF 0B [P — o (Bxlat], Ei[7FH)
Then, due to Ex[u*] = 0~ (Ex[F* 1] — (1 — 6)7%), we have:
Ep[@ (%)) — @(z%)
(0% (e
<SIVB() — Eela )2 + S IEel )2
L
+ 7;1) OB [ — o (B [a¥], Eg [75 1)
@ —k @k 12 + Lvs ki1y2 a(1—0) Fh+1) _ k2
=2IVE(E*) - Balat]| + (-5 + “TEad B — S E ] - |
a(l-06) ,, ~ o _ _
+ =g (IPIP = BalT* %) + Bl — By [
o L af
<SIVB(E) — Bala)|? + (=5 + “T2 0 Bl + SRyl — Bylat])?
a(l—10) ko k1|2
+ S (I = B2,
where the first equality uses 2 (7%, E,,[FF 1)) = [|[7%]|2 + ||E, [P ]2 — [|7* — E[F*"]||? and
Ep |75 = B [P + B 75 — IEk[”““]ll2
Taking expectation and summation, and using o < 57—, we get
inf & — @(.’fo)
K
e} _ af (42)
<5 > E|Ve(a") — Exfa"]|” - Z]EII L+ ZE Exlla® — Ex[a*])?] .
k=0

Since samples of different agents are independent, we have

1
By la* — B[] = —Byllu® — Exfu]|P.
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Combining it with the conclusion of Lemma 4 and 5, we get from (42) that
K
o 112
1 2Bl
k=0

K K
_ . o _ _ ab _ _
<@ () ~inf® + 5 ];)]EHV@(x’“) —Exfat]? + 5 ];)]E [Eil|® — Ex[a*]]|?]

K 3ab 2 2 L?"O
<®(zg) — inf @ + 10 ZE 7+Ik +7(K+1) or1t205,—5 |-
) bl /,/Lg

O
Lemma 7. Suppose that Assumptions - 4 hold, then we have

Z]EU’E "] - Vo (x H]

<—HV<I> H +QZE[HEk —ﬁé(i’“)HQ}
+W§E[\,Xk+l <[] + 14)92E[||u ~ Eefu]|]

Proof. We define u~! =0 for brevity. From the definition of E;, we have :

By |[r* - %@(x’fl)HQ]

i ~ 2
“Ep1 |[Ex-al'] - Vo) } By [ — B et 43)

- B ) ,
—Ej1 [||[Exr] - V)| } + 0B [[[ut ! = B[]
Jensen’s inequality implies that

Ex ||l - Vo(x)|?]

<(1-0)E, _Hrk . %@(x“)m

+ OBy U\ (Bxfu] - VO(x")) + 071~ 0) (Vo) - Vo(x")) HT (44)

[ ~ 2 ~ 2
<(1— §)E; Hrk - V@(ik‘l)H ] + 20E, {HEk[uk] - vq>(5<k)H }
2(1 — 6)> ~ ~ 2
I ;  E, [Hv&(xk—l) - V<I>(>‘c’“)H ] .
Substituting (43) into (44) , and taking expectation and summation on both sides, we get:

03 [eute - T
g]EU)rO—@P(x‘l)H] [HE K+ - T (x H]+2QZE[HEk —%«b(x’“)m
2SO s [m) - Ton | ] 0003 ot - mwf].
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Finally, note that x ' = x°, v’ = 0, and E_; = E,. Subtracting E [HE V‘I> x 1) H ]

0 HV@ H from both sides of this equation, we get:

kZOIE[HEk ] - U (x H]

1

~ 2
<7Hv¢’ H +22E[H]Ek —vq’(x’f)M
2K 1

20O S e -] 1003 e - ]

O
Lemma 8 (Descent lemma). Suppose that Assumptions I- 4 and Lemmas 4, 5 hold. If
a? 1
—(1-6)< < 45
7 )_32L2W>’a_10qu,’ “5)
then we have
K
inf ® A
ZEHW )2 <()+ + (L? + (0(1 = 0) + Lygat®) o 5) Y E [’“ + Ik]
k=0
1— 9
+ (K +1)(6(1 - 0) + Lyoab®) (07, + K02 5) + (-6 [V ().
Proof. The Ly g-smoothness of @ indicates that
Ex[@(z"1)] - @(z")
L 2
< <Vq)(ff ) —O[]Ek[ k:+1}> 4 %ﬂEk ka+1||2
L
— a(VO(z"), By [F* ] — Ve (zF)) — of| VE(Z")|* + %ME,C ka+1||2
a _ a _ _ Lyo k1|2
<-— §HV<I>(xk)||2 + §||Ek[7"k+1] — VoM |* + ?aQEk ||rk+1H .
Taking expectation and summation on both sides, we get:
Z oE|| Ve (zF)|?
K X . (46)
<2(®(2°) — inf @) + Y aE[[Ex [P - VO(2¥)|? + > Lyea’E |7
k=0 k=0
Define auxiliary series mF as:
m® =70 =0,m" = (1 — O)m" + oV e(z").
Note that
B [ = B+ B [l — B @7)

< 2|[E[r*] = VO@h)|P + 2[Ve(a®)|? + 0°Exlat — Epa®|*.
Then using the Jenson’s Inequality, we get:

[ER ™+ —m* 2 = (|1 = 0)(7* — m*) + 0(Epa” — Vo (zh))|?
< (1 =) —m"*|* + 0||Era" — Vo (z")|>.
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It follows that for k > 0
EH]Ek,fk-i-l _ mk+1||2

<(1 = OE[Ep-1[7] = m"|* + (1 = O)0’E[[a*~! — Ep_1a" " + 0E||Exa” — VE(2*)|]?,

where for brevity we define 7! = 0.

Taking the summation on both sides from k£ = 0 to K, we get

K—
ZQ]E”Ek—kJrI k+1H2 Z 0E||Ek—k+1 k+1||2 -I-EHEK_KJrl K+1||2
k=0
K K-1
<Y OB|Eput — V(@) P+ ) (1 - 0)0°E|ju* — Erut||.
k=0 k=0
(48)
On the other hand, due to the definition of m* and Jenson’s Inequality, we have:
[m**t = Ve (z")|* = [|(1 - )(m" — Ve (z"))|?
=(1-0)?|m* — vo(z" 1) + ve(zF ) — vozh)|?
k heyz, =02 5 o o
< (1= 0)lm® = Ve@* )" + —5——Lyea” ||
Taking the summation, we get
K K
Do OImE T = va(Eh)|? < [m® - v h)|* + voa” |72
— k=0
P (49)
=(1-0?|VeE®)? + Z L2V<1> 217 1.
k=0
Combining (48) and (49), we obtain:
Z‘WEH]EHHI va(zh)|?
<229E||Ek’k+l m )2 +2Zn9||m —Vo(zh)|?
k=0 =
K K-1
<2 ORE|Exu” — V()2 +2 ) (1 - 0)0E||a* — Epa”|?
k=0 k=0
o~ (10
+2) TL%¢a2]EII I +2(1 - )*|ve (z°) |I*
k=0
K K-—1
<2 OE|Eru” — Ve(@E")* +2 ) (1 + Q—qu,a > (1 - 0)0°E||a" — Epa®|?
k=0 k=0
K—1 (1 _0)2
+2(1-0)°|ve (&°) |* +2 - Lyaa’ (2E[E[ ) - V()| + 2BV (@)|)
k=0
(50
where the last inequality uses (47).
1-6 0
(45) indicates that 4TL2V¢0¢2 < g Subtracting
K-1 (1
2y Soa’ - 2E[|Ex[FH] — Vo(zh)|?
k=0
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from both sides of (50), we have:

K
> OE|E T — V(b))

k=0
K K—-1
<4 BBt — VO(EF) [P +8 > (1 - 0)0°E|laf — Epaf||® + 4(1 — 0)*| V()| (51)
k=0 k=0
0 K-1
+ E|V®(zF)|2.
k=0

Substituting (47), (51) into (46), we get:

ZQEHV(I) NE

K K
<2(®(z°) — inf @) + ) (o + 2Lyea®)E|[Ex [T ] = VO(@¥) |2 + ) 2Lgea’E|VE(z")|?
k=0 k=0
K
+) 2Lyea0’Bl|ut — Eput|?
k=0

K
<2(®(z9) — inf &) + 5a Y E|Epat — Vo (z)|2 + 55 (1 -

S -0V ()|
k=0

K
+3 (10501- ) + 2Lv00?) B — Exa | + Z E[Va(@@h)|?,

(52)

where the last inequality uses o < ﬁ.

