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Abstract

We propose a projection-free conditional gradient-type algorithm for smooth
stochastic multi-level composition optimization, where the objective function is a
nested composition of 7" functions and the constraint set is a closed convex set. Our
algorithm assumes access to noisy evaluations of the functions and their gradients,
through a stochastic first-order oracle satisfying certain standard unbiasedness and
second-moment assumptions. We show that the number of calls to the stochas-
tic first-order oracle and the linear-minimization oracle required by the proposed
algorithm, to obtain an e-stationary solution, are of order O (¢~2) and Or(e3)
respectively, where O hides constants in 7. Notably, the dependence of these
complexity bounds on € and 7" are separate in the sense that changing one does not
impact the dependence of the bounds on the other. For the case of 7' = 1, we also
provide a high-probability convergence result that depends poly-logarithmically on
the inverse confidence level. Moreover, our algorithm is parameter-free and does
not require any (increasing) order of mini-batches to converge unlike the common
practice in the analysis of stochastic conditional gradient-type algorithms.

1 Introduction

We study projection-free algorithms for solving the following stochastic multi-level composition
optimization problem

;Iéi/_lvl F(z):=fio---0 fr(x), (1)
where f; : R% — RY%-1j = 1,.-- T (dy = 1) are continuously differentiable functions, the

composite function F is bounded below by F* > —co and X C R is a closed convex set. We
assume that the exact function values and derivatives of f;’s are not available. In particular, we
assume that f;(y) = E¢, [G;(y, & )] for some random variable &;. Our goal is to solve the above
optimization problem, given access to noisy evaluations of V f;’s and f;’s.

There are two main challenges to address in developing efficient projection-free algorithms for
solving (T). First, note that denoting the transpose of the Jacobian of f; by V f;, the gradient of the
objective function F'(z) in (1)), is given by VF(z) = V fr(yr)V fr-1(yr—1) - - - Vf1(y1), where
Yi = figr1 00 fp(z) for1 < i < T, and yr = x. Because of the nested nature of the gradient
V F(z), obtaining an unbiased gradient estimator in the stochastic first-order setting, with controlled
moments, becomes non-trivial. Using naive stochastic gradient estimators lead to oracle complexities
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that depend exponentially on 7" (in terms of the accuracy parameter). Next, even when 7' = 1 in
the stochastic setting, projection-free algorithms like the conditional gradient method or its sliding
variants invariably require increasing order of mini—batchesﬂ (28, 140L 124, (39, 52]], which make their
practical implementation infeasible.

In this work, we propose a projection-free conditional gradient-type algorithm that achieves level-
independent oracle complexities (i.e., the dependence of the complexities on the target accuracy is
independent of T') using only one sample of (£;)1<;<7 in each iteration, thereby addressing both of
the above challenges. Our algorithm uses moving-average based stochastic estimators of the gradient
and function values, also used recently by [19] and [4], along with an inexact conditional gradient
method used by [3]] (which in turn is inspired by the sliding method by [28]). In order to establish
our oracle complexity results, we use a novel merit function based convergence analysis. To the best
of our knowledge, such an analysis technique is used for the first time in the context of analyzing
stochastic conditional gradient-type algorithms.

1.1 Preliminaries and Main Contributions

We now introduce the technical preliminaries required to state and highlight the main contributions of
this work. Throughout this work, || - || denotes the Euclidean norm for vectors and the Frobenius norm
for matrices. We first describe the set of assumptions on the objective functions and the constraint set.

Assumption 1 (Constraint set). The set X C R? is convex and closed with max, |z —yll < Dx.
x,yE

Assumption 2 (Smoothness). All functions f1, ..., fr and their derivatives are Lipschitz continuous
with Lipschitz constants Ly, and Ly y,, respectively.

The above assumptions on the constraint set and the objective function are standard in the literature
on stochastic optimization, and in particular in the analysis of conditional gradient algorithms and
multi-level optimization; see, for example, 28], [50] and [4]. We emphasize here that the above
smoothness assumptions are made only on the functions ( fi)lgigT and not on the stochastic functions
(G;)1<i<r (which would be a stronger assumption). Moreover, the Lipschitz continuity of f;’s are
implied by the Assumption[I]and assuming the functions are continuously differentiable. However,
for sake of illustration, we state both assumptions separately. In addition to these assumptions, we
also make unbiasedness and bounded-variance assumptions on the stochastic first-order oracle. Due
to its technical nature, we state the precise details later in Section 3] (see Assumption [3)).