Subtracting § f:_ol E||V®(z*)|? from both sides of (52), and substituting (38), (39) into it, we
get:

—_

K
5> B[ Ve(z*)|?
k=0

[\

K
A
<2(®(z°) — inf @) + 100aL> Y "E [n‘“ + Ik] +5%(1-0)2|ve (z°) |I?

7
k=0

N (104 (1 — ) 4+ 2Lyea?)

K
s 0902, 3 (B2 — 25H P + B — b 2)

s

K
<2(®(Zo) — inf ®) + (100aL2 +9(10a6(1 — 0) + 2Lv¢a202 ) > E [ + Ik}
k=0

+ (10%(1 — 0) + 2qu>a2)

3 6?-3(K +1)n (a?}l + 30

0 L
+3(K + 1) (10a(1 — ) + 2Lyaa’0) - (%221 +307 5 uz’())
g

« _
+55(1- 07|98 (%) 2.
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2
Finally, multiplying — on both sides, we get:
o

ZEIIV‘P 2<()ainf¢+<L2+(9( 9)+qu>a92 >Z [+Ik]
k=0

K+1 (1—0)2

+— (0(1 = 0) + Lyeab?) (07, + K02 y) +

Ve (@)l

C.1.6 Descent lemmas for the lower- and auxiliary-level

The following lemmas present the error analysis of the estimation of 3*(Z*) and 27, i.e., the term I}:

Lemma 9 (Estimation error of y*(x)). Suppose Assumptions 1- 4hold, and:

ps 32L2 ' (53)
Then we have the estimation error of y*:
15° =y ( HQJrz:EIIE’“+1 y* (@))%
k=0
K 22 K 2)1ak |12 2)1ak|2
_ 6 1017 llez]|” + 10y I”[ley]l
<l @)+ }: glmvw2+§2—aL;E .
Hg k= Hy k=1"9 "
2
N 4[([3’%717
Njlg
and

K
S R [lgF - 517
k=0

L

4L2 E O 2 0) A 91L2 E—kQ
- Z (012 11€511* + [0y 1% l1e511%) + Z 17

| M+ 15 2+3w

1
R

7° —y*(@))*.
(54)

Proof. For each k > 0, due to the independence of samples, we have:

Ecllg* — v @")I°] = Exlllg* - 8" — y*(@")I%]

1 & L 1 &
y* —ﬁﬁszi(fﬂf,yf) -y (fEk)-FﬁEZ(Vzgi(wf,yf) _vzk)
i=1 i=1

2 2

g
+B2 9,1.
n

* - 1 —k -
szgz z*,5") (iﬂk)+552(V2gi($k,yk)—V29i($fayf))
=1
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Then,
Erllg*! — v (@M

(1+5) — 8- szgz ") —y* (@)

2 1 &
2(14 2
+h ( +5/~Lg>

- D (Vagi(@",5") = Vagi(af, ul))
< (1+ %52 ) - g1 -y @I

i=1
9 xk — xhk|2 kE_ ok||2 o2
42 (1+ )L;l (H | ||y Nl >+ﬂ2 g,1

Blig n n n

< (=) | (14 252 ) 19t = @+ (14 5 ) I ) - @)

9 x* _ k|2 E_ ok||2 o2
+52 (1+ )Lf]l (H I ||y vl >+52 g1
’ n n n

2

2

2
0g.1
+62 g,
n

Bg
< (1= 20 ) 1ot -y @ Lt - P
9

2

LRy (nx Sl O Ml ||2> Ly

Ig n n n

where the first and the third inequality is due to the Jenson’s inequality, the second inequality holds

according to Lemma 2 and the fact that 5 < 32?2 < 3% i . and the last inequality uses
g,1 9 9,1

Bug < % Taking the summation and expectation on the both sides, we get:

K
- Plaglig -yt @)+ ElIg - v @))
k=0

38 5 (I =Py =52 | 20
<E||y _y ||2+ZE L2 H kHQ p L;,l ( - || + H — H +62% )
g

Using (36) and the fact that x%,yY is consensual, it follows that:

K+1

B e
Z LE(lg" — y* (@I <2)18° — v*( ||2+Z L2 E||7*|?
+Z 107 ||é§2+|0y||2|é’§|2] N 2Kp%0}
k= 1”9 Fo n n
(595
On the other hand,
Ex [I7°7 — 7*1I°]
1 — ’ 52
<p? *szgi(xfayf) + =05,
n — n
n 2
o L b e 2
<2p? Z Vogi(zh,yF) — Vagi(@®, g))|| +|Va9(@*, 7*) — Vag(*,y*(@"))||
B,
+;0971
272
<2 Lg,l kE_ k2 k Gk 2 4okt _ v (xF))12 o 2l|lvkt — k|2 5722
<— = (I = =P+ lly" = 57I° +2lly y &P+ 2y V7)) + g
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where the second inequality uses Vog(z*, y* (%)) = 0.

Note that 52 H‘i < 12 . Subtracting 2 2L g"*t1 — 4*|| on both sides, and takin
32L1, = BL?2 g Ay Y g
expectation and summation we get

K
Z “|yk+l —kHQ]
k=0

~ ~ 8B32L2, o 232
_Z E (||x* — ’“II2+||yk—yk||2)+Tg’EHy’““—y &I+ =0y
452/321 o R . 1 _
STZ (IO l”11€E 1> + |0y 1P lef11?) 897 Lo ZEH My (xN))1?
k=1
ﬂK+Uﬁ2
Og,1

27, 2 K ?
A ) 2(K +1
< "t LRI + 101yl + e

g,1
k=
+84%L; , ( 90 — v~ H”ZHZ 2L2 E|r ’“||2>

K Ak (2 Ak (2 2
6 O.|I*lle + |0 € 4K Bo
852[ (z : 2 ” |||| ” H |||| H ] 6 %1>
—1 My

n Nflg

B2L2 48L2 K R X 480L2 Ko

<— Z (1017 11e511* + 10y I*lle11?) + Tgpr > R
9 k=1

MK+1W wﬁ
+mm g 2l -y @)
Hg
where the second inequality holds since xY, y© are consensual, the third inequality uses (55), and the
last inequality holds since 8 < 5 L2 . O

Lemma 10 (Estimation error of z*(x)). Suppose that Assumptions 1- 4hold, and

1 nLZ,
7<mln{ r "'g } (56)

ﬂg ﬂg g2 3603,2
We have:

> E[F -2
k=

K
9@2.[/2* _k
<3 SEepyp
g

K 2 2|14k |2 2114k 112 K
bS8 [m 104 12116412 + 10 [2l1et i+WZE

n
k=1 k=0

HQIOyIIQIIé’J“IT

n

K 2
_ _ Blzall® | 6(K+ 1)y [, o Lio , o
+ E 254K [||gF T — oy (2P 1P] + T2 + 302,12 405, |.
it i ] [y fign 9,2 Mg fi1

Proof. For each k > 0, note that z¥ = V3,g(z, y*(7%)) "1 Va f2(Z*, y*(z*)), we have:

_— .
Ep[251] — 21 = 25 - E: Viagi(al, i)l — Vafi(al, yfth) — 20
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I- *Zvngz “yf“)] (2" — 2 + %Z Vafi(af, yfth) = Vafi(@", y* (z%))]

3\~Q

v . s
+ - E V3,0 (ak, yF > [V3a0:(z",y*(2%)) — Viagi(ak, yfth)] 25
- —

Then we have:
™ [sk+1 k-+1 2
[Exlz=+11 = 24

2
<1 "”Yﬂg

[I—va% f,yf“)l (8 =)

+ 397 <1+W1) %Z[szi oy ™) = Vafi(@®,yt(34))]
i=1

Hg

1 1O k oarm
302 (14 0 )| 23 (Vhar(ah o7 (04) - V(b gt ) 44
=1

Hg

2

Thg

1 I
32 (14 o )| 22 Vhstab b e - )
i=1

(L4 ypg) (1 —ypg)?||2* — 212

_ sk L2 .2 _ k|2 k+1 2
Nl e B oL <W 7 lly y<m>
g n ,ug n n

Al

Y L 2 6y zF —z
<= ) (1 252) = P (14 2 ) b - st 2 |
2 THg Hg n

12y [ Ly oL% [x¥ —xF|2|lyETt— g2 ~
+ = (guf + 13, + - + |7 =yt (@)|?

Mg g n
2712 k sk
TYHg | sk ke, 9L po 67 o |27 — 27
<(1-— 19y zF - o e ey o -
<= Tl — P S+ L
19 12 . I2 <k _ k|2 k41 _ ok+12
+ g 9722 f,0 + L?,l (H H + Hy y ” + ||§k+1 _ y*(a:k)||2>
Hg 1 n n

where the first and third inequality uses Jensen’s inequality and Cauchy Schwartz inequality, the
second inequality holds due to Assumption 1 and v/, < 1, the last inequality holds since z*(z) is
L« Lipschitz continuous.

Moreover, the independence of samples implies that

2
~ ~ 2 ~ |1 & ~ 1 ~
By |40 = Bl = 2B || S0 (HE — BalHF)E + - D (0F — Balph
k ||# k[z } 7 LBk ’I’L;( i k[ zD’Zi + nzl:( i k[ z])
29° (5 1217
<2 .
= <%2 o Tk
2 2 — 7z ) L2
< A 30.52772 H k” + sz _ ZfHQ + f2,0 _i_a]%’l )
n 0
As +y satisfies
60’27272 < 6’-YL371 60’37272 < M
no = op2 n — 6
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we get:

Eulll254 — 25 %) = Bl B2 — 2817 4 Eal| 25 — Ex2))?

3a?L2, 12 zk — 7F||? 2 L3
< (1= L) gt b 4 30K e W20 NP ZFE 2 g0 Bro  p
3 THg Hg n n ’ '

9,1

19 L2 .12 xk _ xk||2 k+1 _ k412
22 (Ballo gy ) (IR S e,
Hg Ky " "

Taking expectation and summation on both sides, we get

= B[ +

K
> LRI — P + Bl - 22
K
3022,
<E[|2" - 2212+ l
g9

k=0
12 E|zF —zF||? 2 L
2y, || >, 2 <3 Q,OH%N
k=0 n *ug

K 12,12 - —
L E_ gk|?2 k41 _ Sk+1(2
2y (L5t It = xE2 R g .
+Z o ( - +L?1>E[ — + I =y @P |

)
g n

It follows that

+
DR AR
k=0

K
<> =
k=0 9
R210. 7184112 + 0=k 2 KT 200,26k 2
2 2 i €z o z 2 y v
sz[ . R ol
k=1 o
K
_ _ 3”21”2 6(K+ 1)’y 9 LfO
+ 72@4]}3 ||yk+1 o y*(xk)”Q + * + 352, 250 2 ’
Z [ ] gy gt 92 Mg i1

k=0

since 20 = 2! and z" is consensual.

Then, we combine the results in Lemmas 9, 10 and give an upper bound of E[I]:

Lemma 11. Suppose that Lemmas 9 and 10 hold. Then we have:

90212, 438k*a? K x A -
Z E[l;] < ( 0‘2 2t HQCY Lz) ZEHFICHQ-FMO/#ZE [k} +M
= = " Mg

= Y2 B2
6(K + 1)y 4Ko?
SR (552, P13t | g — @ + sl
HgTt ﬂ Hg Nfg

(57

Remark 6. Here I_1 = ||2° — 29||% + x2||3° — y*(2~1)||%. The aim of introducing this term is to
simplify the subsequent proofs of other lemmas.
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Proof. Lemma 10 implies that:

K+1

ZEHZ’“—ZEIF

K a2l

Z ; E||7*|?

k= Hyg
2 211ak (12 2114k (12 K 2 21 ak+1112
&7 Oz [I7[[€3]]* + 1Oz |[*[leZ ] 5 7|0y [%]le, ™|

72:2Y E e z 72 E y
+72n g { - wrnt Y _

K 2
_ _ Bllzg|® | 6(K +1)y [, 5 Lio |
+ ) 2R |7 - o* (3)])2] + T 4 30 = o
kZ:o [ ] [g7Y fig70 9,2 Mg fi1

Then, using Lemma 9, we have:

K+1 K+1

K
Y El] =) ElF =21+ Y Elgt -y @)

k=-1 k=0 k=0

k2
Z ;EH [
k=0

g

211011216k |12 0. [12]|&F||2 K
H%QZEV IO:IF €I + 10: et ]+WZE
k=1 k=0

6(K +1)y Lo
+ [ign 302,2 :U'?] +0_?,1 +73H4 THy _y ||2 +Z /62 2 ’L/ E”’rk”2

n

ff2||0y||2|é’§“||2]

3||Zl||2 4 = 6
+ 73k — Lz E
Loy Z Mg 91

9 k=1

9715

Nplg

10 [*]|€z1* + [0y Ié’@jz] +4K0

n

9a%L2, 438&4042 _ K Ay, 3|21 |2
<Z< S L}) E[|7*]]* + > 5105'E [n} + ==

=\ 7y B2 Pt [y

6(K +1 L3 4 0 4K o2
+ ( o} (30372 quQ’O +0—;71> + 73k% (Hyo — " (zY)]% + 79’16 )
g

HgTt g Nty

C.1.7 Consensus error analysis

In this subsection we aim to bound the consensus errors of y, z, z (i.e. the terms ||&¥||2, [|&¥]|%, and
lez]%).

Lemma 12 (Consensus error of y). Suppose that Assumptions 1- 4 hold, and

(1 — |y ()

ﬁ2 < 2 —12 2 2"
8L3 1110y [P0y [ Ayall

(58)

We have
K+1 2 71 2
E ~k12 <3 6 || || A~ A L2 E k+1 k 2 Sk+1 _ Sky2
E eyl E HF 0 2H o P IA P L2 L E [[Ix I+ 1y y*I1%]

HO 2§ Sl + 30+ DEI0F PIAI? o 2B]ES?
30,7 ¢ =, ST
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k+1]12 can be deformed as

Proof. Firstly, the term ||&;

Ak+1)2
lley
2

Lk -1
=||T'yé, —BO, |:

Ay U] [Brlvh] - Vog(x*,5%) _po-t [ A7 [VE - EaivH]]
A 1AyaU [v2g(xk+1 —k+1) _ v2g(—k7yk)] Y 0

2

=|r,er - po," {

Ay U] [Brlvh] - Vog(x*,5%)
AL AL U] [Vag(®H 34 - Vag(x*, 3%

Y
<r ér o, {Ay“Uy vh - By }] }>

o <O_1 [ Ay U] [Belv'] = Vag(x", ") } - { Ay O] [vF — Bulv¥]] D
Y A ’

Y

2
+ 32

oo { A, U] [vg ~ B[] }

AU [Tag(xh Ty ) - Vag(x*, 5")] 0
(60)
due to Eq.(33). Then, for the first term in the right-hand side of (60), we have:
1T TR [k E ok 2
Ek T ék —60_1 AyaU |:Ek[ ]7V2g(7 Y )] ]
Y _ - _
Y Y AyblAyaUy [V2g( k+1 k+1) v2g<xk7yk)]

2 —1 2 (1T |/ [k 2k ok 2
<||1-\ ”HékHQ 6 ” || Hl AyaU [Ek[ ]_VQg( Y )} ‘|
= Yy N -

. IIF || A AU [Vag(xFF1 yhH1) — Vog(xF, 7))
k2 3o .1;1”2 2 ko k —k <ky| 2
§||Fy||HeyH + m NAyallF[Vag (X", y7) — Vag(x", )|
52”0;1“2 —1)2 275 k1l k41 k —ky\(2
+W||Ayb | Ayal*Ex [[|Vog (x5 H, 7511) — Vag(x*,5%)(1%]
Yy
R 5210, 7 _ _
<P + e Il (e = 417 4y = 5*1P)
Y
5210, _ _
+T&HIIA D21 AyalP L2 By [I%5 T — =52+ [ly* ! — 5717,
Y
(61)

where the first inequality uses the Jenson’s inequality, the second inequality hold since ||IAJ';/r I <1.