We next turn our attention to the convergence criterion that we use in this work to evaluate the
performance of the proposed algorithm. Gradient-based algorithms iteratively solve sub-problems in
the form of
argmin{(g,u) +6||u—x||2}, ©)
uceX 2
for some 3 > 0, g € R? and € X. Denoting the optimal solution of the above problem by
Py (z, g, ) and noting its optimality condition, one can easily show that

~VE() € Nx(@) + B(0, g ~ VE@)|Dx + Bllz — Pa(e, g, 9| (D + [VE@)/8)),

where N (Z) is the normal cone to X at Z and B(0, r) denotes a ball centered at the origin with radius
r. Thus, reducing the radius of the ball in the above relation will result in finding an approximate first-
order stationary point of the problem for non-convex constrained minimization problems. Motivated
by this fact, we can define the gradient mapping at point £ € X as

(2, VF(@).8) = 5z~ Pu(e. VF@),3) = 8 (2 -1y (5~ 3VF@) ), 0

where ITv(y) denotes the Euclidean projection of the vector y onto the set X'. The gradient mapping
is a classical measure has been widely used in the literature as a convergence criterion when solving
nonconvex constrained problems [35]]. It plays an analogous role of the gradient for constrained
optimization problems; in fact when the set X = R the gradient mapping just reduces to VF (7). It
should be emphasized that while the gradient mapping cannot be computed in the stochastic setting, it

"We discuss in detail about some recent works that avoid requiring increasing mini-batches, albeit under
stronger assumptions, in Section|T.2}



Algorithm Criterion # of levels Batch size SFO LMO

SPIFER-SFW [52] FW-gap 1 O(e™) O™ 0O(e?)
1-SFW [54] FW-gap 1 1 O 0 ?
SCFW [1] FW-gap 2 1 O(?) 0O ?)
SCGS [39] GM 1 O(e ) O ?) O ?)
SGD+ICG [3] GM 1 O(e ) O ?) 0O ?)
LiNASA+ICG (Algorithm GM T 1 Or(e?) Or(e?)

Table 1: Complexity results for stochastic conditional gradient type algorithms to find an e-stationary
solution in the nonconvex setting. FW-Gap and GM stands for Frank-Wolfe Gap (see (@) and
Gradient Mapping (see (3)) respectively. O hides constants in 7. Existing one-sample based
stochastic conditional gradient algorithms are either (i) not applicable to the case of general 7" > 1,
or (ii) require strong assumptions [54]], or (iii) are not truly online []]; see Section [I.2]for detailed
discussion. The results in [3]] are actually presented for the zeroth-order setting; however the above
stated first-order complexities follow immediately.

still serves as a measure of convergence. Our main goal in this work is to find an e-stationary solution
to (T), in the sense described below.

Definition 1. A point T € X generated by an algorithm for solving (1)) is called an e-stationary point,
if we have E[||Gx (2, VF(Z),8)||?] < ¢ where the expectation is taken over all the randomness
involved in the problem.

In the literature on conditional gradient methods for the nonconvex setting, the so-called Frank-Wolfe
gap is also widely used to provide convergence analysis. The Frank-Wolfe Gap is defined formally as

gx (T, VF(Z)) := glea% (VF(Z),Z —y). 4)

As pointed out by [3]], the gradient mapping criterion and the Frank-Wolfe gap are related to each
other in the following sense.

Proposition 1. [3] Ler gx(-) be the Frank-Wolfe gap defined in @) and Gx(-) be the gradient
mapping defined in . Then, we have ||Gx (z,VF(z),B)||? < gx(z,VF(x)),Vx € X. Moreover,

underAssumption we have gx(x, VF(x)) < {(1/@ quTzl Ly + DX] IGx (x, VF(x),B)|
For stochastic conditional gradient-type algorithms, the oracle complexity is measured in terms
of number of calls to the Stochastic First-order Oracle (SFO) and the Linear Minimization Oracle
(LMO) used to the solve the sub-problems (that are of the form of minimizing a linear function over
the convex feasible set) arising in the algorithm. In this work, we hence measure the number of calls
to SFO and LMO required by the proposed algorithm to obtain an e-stationary solution in the sense
of Definition|l} We now highlight our main contributions:

* We propose a projection-free conditional gradient-type method (Algorithm [I)) for solving (T). In
Theorem we show that the SFO and LMO complexities of this algorithm, in order to achieve an
e-stationary solution in the sense of Deﬁnition are of order O(e~2) and O(e~3), respectively.