For the second term, we have:

<10, 17| Ayall*nog ;.- (62)

For the third them, we have:

Ey, K ek Boy lA vaUy [V(k)_ﬁ’f[vk]] ]>] =0. (63)
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Next, for the last term, we have:

z <O[ Ay U] [Exlv'] - Vog(x",5)] ] o-1
Y A )] » Y

Aya]j;/r [vk - I/F:k [vk]] :| >

AUy [Vog (R 351 — Vg (%, y 0
N ~ 2
1, 10 Ay U, |Ep[vF] — Vag(x
§§||0 1”2Ek l: -1 3 [k[k+]1 —kjlg( ]- —k ]
AL AUy [Vag(xHH g4 — Vag(x*, 57)]
2
1 B - 1T k_A k
+2||oy1|2Ek’ AveUy [VO Ealv ﬂ]

1 2 —12 272 k Sk 2 k k2
<5 B0, Pl L3 B [ = =17 + [Iy* - 5*1°?]

1 _ _ = _ _
+ 387105 1AL P 1Ayl L2 B [T = =82 + 574+ — 3411
1 _
+ 58105 P 1 Agal "oy 1.
(64)
Taking expectations on both sides of (60), and plugging (61), (62), (63), (64) into it, we obtain:
E[lleg* %]
2|0-112
<25H y” A A I2L2 R [k — <+)2 —k+1 k2 T.IE|l&k2
<2 1AL 1P AyalPL; L E [[1% "+ y oI + Ty [Eleyll
y
210—112
2ﬁH0y H A 2L2]E k_ gk 2 k_ Gk|2 220712A 2, 2
+ T IT, I Ayall®LE B [|Ix" = %" + ly" = 3"[1’] + 282110, P Ayall®no ;.
Yy

Taking summation over k and using ||x* — x*||2 < [|O.||?[|ek]|%, [ly* — y*[? < |Oy|[[&F]12, we
get:

K

1- ||I‘yH)Z:IE [lles]1®
R[e _1”2 —1)2 272 k1l k(2 k1l k2
22 T A 1Ayl Ly B [Ix5F — <512+ I9" = %17

g2lloy1?

+E[é&y)* - IEIIA’““||2+2Z T
— 1Tyl

N Ayall?Ly 1B [Oc]* 16511 + [0y 1% l1éy %]
+ 2(K +1)8%)10,” IIAyall2n0§,1

10, 11" o -
22 =Tyl 14 I 1Ayall*LG 1 E [T — =F )2 + |77+t — ")

1Tyl
4H0 12

+2(K + 1705 ||Ayall2n0’g17

+E[&)|* — Elley™|* + Z]E 10= 1171 €511* + [0y 1% l1éy %]

-2
= 812,105 210, [ Aya P

where the last inequality uses 32 <

It follows that

K+1 K
> 1] <3 (e BN | A=121a, 222 B [ — =52 + 9+ — 5917
. — 2 "o el e vy
k=
L0 & e LB D0, A, 2Bl
30,7 ; =T, st T, T
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Lemma 13 (Consensus error of z). Suppose that Assumptions 1- 4 hold, and -y satisfies

670 IP10:1* | A za |l 2 2 1— [T
z - (2L 2(1 — ||, < —
1— HI‘ZH ( + ( || ||)Ug,2) — 4
We have
K+1
> Efllef)?]
k=0
_ K
19+ (IO PN 5 g 10 ey, 2EE
- (1 —|T.[)? — - — [Tl
k=0
872102 2| A 1A 2al|? o L2
L IO PN Al g [ (13 pa Do g pa ) et sy
A-r.p & 2
+ 8’)/2”0;1”2”Az_b1||2HAza||2 us E L21 +L22L3’»0 ”yk+2 _yk+1||2
- & |\ e

+16<K+1)m2|021'2”%“2( 70 >

+o
Lo e %o fl)

3||0 EP ZE (1017 1&511% + 10y 1% l1€y ).

Proof. Firstly, Eq. (34) implies that:

A U7 [Erfpt] - ph(x*, 551
AL AU [pFH (xR, ght2) — pk(xF, gh )]

AU [Eifpt] - pt] ] |

&+l —r. ek — 407!

+~0;!
0

Then using Cauchy Schwartz inequality, we get

[
A ~ 2
r.et—40;! { Azl [Ealp’] ~ (x50 }
AzblAzaUZ [ +1()—(k+1’ yk+2) _ pk(ik7yk+1)]

_ 9 A

+ 72 Oz—l AchU []Ek [p |- pk] _9 I‘Zé{:?,yoz—l AZGUI []Ek [pk} - plC
0 0 67)

r N ~ 2
++2 oot A.. U] [Ek[pk] - pF(x 7ykﬂ)} ]

| A;blAzaUZ [pk+1()—(k+17yk+2) _ pk‘ (xk yk+1)}

r ~ ~ 2
e

: 0
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To obtain the upper bound of the right-hand side of the above equation, we first estimate some
individual terms in it as follows. Note that:
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Then we present the bound of the right-hand side of (67). For the first term, we have the following
evaluations:
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where the first inequality use Jensen’s inequality and the second inequality use |[U] || < 1.
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For the second term, since z’ﬁ y € Uy, we have:
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Taking the expectation ]Ek on both sides of (67) and plugging (70), (71), (72), (73) and (74) into it,
we obtain:
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where the second inequality uses (36), (68), (69), and (71).
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Taking summation and expectation on both sides, we get:
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Lemma 14 (Consensus error of x). Suppose that Assumptions 1- 4 and Lemmas 4, 5, and 7 hold. We
have
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due to Eq. (35).

42



Then, for the first term of the right-hand side of (76), we use Jensen’s Inequality and get:
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For the second term in the right-hand side of (76), we have:
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Next, for the last term, we have:
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Taking the expectation on both sides of (76), and plugging (77), (78), (79), (80) into it, we obtain:
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Taking expectation and summation on both sides, we obtain:
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where the first inequality uses L- Lipschitz continuity of V® , Lemma 7, and the second inequality
uses Lemma 4 , Lemma 5 and

25— 2" T2 < Ay, 25T = 2P < kg
Hence we get
K+1
> Ellek?
k=0
Elledll* | 2a%|0, P Avall® {1—9 SNk
< MGl @ qu>(x )H
1 — [T (1— T2
6na29<K+1>||o—1||2|Am2< 1-0 )( 2 Lo
+ z 0+ 0f1+ 30,93
1 — [T 1 — [T P2 2
a?(|O 12| A ||2< 80L2 ( 1-6 ) )K
= = +180 (0 + ———— | o2 E [Ag + nly]
1 — ||| 1 —[|T || 1— T, ) 92 ,;0

202020 2 Awall?® [\« —1y2 . 21— )P\ "= o [iohsr k(2
+ (1—|T.])2 <|A:cb 1=+ 92) k-Z:o E MX —X H } .