* The above SFO and LMO complexities are in particular level-independent (i.e., the dependence
of the complexities on the target accuracy is independent of 7"). The proposed algorithm is
parameter-free and does not require any mini-batches, making it applicable for the online setting.

* When considering the case of T' < 2, we present a simplified method (Algorithm [3] and [) to
obtain the same oracle complexities. Intriguingly, while this simplified method is still parameter-
free for T' = 1, it is not when 1" = 2 (see Theorem and Remark. Furthermore, for the case
of T' = 1, we also establish high-probability bounds (see Theorem 5).

A summary of oracle complexities for stochastic conditional gradient-type algorithms is in Table[I]

1.2 Related Work

Conditional Gradient-Type Method. The conditional gradient algorithm [15, 29], has had a
renewed interest in the machine learning and optimization communities in the past decade; see [33}



20, 201 27,150 [17] for a partial list of recent works. Considering the stochastic convex setup, [2224]
provided expected oracle complexity results for the stochastic conditional gradient algorithm. The
complexities were further improved by a sliding procedure in [28]], based on Nesterov’s acceleration
method. [40, 52, 24] considered variance reduced stochastic conditional gradient algorithms, and
provided expected oracle complexities in the non-convex setting. [39] analyzed the sliding algorithm
in the non-convex setting and provided results for the gradient mapping criterion. All of the above
works require increasing orders of mini-batches to obtain their oracle complexity results.

[34] and [54]] proposed a stochastic conditional gradient-type algorithm with moving-average
gradient estimator for the convex and non-convex setting that uses only one-sample in each iteration.
However, [34] and [54] require several restrictive assumptions, which we explain next (focusing
on [54] which considers the nonconvex case). Specifically, [54] requires that the stochastic function
G1(x,&1) has uniformly bounded function value, gradient-norm, and Hessian spectral-norm, and the
distribution of the random vector &; has an absolutely continuous density p such that the norm of the
gradient of log p and spectral norm of the Hessian of log p has finite fourth and second-moments
respectively. In contrasts, we do not require such stringent assumptions. Next, all of the above
works focus only on the case of T = 1. [1]] considered stochastic conditional gradient algorithm for
solving (I)), with T = 2. However, [1] also makes stringent assumptions: (i) the stochastic objective
functions G4 (z, &) and Go(z, &1 ) themselves have Lipschitz gradients almost surely and (ii) for a
given instance of random vectors &; and &5, one could query the oracle at the current and previous
iterations, which makes the algorithm not to be truly online. See Table|l|for a summary.

Stochastic Multi-level Composition Optimization. Compositional optimization problems of the
form in have been considered as early as 1970s by [12]. Recently, there has been a renewed
interest on this problem. [13] and [10] considered a sample-average approximation approach for
solving and established several asymptotic results. For the case of T' = 2, [48]], [49] and [6]]
proposed and analyzed stochastic gradient descent-type algorithms in the smooth setting. [9] and
[L1] considered the non-smooth setting and established oracle complexity results. Furthermore, [25]
proposed algorithms when the randomness between the two levels are not necessarily independent.
For the general case of T' > 1, [50] proposed stochastic gradient descent-type algorithms and
established oracle complexities established that depend exponentially on 7" and are hence sub-optimal.
Indeed, large deviation and Central Limit Theorem results established in [[13} [10], respectively, show
that in the sample-average approximation setting, the arg min of the problem in (T)) based on n
samples, converges at a level-independent rate (i.e., dependence of the convergence rate on the target
accuracy is independent of 7T') to the true minimizer, under suitable regularity conditions.

[19] proposed a single time-scale Nested Averaged Stochastic Approximation (NASA) algorithm
and established optimal rates for the cases of 7' = 1,2. For the general case of T' > 1, [4]
proposed a linearized NASA algorithm and established level-independent and optimal convergence
rates. Concurrently, [43]] considered the case when the function f; are non-smooth and established
asymptotic convergence results. [33] also established non-asymptotic level-independent oracle
complexities, however, under stronger assumptions than that in [4]. Firstly, they assumed that for
a fixed batch of samples, one could query the oracle on different points, which is not suited for
the general online stochastic optimization setup. Next, they assume a much stronger mean-square
Lipschitz smoothness assumption on the individual functions f; and their gradients. Finally, they
required mini-batches sizes that depend exponentially on 7", which makes their method impractical.
Concurrent to [4]], level-independent rates were also obtained for unconstrained problems by [7],
albeit, under the stronger assumption that the stochastic functions G;(z, ;) are Lipschitz, almost
surely. It is also worth mentioning that while some of the above papers considered constrained
problems, the algorithms proposed and analyzed in the above works are not projection-free, which is
the main focus of this work.

2 Methodology

In this section, we present our projection-free algorithm for solving problem (I). The method
generates three random sequences, namely, approximate solutions {z*}, average gradients {z*},
and average function values {u"}, defined on a certain probability space (2, .7, P). We let .7},
to be the o-algebra generated by {20, ..., 2% 20 ... 28w ..k, oo ul, ... ubk}. The overall
method is given in Algorithm In (), the stochastic Jacobians Jf 1 g R%*di-1 and the product



Algorithm 1 Linearized NASA with Inexact Conditional Gradient Method (LiNASA+ICG)
Input: 2° € X, 2° =0 R4, w) e RY i =1,...,T, B > 0,t, > 0,7 € (0,1], 6 > 0.
for k=0,1,2,...,N do

1. Update the solution:

gk = ICG(mkazkaﬂkatk75)7 (5)
"t = 2F 4 (5" - 2"), (6)
and compute stochastic Jacobians Jik"'l, and function values GF T at ul o fore=1,...,T.
2. Update average gradients z and function value estimates wu; for each level i = 1,...,T
T
A= (1 - )k [ (7)
i=1
uf'H = (1 —7p)ul + Tk.Gf‘H <Jk+1 fill — ufH). (8)
end for
Output: (27,28 uft ... ul), where R is uniformly distributed over {1,2,..., N}
Algorithm 2 Inexact Conditional Gradient Method (ICG)
Input: (z, 2,8, M, 0)
Set w’ = z.
fort=0,1,2,...,M do
1. Find v* € X with a quantity § > 0 such that
D%4
(o B0 )0 S iy G+ B —)0) 4

2. Set w'™ = (1 — py)wt + pyot with gy = min {1, w(r,e\zlvvtifvuz_w }

end for
Output: w™

[1,_, JEti_, is calculated as JEF1 JETT - JiF! € RéTxdi = RdTx1 In (§), we use the notation
(-, -) to represent both matrix-vector multiplication and vector-vector inner product. There are two
aspects of the algorithm that we highlight specifically: (i) In addition to estimating the gradient of
F, we also estimate a stochastic linear approximation of the inner functions f; by a moving-average
technique. In the multi-level setting we consider, it helps us to avoid the accumulation of bias, when
estimating the f; directly. Linearization techniques were used in the stochastic optimization since
the work of [42]. A similar approach was used in [4]] in the context of projected-based methods for
solving (I). It is also worth mentioning that other linearization techniques have been used in [9]
and [[11] for estimating the stochastic inner function values for weakly convex two-level composition
problems, and (ii) The ICG method given in Algorithm [2|is essentially applying deterministic
conditional gradient method with the exact line search for solving the quadratic minimization
subproblem in @I) with the estimated gradient zj, in . It was also used in [3]] as a sub-routine and is
motivated by the sliding approach of [28]].

3 Main Results

In this section, we present our main result on the oracle complexity of Algorithm |} Before we
proceed, we present our assumptions on the stochastic first-order oracle.

Assumption 3 (Stochastic First-Order Oracle). Denote uf.,, = a*. For each k, ul,, being the input,
the stochastic oracle outputs Giﬁ'l € R% and JZ-]€+1 such that given %, and for anyi € {1,...,T}

(a) E[Jf.F] = V fi(ub,y), B[GET 2] = fi(ul,)),



(b) E[|G = filuf ) IP170] < 02, EIIJFT = Vfilul))IP1F] < 03,

(c) The outputs of the stochastic oracle at level 1, G;H'l and J;H'1
the stochastic oracle are independent between levels, i.e., {G’ic+1 bzt

soare {JFT Yoy .