The following lemma gather the consensus analysis of z, y, z together:
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Suppose that Assumptions 1- 4 and Lemmas 12, 13, 14 hold, and «, B satisfy
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C.1.8 Proof of the main theorem

Before giving the final result of the convergence analysis, we present the following Lemma that
combines the results in the analysis of [, and Ay:
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Proof. Combining (57) and (83), we obtain
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1 K K
N

k=0 k=-—1
K 2
128L
<4(m + 4857 L.m2)a® Y E[FF? 4+ 1288,m0 197 = y* @°)||? + 12(K + 1)na8202
k=0 9
+12m2ﬁ2(K+1)IIOyIIQHOy—llFllAyaHQMQ +8/<2||Oy||2E||é2||2 8|0, ||2E||&2|?
1= [Tyl 91 1— Ty 1— ||
4k%)|0.[I*E| €27 8%2@2HOzIIQI\O;lH;IIA.mll2 [1 —0 H%(XO)HQ}
L — |0l (1= [T 0
011210 2 Azal® [ Lo 2
+ 64(K + 1)ny? z + o2
ey T AR
1-60 \ 0|20 12 Awall?® { LF0 2
+96(K+1)nna0(0+ ) 2 + 02
1 —|IT |l L —|IT |l p2 oo

48



1 90°L2.  438k'a? > (K+1) 6y L3,
+ 2 4 E|* > + — [ 362,24+ o2
10204 < ,YQME Bng Z 1020k Iig 9,2 U2 f.1

9
1 3n|lzl|? 1 4 AKo?
. H *” + -73/*64 <M|}—,O _ y*(£0)”2 + P gJﬁ
g

1020x4 gy 1020x4 g

1 90212, 438k*a? =
<[4 18 2L2* 9 z L2* E =k+12
< [ (m + 48K Ly ma)o” + 1000 V22 " Pug Y kZ:O e

126%%(K + 1)]|Oy [*[|05 (| A yall? 81%(|0y ||°E|&y?
+12(K + 1) B202 | + ¥ no?
9! 1 —[[Ty ]| ot 1— [Ty
8|0 [I*E[e2]? n 4520, | *E[ €312 n 8k2a?(|0,[I* 05 [1* | Aall { qu, H ]
1— ||| 1— [Tl (1—[T|)?
O[O P [[Azal® [ LFo o2
+ 64(K + 1)ny? z + o2
A Dm = RGNS
160\ 0|07 12 Aval® { LFo »
K+1 AN z
+ 96(K + 1)nk?a? ( +1_|I‘w”> 1= [Ty u§ 92+Jf1
18’)/ Lfo 2
K—+1
LT ( 12 %2+ 5

1 3nHZ1||2 1 4 2, 4Ko?
.73 - — — I
+ 02002 o) + o202 7oK m Hy vy (@)|1? + " B,

where the second inequality holds since
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Then, we finish the proof of this lemma. O

Finally, we can give the proof of Lemma 17, which is a detailed version of Theorem 1:

Lemma 17 (Detailed version of Theorem 1). Suppose that Assumptions 1- 4 hold. Then there exist
constant step-sizes «, 3, vy, 6, such that
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where 0 = max{of 1,041,042}, Co,Cy are defined as:
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Proof. Take Ly = L* + (0(1 — 6) + qu>a92) 2 and use the conclusion of Lemmas 8 and 16,
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It yields Ly = ©(L?), and (45), (53), (56), (40), (58), (65), (82), (84), and (85) hold. It implies that
the restrictions on the step-sizes «, 3, v, 6 in all previous lemma conditions hold. Thus all previous
lemmas hold. We obtain:
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where the last inequality uses (89).

Finally, substituting (88) and (89) into the last inequality, we can get:
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where 0 = max{cy1,041,042} O

Remark 7. From the proof of Lemma 17, the impact of the moving average technique on variance
reduction becomes evident. The term %02 absorb o102, which includes the high order term a*a>.
Additionally, compared to y, z, the quadratic term related to o® of x has an extra term 6 multiplied in
the numerator (a*0c?). These details reduce the impacts of noise to terms related to x, confirming
the conclusion that terms related to vy, z dominate the rate in precious sections. Notably, taking 6 < 1
is indispensable our proof. If we take 0 = 1, there would be a constant term %02 in the convergence
rate (see the first inequality of (87)), since the coefficient o2 /3% + o2 /y? = O(1). This would not
guarantee the convergence of SPARKLE.

C.2 Analysis of consensus error and transient iteration complexity

From Lemma 17, we can immediately obtain the transient time complexity of Algorithm 1. Here we
omit the impacts of the condition number «.

Lemma 18. The transient time complexity of Algorithm I has an upper bound of:
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Proof. According to lemma 17, SPARKLE achieves linear speedup if:

i 1

L | (1042105 P Ayall* | ° N <||0z||2||021||2|Aza||2> 1
~ 2

VnK 1— Tyl 1— [T K3

54



n (Ox||||ox1|||A:ca||>2 1
1— [Ty | Kf

il

1017105 " IP| Ayal* 1AL 1P N (IIOZ|2||021||2IAZ¢1||2||A,;,1||2
(1 — ITy[)? n(l—|T.)?

atle

L= [T | =T

~ 1
N <|0y||2|0§1QIIAyaII2A;b1||2C6’>3 N (IIO 0 Y

01210 21| Aval 1AL I12CE
4 (Co+ Cp) —.
( =T +(Ca+ o)
It holds when K satisfies:
1
10,110, M 1P Ayall?\ ® 1 <1
1L— [T, || K3~ VnK’
1
<||0z| 1017 Aza||2>3 1 _ 1
1— [T, K3~ VnK'
10y 1210, M P Ayall*1A 12\ ° 1 o 1
n(l — [Ty |))? K3 ~ VnK’
(IIO 10z 1||Axa>2 1 1
= [ITy ] Ki "~ VnK’
(IIOZ 2O P AP AL, ||2> 11
n(1 —||IT;[)? K3 ~ VnK'
10,1210, 12| Aya 2| A,, 112CH §i< 1
1T, K~ VK’
;
<0 PO PN Al IA L | Co) 1 _ 1
l_HI‘zH K~ \/TLK’
1
(IIO P10 P 1Azl AL 112 Co>5 11
L—|IT || K~ VnK’
1 1
(Co 4+ Cp) — < .
VRS TR

Then we get:

) O, |12110-12 2 ) B 2 —1712\ 2
— m(” il ) |\Aya“2v”3(”01[”(r)z [ ) 1Anall.
Tl (T

2 |0w|||ozl||>2 2 IIOyIIHO Al
ne | = | A, n
( L= [T || el = Iyl

Ayall;

ol

10102 A 10, 71105 12 [ Ava P AL
n( T .

1— [T L= [T ||
010z [[[Aval[[[ AL, | n}
1— [T || ’

55



C.2.1 Consensus Error

Lemma 19. Suppose that Assumptions 1- 4 hold. Then there exist constant step-sizes o, 3,7, 0, such

that Lemma 17 holds and
K

iZE [ % —Xk||2 ly* — y*[?
K n n

k=0

< D 0= 1710- TP Azal® 10”105 ]| Aya
K 1— [ LTy ’

where < denotes the the asymptotic rate when K — oc.

Proof. Suppose «, (3, v, and 6 satisfy the constraints given in (88) and (89), which ensures that
Theorem 1 (Lemma 17) holds.

For clarity, we define the constants:

90212,  438k%a? o2
o= TR 2 =10 L4 22
n

V2 B2
Then there exist «, 3, v, and 6 that satisfy the constraints in (88) and (89), and also:
1 <0.01L72 ¢y <11L2. (91)

We take such values for step-sizes in the following proof.

We proceed by substituting (41) into (57), yielding:
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Subtracting 4c¢;co 3 E[I;] from both sides, we get:
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Substituting (57) into (41), we obtain:
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Subtracting cacq Zf:o E||7*||? from both sides, we get
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where 7)1, 75 are defined in Lemma 15.

Then taking o, 3,7, 6 such that (88), (89), (91) hold and x*[(1; + /<;2L§* no ) + 3] is a sufficiently
small constant, we can derive the following result:
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From (88) and (89), we can determine the asymptotic orders for «, 3, and # when K — oo
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Then we get
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where < denotes the the asymptotic rate when K — oo.

Then using (36) and the definition of Ay, we get
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In particular, the corresponding result of SPARKLE variants that using EXTRA, ED or GT is

K _ _
1 [ =2 lly*" - y*)? nof 1 1
—>» E < — ([ ——
KI;) [ n * n ~EK l—py+1—pz ’

where p,,, p, are spectrum gaps of relevant mixing matrices.

C.2.2 Essential matrix norms for analysis

Common heterogeneity-correction algorithms, including ED, EXTRA and GT, satisfy Assumption
3, according to transformations (31), (32) and discussions in [2, Appendix B.2]. Then Lemma 3
ensures that ||T']| < 1. From Lemma 18, the transient time complexity depends on the coefficients
O], |O~112, | Aqll?, |A; *||%, and |T||. The solution of these matrices is constructive. Table 4
presents the upper bounds of these coefficients with different communication modes. Please refer
to [2, Appendix B.2] for more details about the construction of these matrices and the computation
of relevant norms. It is required that W is positive definite for ED, EXTRA, and we denote the
smallest nonzero eigenvalue of W by p. p can view as a constant. Otherwise we replace W with

tI 4 (1 — t)W for some constant t € (0,1) (e.g. t = 1/2).

Substituting values of |Og][, [O5 ||, | Asall, |AZ ||, ITs || into (90) , we obtain the explicit transient
iteration complexity for some specific examples of Algorithm 1, which are listed in Table 2. Note
that all GT variants exhibit the same transient iteration complexity.

Table 4: Upper bounds of coefficients for different heterogeneity-correction modes in Lemma 18,
where notation O is omitted for |O|| and ||O~1.

Mode A B C o] o7 Al AN r

ED W (I-W): W 1 I p (-p)~7 Up
EXTRA I (I-W): W 1 I 1 (1-p~2 Jp
ATC-GT W2 I-W W2 1 1 P2 (1-p)t 2
Semi-ATC-GT W  I-W W2 1 1 p (L—p~t e
Non-ATC-GT I I-wW W2 1 1 1 (1—-pt 4z

C.2.3 Theoretical gap between upper-level and lower-level

Note that || Asq|| < 1. We rewrite the upper bound of the transient iteration complexity in Lemma 18
as

rnax{n35y7 n35,,n%0,, néy, nd,, nSm} (92)
where
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93)
Suppose that we use the same communication matrices and heterogeneity-correction methods for
updating x, y, 2, i.e.

10:]l = 10,1l = 0:, 10| = |0, = |02, [Tl = Ty ]| = [T,
1Azall = [Ayall = 1 Azall, [AZ ] = 1A 1| = [AZ -
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Then we have . . .
5m§6y:5275x§5y:(sm 94)

Now we fix the update strategies for y, z. (94) implies that we can appropriately increase d., 4, while
keeping the transient iteration complexity (92) unchanged (at most scaled by a constant factor). For
example, we can use a moderately sparser communication network for updating x than y, z. We
illustrate this point with three examples: SPARKLE-ED, SPARKLE-EXTRA and SPARKLE-GT
(variants), where y, z share the same communication matrix W,.

* SPARKLE-ED, SPARKLE-EXTRA: From Table 4, we have

=0 ((1=p(Wy))7%),0,=0. = O ((1 - p(W,))?),
b= 0 ((1=p(Wa))7F) 5, = 8. = O (1= p(W,)) 7).
Substituting these values into (92), we get the transient iteration complexity is bounded by
max {n2(1 - p(W.))"2,n(1 — p(W,))~2}
SPARKLE-ED will keep the transient iteration complexity n3(1 — p(W,,))~? (the dominated

term) if
(1= p(W2)) ™ S V(1 = p(W,)) ™. (95)
e SPARKLE-GT variants: Results in Table 4 imply that

8

5o =0 (1= p(W2))2) b, = 6. =0 (1= p(W,)) 1),

Following the same argument as before, we have the following upper bound of the transient
iteration complexity of SPARKLE-GT

max {n?(1 = p(W,)) "2, (1 = p(W,)) %, n(1 = p(W,)) "3 }.

we get the constraints of the spectral gap 1 — p(W ;) that maintains the transient iteration
complexity max {nS(l —p(Wy))"2,n(1— p(Wy))’%}

(1= p(W,)) " S max {V/a(l = p(W,)n 2= p(W,)) . )

Denote the communication times per agent of W, W, by ¢, ¢, respectively. For example, we have
¢z = 2, ¢y = n — 1 when taking Ring Graph for x (i.e. [W];; # 0iff |i — j| € {0,1,n — 1} ), and
Complete Graph for y (i.e. W, = £1,17).

Then for each agent, the communication cost per round is O(czp + ¢,q). If we take a = ¢, /¢, to
measure the relative sparsity of the two communication matrices, and consider ¢, = O(1), then for
each agent, the communication cost per round is O(ap + ¢). (95) and (96) theoretically provide the
range of the sparsity (connectivity) degree of W, relative to W,,. From (95) and (96), we can set
a < 1, while maintaining the transient iteration complexity for SPARKLE-GT, SPARKLE-ED,
SPARKLE-EXTRA.

C.2.4 The transient iteration complexities of some specific examples in SPARKLE.

Now we compute the transient iteration complexities of each SPARKLE-L-U algorithm, where
L,U € {GT (variants), ED, EXTRA}. For brevity, here we assume that W, = W, = W, use the
same heterogeneity-correction method to y, z, and denote the spectral gap 1 — p(W,) by 1 — p.

Substituting the results in Table 4 into (92) and (93), we get

1 1
0 =0|——-1,0,=0, =0 ——
<(1—P)2> ! <(1—P)2>
for any L, U € {GT (variants), ED, EXTRA},

=0 (5) @ (b))



for U = {GT (variants), ED, EXTRA} respectively, and

==\ a—ppr) O\a—o ) O\a—op
=20 (=)0 (=) @ (=)

for L = {GT (variants), ED, EXTRA} respectively.

Combining the above results, we can directly obtain Table 2, the transient iteration complexities of

SPARKLE with mixed heterogeneity-correction techniques in different levels.

C.3 Convergence analysis in deterministic scenarios

The following lemma gives the convergence rate of Algorithm 1 without a moving average when

there is no sample noise:

Lemma 20. Suppose that Assumptions 1- 4 hold. If 0% = 0, then there exist o, 3,y and 0 = 1 such

that
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where C~'a is a series of overheads which is defined below.
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Proof. Note that 0 = 0 implies that L; = ©(L?) when o = O(Lg},). Thus (87) implies that:
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Then we aim to choose the stepsize «, 3, 7. Define:

Co =Lya +
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Then there exist
- -1
a=0 (C’a + &;1})2 + &;b{g + &;&2) ,B=0 (54(1) Yy =0 (54(1)

such that (45), (53), (56), (40), (58), (65), (82), and (84) hold. Then all previous lemmas hold.
Then from (97) we have:
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C.4 Degenerating to single-level algorithms

We consider the bilevel problem with the following upper- and lower-level loss function on the ¢-th
agent:
2

Fi(e,u,6) = Fi(r,6), Gilep,6) = U5

Actually, this optimization problem with respect to x is single-level, since we have z* = 0, y* = 0,
ukf = V1 fi(zF, €F) by induction. By taking & = 1, we get the following single-level algorithm

K3
framework for decentralized stochastic single-level algorithm. As we discuss in previous sections, it
can recover various heterogeneity-correction algorithms, including GT, EXTRA and ED, by selecting
specific A, B, C,.
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Algorithm 3 SPARKLE: degenerating to single-level decentralized stochastic algorithms
Require: Initialize x° = 0, d? = 0, learning rate ay,.
fork=0,1,--- ,K —1do
k41 = C,xF — ap A v — B, dk, déf! =df 4+ B, xkH!
end for

In this case, we have 2z} = 0, y; = 0. Notice that L,» =0, L~ = 0. It gives

2 —1(2 2 =12
_0<62||0y|| 10, 1Pl Ayall*[[ Ayl +72H0 8 [ Y ||2>7

(1= [ITy[)? (L= T2
(1=6)2 \ 01210 12| Aual Pl AL I
m=0 (77 + a? <1+ — .
1 ’ 02l P (1 [T, )2
If we take
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~ ? —1 ’ 1
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and 0 = 1, 8 — 0, v — 0, then (45), (53), (56), (40), (58), (65), (82), and (84) hold. Thus all
previous lemmas hold. Then (87) transforms into
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It follows that
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(98)
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Like (88), we take
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Substituting these values into (98), we get

1
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Like Lemma 18, we get the transient iterating complexity for Algorithm 3 is

_ 2 -1 —1 %
s (10,1210 s (101105 1A
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Substituting the value of relevant norms in Table 4, we get the transient iteration complexity for GT,
EXTRA, ED are

O<ﬁmx{uiiﬂf<1Zﬁw}>’0<flﬁiv)’0<klﬁiw>

respectively, where p := p(W ). These upper bounds are the same as the state-of-the-art results
shown in Table 1. It indicates that our analysis accurately captures the impacts of updates at each
level on the convergence results.