, are independent. The outputs of
T are independent and

,,,,,

Parts (a) and (b) in Assumption [3|are standard unbiasedness and bounded variance assumptions on
the stochastic gradient, common in the literature. Part (c) is essential to establish the convergence
results in the multi-level case. Similar assumptions have been made, for example, in [50] and [4].
We also emphasize that unlike some prior works (see e.g., [54]), Assumption 3] allows the case of
endogenous uncertainty, and we do not require the distribution of the random variables (£;)1<;<7 to
be independent of the distribution of the decision variables (u;)1<;<7-

Remark. Under Assumption 2| and 3| we can immediately conclude that B[|JFY2|. 7] =
E[||JF — V fi(ul, )12 F5] + IV fi(ub, DI? < oF + L3, = 63, In the sequel, 55 will be
used to simplify the presentation.

We start with the merit function used in this work and its connection to the gradient mapping criterion.
Our proof leverages the following merit function:

T
Wan(@,z,u) = F(a) = F* = n(z,2) + a|VF(@) = 2l + Y vl filwirr) —wl®, 9
i=1

where o, {7; }1<i<7 are positive constants and

n(z,z) = ZI]Iél/’Ivl {H(y;x,z,ﬁ) = (z,y —x)+ §||y - x||2} . (10)

Compared to [4], we require the additional term |V F(x) — z||?, which turns out to be essential in
our proof due to the ICG routine. The following proposition relates the merit function above to the
gradient mapping.

Proposition 2. Let Gx () be the gradient mapping defined in (3) and (-, -) be defined in (10). For
any pair of (z,z) and B > 0, we have ||Gx (z, VF(x), B)||? < —48n(z,2) + 2| VF(x) — z|%

Proof. By expanding the square, and using the properties of projection operation, we have

1 1 1 1 1
Oy(z — =2) —z|P+ |Hx(z— =2)— (z — =2) > < ||z — (z — =2)|* = || =2]%
[T ( 5 ) — 2"+ [T ( 5 )= ( 3 I <z —( 3 | ”6 |
Thus, we have n(z, z) < —gHHX(x - %z) — x||2. The proof is completed immediately by noting
that |G (x, VF (2), B)||* < 26%|Tlx (x — §2) — 2| + 2| VF(z) — 2. O

We now present out main result on the oracle complexity of AlgorithnI]

Theorem 2. Under Assumption let {z*, 2% {uF}1<icr} >0 be the sequence generated by
Algorithm[l|with N > 1 and

1
Be=8>0, 0=1,1t=0, m=—,tx=[Vk], Vk>1, (11

where (3 is an arbitrary positive constant. Provided that the merit function W, ~(z, z,u) is defined
as Q) with

p B

p
W%, “:’”:<“+

a )(T—1>Of+2, 2<j<T,  (12)

2 4aL2VF

we have,
206+ 22L5r) [2W, (0, 20, u®) + B(B,0%, L, Dux, T, )]

VN ’
13)

E [l (2", VF (™), B)|7] <




2We (2%, 2%, u®) + B(B,0%, L, Dx, T, )
BVN ’
where ury1 = z,B(B,02, L, Dx,T,8) = 462 +328D% (1+4) (% + 5%%F), and &2 is a constant

depending on the parameters (B,0%, L, Dx,T) given in @2). The expectation is taken with respect
to all random sequences generated by the method and an independent random integer number R
uniformly distributed over {1, ..., N'}. That is to say, the number of calls to SFO and LMO to get an
e-stationary point is upper bounded by Or(e=2), Or(e~3) respectively.

Remark. The constant B(83,02, L, D, T, ) is O(T) given the definition of 6> and the value of v;
in (I2)), which further implies that the total number of calls to SFO and LMO of Algorithm[I|for finding
an e-stationary point of (1), are bounded by O(T?*¢"2) = Or(e72) and O(T3¢73) = Op(e73)
respectively. Furthermore, it is worth noting that this complexity bound for Algorithm([l|is obtained
without any dependence of the parameter By, on Lipschitz constants due to the choice of arbitrary
positive constant B in (T1)), and 1y, ti, depend only on the number of iterations N and k respectively.
This makes Algorithm [l parameter-free and easy to implement.