D Experimental details

In this section, we provide the details of our numerical experiments discussed in Section 4. We also
provide addition experimental results which are not mentioned in the main text due to the space
limitation. For all GT variants, we focus on one typical representative, ATC-GT, in our experiments,
which we denote as GT for brevity. All experiments described in this section were run on an NVIDIA
A100 server.

D.1 Synthetic bilevel optimization

Here, we consider problem (1) whose upper- and lower level loss functions on the ¢-th agents
(1 <i < N) are denoted as:

file,y) = Eaco |4 =il

2 2
9:(@,y) = Eap, [y — 2l* + G, )]
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Figure 4: The estimation error of D-SOBA, SPARKLE-GT, SPARKLE-ED, and SPARKLE-
EXTRA under different networks and data heterogeneity.

where 2 € RP,y € R¥ and C, denotes a fixed regularization parameter. For each agent i, we
firstly generate the local solution ¥}, zF as yf = y* + (; and zj = A*b* + &;, where z* ~ N (0, Ix)
is a randomly generated vector, each element of A* is independently sampled from A(0,9). The
observation (A;, b;) on agent ¢ is generated in a streaming manner by A; = A* + ¢;, b; = 7 + ¢,
in which each element of ¢; € RX*P and ¢); € R are independently generated by A/ (0, O'g). The
terms &; ~ N(0,021) and ¢; ~ N(0,07Ip) control the heterogeneity of data distributions across
different agents.

We set D = 20, K = 10,0, = 0.001,C, = 0.001. Then we set 05, = 0.5 to represent severe
heterogeneity across agents and o, = 0.1 for mild heterogeneity. We run D-SOBA, SPARKLE-GT,
SPARKLE-ED, and SPARKLE-EXTRA over Ring, 2D-Torus [37], and fully connected networks
with N = 64 agents. The moving-average term # = 0.1 and the step-size at the ¢-th iteration are
ar = By = v = 1/(500 + 0.01t). The batch size is 10.

2
Fig. 4 illustrates the averaged estimation error ZZI\LI Hzﬁﬂ —z* H of the mentioned algorithms with

different communication topology and data heterogeneity. It is observed that SPARKLE with ED,
EXTRA, GT achieve better convergence performances with decentralized communication networks.
Meanwhile, SPARKLE-ED and SPARKLE-EXTRA are more robust to data heterogeneity and the
sparsity of network topology than SPARKLE-GT. All the results are consistent with our theoretical
results.

D.2 Hyper-cleaning on FashionMNIST dataset

Here, we consider a data hyper-clean problem [44] on FashionMNIST dataset [48]. The FashionM-
NIST dataset consists of 60000 images for training and 10000 images for testing and we randomly
split 50000 training images into a training set and the other 10000 images into a validation set.

The data hyper-cleaning problem aims to train a classifier from a corrupted dataset, in which the label
of each training data is replaced by a random class number with a probability p (i.e. the corruption
rate). It can be considered as a stochastic bilevel problem (1) whose upper- and lower-level loss
functions on the ¢-th agents (1 < ¢ < n) are formulated as:

fag) = —— 3 L0(6su),¢),
(&e.¢)eD?),

1
g’L(I7y) = T Z U(xE)L<¢(£e;y)7CE)+0Hy”27
‘Dt’!‘ (&u(e)eDS’.)
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Figure 5: Hypergradient evaluation times for required test accuracy in hyper-cleaning problem. (Left:
p = 0.2; Right: p = 0.3)

where ¢ denotes a training model while y denotes its parameters, L denotes the cross-entropy loss

function and o(x) = (1 + e~%)~! is the sigmoid function. Dt(i) and Dq(fczl denotes the training and
validation set of the i-th agent, respectively. C' > 0 is a fixed regularization parameter.

Data generation and experiment settings. In this experiment, we let ¢ be a two-layer MLP network
with a 300-dim hidden layer and ReL.U activation while y denotes its parameters. For 1 < ¢ < 10,
we sample a probability distribution P; randomly by Dirichlet distribution with parameters oz = 0.1.
The training and validation images with label ¢ are sent to different agents according the probability

distribution P;. Then Dt(i) and Df}i(l)l are generated sufficiently heterogeneous [32]. We set C' = 0.001.
The batch size is set to 50.

Convergence performances with different corruption rates. We set the moving-average term
0, = 0.2 and run D-SOBA [29], MA-DSBO-GT [10], MDBO [21] SPARKLE-GT, SPARKLE-ED,
SPARKLE-EXTRA, SPARKLE-ED-GT, and SPARKLE-EXTRA-GT on an Adjusted Ring graph
with n = 10 agents and p = 0.1, 0.2, 0.3 separately. The step-sizes for all the algorithms are set to
ar = Br = vr = 0.03 and the term n in MDBO is set to 0.5. The weight matrix of Adjust Ring
W = [w;;]nxn satisfies:

a, if j =1,
1 _

wi = — @G — i) %n = +1,
0, else.

Moreover, we run SPARKLE with ED in the lower level and auxiliary variable and gradient tracking
in the upper level (i.e. SPARKLE-ED-GT) as well as SPARKLE with EXTRA in the lower level
and auxiliary variable and gradient tracking in the upper level (i.e. SPARKLE-EXTRA-GT) and
compare their test accuracy with the other four algorithms.

Figure 1 shows that SPARKLE-ED and SPARKLE-EXTRA outperforms in different cases than
SPARKLE-GT. Meanwhile, SPARKLE-EXTRA, SPARKLE-EXTRA-GT achieve similar test
accuracy, as do those for SPARKLE-ED and SPARKLE-ED-GT, which matches our theoretical
results in transient iteration analysis. Figure 5 presents the times of gradient evaluation for different
test accuracies of these algorithms at p = 0.2, 0.3, demonstrating similar results.

Influence of network topology. We set the corruption rate p = 0.3, the step sizes oy = S = 1, =
0.02, and the moving-average term 6, = 0.2. Then we run SPARKLE-EXTRA and SPARKLE-
EXTRA-GT on a network containing n = 10 nodes with different topologies in the following two
cases:

* Fixed upper, varied lower: x communicates through a five-peer graph; y, z communicate through
different adjusted rings with p = 0.647,0.828,0.924, 0.990.

* Fixed lower, varied upper: y, z communicate through a five-peer graph;  communicates through
different adjusted rings with p = 0.647,0.828,0.924, 0.990.
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Figure 6: The average test accuracy of SPARKLE-EXTRA and SPARKLE-EXTRA-GT on hyper-
cleaning with different communicating strategy of x, y, z.

Table 5: Mean and standard deviation of the average test accuracy of last 40 iterations during 10 trials
with different moving-average terms

Algorithm 0 =0.05 0=0.2 0=0.3
SPARKLE-GT 0.7080 +0.0215 0.70454+0.0126  0.7064 £ 0.0113
SPARKLE-ED 0.7096 + 0.0074  0.7113 +0.0047 0.7110 + 0.0081

SPARKLE-EXTRA 0.7190 £ 0.0103  0.7277 £ 0.0090 0.7243 £ 0.0028
SPARKLE-ED-GT 0.7064 £0.0063  0.7178 £0.0037 0.7162 £ 0.0041
SPARKLE-EXTRA-GT 0.7198 £0.0051  0.7262 4+ 0.0058 0.7247 £ 0.0048

The weight matrix of five-peer graph W = [w;;],,xn satisfies:

0.2, if (j —i)%n=0,=£1,+2,
wij =
0, else.

Figure 6 shows the average test accuracy of both SPARKLE-EXTRA and SPARKLE-EXTRA-GT
over 10 trials. It indicates that the test accuracy decays with increasing spectral gap of topologies
related to y, z while the topology of x is fixed during the whole iterations. However, such convergence
gap becomes milder when the topologies of y, z are fixed and that of = varies. This phenomenon
supports our theoretical findings, which suggest that the transient iteration complexity is more
sensitive to the network topologies of y, z than to that of x.