Remark. As discussed in Section[2] the ICG routine given in Algorithm[2)is a deterministic method
with the estimated gradient zj, in (7). The number of iterations, ty, required to run Algorithm 2]
is given by ty, = (\/ﬂ That is, we require more precise solutions for the ICG routine, only for
later outer iterations. Furthermore, due to the deterministic nature of the ICG routine, further
advances in the analysis of deterministic conditional gradient methods under additional assumptions
on the constraint set X (see, for example, [|16} 18]) could be leveraged to improve the overall LMO
complexity.

E [IIfi(ufiy) = ff[P] <

1<i<T. (14

3.1 The special casesof 7' =1and T = 2

We now discuss several intriguing points regarding the choice of tuning parameter 3, for the case
of T' = 2, and the more standard case of T" = 1. Specifically, the linearization technique used
in Algorithm [I] turns out to be not necessary for the case of 7 = 2 and 7' = 1 to obtain similar
rates. However, without linearization, the choice of 3 is dependent on the problem parameters for
T = 2. Whereas it turns out to be independent of the problem parameters (similar to Algorithm|l|and
Theoremwhich holds for all T > 1) for T' = 1. As the outer function value estimates (i.e., u’f“
sequence) are not required for the convergence analysis, we remove them in Algorithms[3]and ]

Algorithm 3 NASA with Inexact Conditional Gradient Method (NASA+ICG) for T' = 2

Replace Step 2 of Algorithm [T with the following:
2’. Update the average gradient z and the function value estimate uo respectively as:

A= (1 —7)2% + i ALY and wb T = (1 — 7)u” 4 1 GET!

Algorithm 4 ASA with Inexact Conditional Gradient Method (ASA+ICG) for T =1
Replace Step 2 of Algorithm [T with the following:
2”. Update the average gradient z as: 251 = (1 — 73,)2% 4 7, JF T,

Theorem 3. Let Assumptions[l} 2} [3| be satisfied by the optimization problem (I)). Let C1,Co and C3
be some constants depending on the parameters (3,02, L, Dy, 9), as defined in (5%) and (62). Let

T0=1,t0 =0, 7, = ﬁ, tr = [Vk]|,Vk > 1, where N is the total number of iterations.
(a) Let T = 2, and let {z*, 2", ué}kzo be the sequence generated by Algorithmwith
2
Br =8> 6pLyr + (2p+ %)Lthi’ p>0. (15)
Then, we have VN > 1,

E (|G («, VF ("), 6)) -

1 f2(a™) = uf|?] <

|

C
<—, E
~ VN’ [

|



(b) Let T = 1 and let {z*, zk}kzo be the sequence generated by Algorithmwith B =05 > 0.
Then, we have VN > 1,

Cs
E [||Gx(z®, VF (™), 8)[]?] < —=.
(=™, VPG, B)I7) < 2
All expectations are taken with respect to all random sequences generated by the respective algorithms
and an independent random integer number R uniformly distributed over {1, ..., N'}. In both cases,

the number of calls to SFO and LMO to get an e-stationary point is upper bounded by O(e=2), O(e3)
respectively.

Remark. While we can obtain the same complexities without using the linear approximation of the
inner function for T' = 2, it seems necessary to have a parameter-free algorithm as the choice of
B in depends on the knowledge of the problem parameters. Indeed, the linearization term in
(8) helps use to better exploit the Lipschitz smoothness of the gradients get an error bound in the
order of T2 ||d*||? for estimating the inner function values. Without this term, we are only able to use
the Lipschitz continuity of the inner functions and so the error estimate will increase to the order of
7k||d¥||. Hence, we need to choose a larger beta (as in (13)) to reduce ||d*|| and handle the error
term without compromising the complexities. However, this is not the case for T' = 1 as it can be
seen as a two-level problem whose inner function is exactly known (the identity map). In this case,
the choice of B is independent of the problem parameters with or without the linearization term.

3.2 High-Probability Convergence for 7' = 1

In this subsection, we establish an oracle complexity result with high-probability for the case of
T = 1. We first provide a notion of (¢, d)-stationary point and a related tail assumption on the
stochastic first-order oracle below.

Definition 4. A point T € X generated by an algorithm for solving (1)) is called an (e, d)-stationary
point, if we have |G (Z, VF(Z), 8)||* < € with probability 1 — 6.

Assumption 4. Let A*t1 = VFE(z*) — J*! for k > 0. For each k, given .7; we have
E[AMTY.Z) = 0 and || ATY||.Zy is K-sub-Gaussian.

The above assumption is commonly used in the literature; see [23} 21} 30, 55]. We also refer to
[45] and Appendix [E] for additional details. The high-probability bound for solving non-convex
constrained problems by Algorithmd]is given below.

Theorem 5. Let Assumptions|[l] be satisfied by the optimization problem (1)) with T = 1. Let
To=1t1=0,7 = ﬁ,tk = (\/H,Vk > 1, where N is the total number of iterations. Let T = 1
and let {z*, zk}kzo be the sequence generated by Algorithm with Bk = B > 0. Then, we have
VN > 1,6 > 0, with probability at least 1 — 6,

. K * 2 K?log(1/6)
< it = A St
k:rﬁ}p’Nflgx(x ,VE(@®),B)]|" < 0( Wi
Therefore, the number of calls to SFO and LMO fo get an (e, 0)-stationary point is upper bounded by
O(e210g?(1/6)), O(e~31log®(1/5)) respectively.

Remark. 7o the best of our knowledge, the above result is (i) the first high-probability bound for
one-sample stochastic conditional gradient-type algorithm for the case of T' = 1, and (ii) the first

high-probability bound for constrained stochastic optimization algorithms in the non-convex setting;
see Appendix J of [32].

4 Proof Sketch of Main Results

In this section, we only present the proof sketch. The complete proofs are provided in the appendix.
For convenience, let ur; = x, and we denote H, as the function value of the subproblem at step &,
y* as the optimal solution of the subproblem i.e.,

Hy(y) = H(y; 2%, 2%, By), ¢* = arg min Hi(y). (16)
ye

Then, the proof of Theorem [2] proceeds via the following steps:



1. We first leverage the merit function W, := Waﬁ(xk 2% u¥) defined in () with appropriate
choices of «,  for any 8 > 0 to obtain

Wit1 — Wk<—< [dkll2+ZIIfL ufpr) = uil*| +

+ sz IVFG) - ﬁn?)

+ Ry + 7% ( 5 + 32
where Ry, is the residual term (see (31)) and E[Ry|-%;] < 6277, as shown in Proposition
2. Telescoping the above inequality, in Lemma [IT| we obtain the following:

N T
> n [ﬁ(lld’“IQﬂLZIfi(uf+1)—U?ll2> sz VPG - z'fn?]
=1

24 40L .
<2Wo+2kZORk (5 )Zm (He(7%) — Hp(y*)), VN >1.

3. To further control the error term Hy (§*) — Hy(y*) introduced by the ICG method, we set ¢, the
number of iterations in ICG method at step , to [v/k]. By Lemma we therefore have

28D%(1+0) _ 28D%(1+9)

Hy(§%) — Hi(y%) < , VE>1.
k(77) — Hi(y") < T TE >
Also, with the choice of 7, = \/iﬁ and z° = 0, we can conclude that

N 5 5)
e (Hu(i*) — Ho(t)) < 22Px0+9) < 4BD2(1 4 5).
;) w (Hi (9 k(y")) < N ;\f £

4. Then, taking expectation of both sides and by the definition of random integer R, we have

T
B
8 (ndﬁw + 3 fiult) - u{"'IIZ) + soprIVF@™) - 27| <2Wo + B,
i=1 VF

VN > 1, where B is a constant depending on the problem parameters (3,02, L, Dx, T, 6).
5. As aresult, we can obtain and by noting that Vk > 1

Iy (xk - ;VF(:&)) Iy (;1: - ;zk>
< 26%||d"||? + 2||VF (a*) - 2F|1%.

where the second inequality follows the non-expansiveness of the projection operator.

2

IG(*, VE ("), )| < 26%|1d"|* + 26

The proofs of Theorems [3] and [5] follow the same argument with appropriate modifications. The
high-probability convergence proof of Theorem 5| mainly consists of controlling the tail probability
of the residual term Ry, being large.