Influence of moving-average iteration on convergence. Moreover, for §; = 0.05,0.2,0.3, we
run SPARKLE-GT, SPARKLE-ED, SPARKLE-EXTRA, SPARKLE-ED-GT, and SPARKLE-
EXTRA-GT on an Adjusted Ring graph with n = 10 agents, oy = B = 7, = 0.03 and p = 0.3
for 3000 iterations. We obtain the average test accuracy of the last 40 iterations over 10 trials, and
present the mean and standard deviation during the different trials in Table 5. We can observe that
most algorithms achieve the highest test accuracy when 6 = 0.2, which may prove that a suitable ¢
can benefit the test accuracy in hyper-cleaning problems.

67



IS

S)
w
S}

—— SPARKLE-ED —— MDBO —— SPARKLE-ED —— MDBO
35 ~——— SPARKLE-EXTRA Single-level 25 ——— SPARKLE-EXTRA Single-level
3.0 —— SLDBO —— SLDBO
2.0
@25 @
o <}
w20 — 15
0 0
Q Q
=15 -
1.0
1.0
05 05
0.0
0 250 500 750 1000 1250 1500 1750 2000 0 250 500 750 1000 1250 1500 1750 2000
sample size sample size

Figure 7: The test loss against samples generated by one agent of different algorithms in the policy
evaluation. (Left: n = 20, Right: n = 10.)

Table 6: The average training loss of the last 500 iterations for 10 independent trials in the distributed
policy evaluation.

Algorithm N =10 N =20
SPARKLE-ED 0.2781+1.09 x 103 0.3198 £3.21 x 10—3
SPARKLE-EXTRA 0.2743 4+ 0.88 x 1073 0.3207 + 2.94 x 10~3
MDBO 1.0408 +4.51 x 1073 1.3293 £8.38 x 1073
SLDBO 04132 +£1.18 x 1073 0.8374 4+ 2.47 x 1073
Single-level ED 0.2948 +0.92 x 1072 0.3164 £3.12 x 1073

D.3 Distributed policy evaluation in reinforcement learning

Following the result of [52], we consider a multi-agent MDP problem in reinforcement learning on a
distributed setting with n agents. Denote S as the state space. Suppose that the value function in each
state s € S is a linear function V' (s) = ¢/ x, where ¢, € R™ is a feature and x € R™ is a parameter.
To obtain the optimal solution z*, we consider the following Bellman minimization problem:

. 1 — . 2
P = 3 | (6B [ 40Tl

where 7(s, ) denotes the reward incurred from transition s to s’ on the i-th agent, y € (0, 1) denotes
the discount factor. The expectation is taken over all random transitions from state s to s’. It can be
viewed as a bilevel optimization problem with the following upper- and lower-level loss:

fi(z,y) = 2‘S|Z

seS
2
gi(z,y) =Y (s — Ea [r'(s,8") +v¢lxls])”,
seS
where y = (yq,- - - ,y|5‘)T € RI®I. In our experiment, we set the number of states |S| = 200 and

m = 10. For each s € S, we generate its feature ¢s ~ U[0,1]"™. The non-negative transition
probabilities are generated randomly and standardized to satisfy D, s ps,» = 1. The mean reward

7i(s,s’) are 1ndependently generated from the uniform distribution U0, 1]. In each iteration, the
stochastic reward i(s,8) ~ N(F(s,s"),0.022).

For n = 10, 20, we run SPARKLE-ED and SPARKLE-EXTRA as well as existing decentralized
SBO algorithms MDBO [21] and SLDBO [16] (here we use the stochastic gradient instead of
deterministic gradient) over a Ring graph. For MDBO, the number of Hessian-inverse estimation
iterations is set to 5. The step sizes are 0.03 for all methods. Figure 3 illustrates the upper-level loss
against samples generated by one agent for 10 independent trials. Table 6 shows the average training
loss of the last 500 iterations for 10 independent trials of the four decentralized SBO algorithms as
well as single-level ED [56] (For bilevel algorithms, training loss means the upper-level loss here).
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Figure 8: The accuracy on training and testing set of different algorithms for the meta-learning
problem.

Both Figure 3 and Table 6 demonstrate that SPARKLE-ED and SPARKLE-EXTRA converge faster
than other methods.

Finally, we create a fixed "test set" with 10000 sample generated from S. Figure 7 shows the
loss on the test set of SPARKLE-ED, SPARKLE-EXTRA, SLDBO, MDBO and single-level ED
algorithm, demonstrating the superior performance of SPARKLE compared to other decentralized
SBO algorithms.

D.4 Decentralized meta-learning

We consider a meta-learning problem as described in [18]. There are R tasks {7;,s = 1,--- , R}.
Each task 7 has its own loss function L(z, ys, £), where £, represents a stochastic sample drawn from
the data distribution Dy, y, denotes the task-specific parameters and = denotes the global parameters
shared by all the tasks. In meta-learning problem, we aim to find the parameters (z*, y7,--- ,y%)
that minimizes the loss function across all R tasks, i.e.,

R
1
i l = — Eeop, [L(z,ys,8)] . 102
i Uzy e ye) = 5 ; e, [L(2,Ys,€)] (102)
The problem (102) can be formulated as a decentralized SBO problem with heterogeneous data
distributions across N nodes. Fori = 1,2,---, N, let D" and D} denote the training and
validation datasets for the s-th task 7, received by node i respectively. We can then address the
meta-learning problem by minimizing (1), with the upper- and lower-level loss functions defined as:

1 R
fl(x7y) = E Z]E£~D‘;al1 [L(xvysvg)] )
s=1

R
Gi@9) = 5 3 [Bens L0, 6] + Rl
s=1

where L denotes the cross-entropy loss and R(ys) = C» ||ys ||2 is a strongly convex regularization
function.

In this experiment, we compare SPARKLE-ED with D-SOBA [29] and MAML [18] in a decentralized
communication setting over a 5-way S-shot task across a network of N = 8 nodes connected by
Ring graph. The dataset used is minilmageNet [47], derived from ImageNet [42], which comprises
100 classes, each containing 600 images of size 84 x 84. We set R = 2000 and partition these
classes into 64 for training, 16 for validation, and 20 for testing. For the training and validation
classes, the data is split according to a Dirichlet distribution with parameter o = 0.1 [32]. We utilize
a four-layer CNN with four convolution blocks, where each block sequentially consists of a 3 x 3
convolution with 32 filters, batch normalizationm, ReLU activation, and 2 x 2 max pooling. The batch
size is 32, and C, = 0.001. The parameters of the last linear layer are designated as task-specific,
while the other parameters are shared globally. For SPARKLE and D-SOBA, the step-sizes are
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B =7 =0.1and o = 0.01. For MAML, the inner step-size is 0.1 and the outer step-size is 0.001,
and the number of inner-loop steps as 3. For all algorithms, the task number is set to 32. And we only
repeat the experiment only once due to the time limitation. Figure 8 shows the average accuracy on
the training dataset for all nodes, as well as the test accuracy of the three algorithms. We observe
that SPARKLE-ED outperforms other algorithms, demonstrating the efficiency of SPARKLE in
decentralized meta-learning problems.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: Refer to Abstract and Introduction.
Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Refer to Section Conclusions.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: Refer to Section Assumptions for our assumptions, and Appendix for detailed
proof.

Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

e Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: Refer to Appendix.
Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer:

Justification: We may consider making data and code openly accessible when it is deemed
necessary.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/public/
guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run
to reproduce the results. See the NeurIPS code and data submission guidelines (https:
/Mmips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: Refer to Appendix.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: We show error bars in experiments where we consider them essential.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

73


https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy

8.

10.

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: Refer to Appendix.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification:Our research conforms, in every respect, with the NeurIPS Code of Ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
Justification: There is no societal impact of our work.
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

e If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: There is no such risk in the paper.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We comply with the licenses of existing assets used in the paper and provide
necessary references.

Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the package
should be provided. For popular datasets, paperswithcode.com/datasets has curated
licenses for some datasets. Their licensing guide can help determine the license of a
dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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