5 Discussion

In this work, we propose and analyze projection-free conditional gradient-type algorithms for con-
strained stochastic multi-level composition optimization of the form in (I). We show that the
oracle complexity of the proposed algorithms is level-independent in terms of the target accuracy.
Furthermore, our algorithm does not require any increasing order of mini-batches under standard
unbiasedness and bounded second-moment assumptions on the stochastic first-order oracle, and is
parameter-free. Some open questions for future research: (i) Considering the one-sample setting,
either improving the LMO complexity from O(e=3) to O(e~2) for general closed convex constraint
sets or establishing lower bounds showing that O(e~3) is necessary while keeping the SFO in the
order of O(e~?), is extremely interesting; and (ii) Providing high-probability bounds for stochastic
multi-level composition problems (7" > 1) and under sub-Gaussian or heavy-tail assumptions (as in
[32} 31]) is interesting to explore.
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Supplementary Materials

The supplementary materials are organized as follows. Appendix [A] provides motivating examples
for stochastic multilevel optimization. Appendix [B|introduces the essential technical lemmas to
complete the proof. We present the whole proofs of Theorem 2] and Theorem [3]in Appendix [C|and [D]
Finally, we present the high-probability convergence analysis particularly for the case when 7' = 1 in

Appendix

A Motivating Examples

Problems of the form in (I)) are generalizations of the standard constrained stochastic optimization
problem which is obtained when 7" = 1, and arise in several machine learning applications. Some
examples include sparse additive modeling in non-parametric statistics [48], Section 4.1], Bayesian
optimization [2], model-agnostic meta-learning [7} [14], distributionally robust optimization [36],
training graph neural networks [8]], reinforcement learning [49} Setion 1.1] and AUPRC maximiza-
tion [37, 147, 138]]. Below, we provide a concrete motivating example from the field of risk-averse
stochastic optimization [44].

The mean-deviation risk-averse optimization is given by the following optimization problem

1/2
max {E[U (2,€)] - pE [{E[U(z,€)] - U(w,)}*] /*}.
As noted by [50], [43] and [4], the above problem is a stochastic 3-level composition optimization
problem with

f3(z) = (E[U(z, O 2)  flly.2) = @E{y - U@OF])  fly,2)=y—Vz+d.

Here, § > 0 is added to make the square root function smooth. In particular, we consider a
semi-parametric data generating process given by a sparse single-index model of the form b =
g({a,z*)) + ¢, where g : R — R is called the link function, z* € R? is assumed to be a sparse vector
and (-, -) represents the Euclidean inner-product between two vectors. Such single-index models
are widely used in statistics, machine learning and economics [41]. A standard choices of the link
function g is the square function, in which case, the model is also called as the sparse phase retrieval
model [46]]. Here, a is the input data which is assumed to be independent of the noise . In this
case, £ := (a,b) and the if we consider the squared-loss, then U (z,&) := (b — ({a, x))?)? and is
non-convex in x. The goal is to estimate the sparse index vector z* in a risk-averse manner, as they
are well-known to provide stable solutions [50]. To encourage sparsity, the set X" is the ¢; ball [26].

B Technical Lemmas

Lemma 6. (Smoothness of Composite Functions [4]]) Assume that Assumption|2| holds.

a) Define Fi(z) = f; 0 fix1 00 fr(x). Under, the gradient of F; is Lipschitz continuous with
the constant

T j—1 T
Lvr, =Y |Lvs, [ Zn ] L7
j=i I=i I=j+1
b) Define
Ry =Lvy Ly, - Ly, R; :Lfl...ij—lvaijjJrl...LfT/ij7 2<)<T-1,
j—2 j—1
Ce=Ri, Cj=) R Lf,), 3<j<T
i=1 l=i+1

a7)
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and let upy1 = x. Then, for T > 2, we have

T
‘VF HVfT+1 i(urya—i)
=1

T
) <376l (sen) — sl (18)
j=2

Lemma 7. (Smoothness of (-, -) [19]) For fixed 3 > 0 and, n(z, z) defined in (10), the gradient of

n(x, z) w.rt. (x, z) is Lipschitz continuous with the constant Ly, = 2\/(1 +06)%+ (1 + %)2
Lemma 8. (Convergnece of ICG [26]) Let §j* be the vector output by Algorithmat step k, and y*
be the optimal solution of the subproblem[I6] then under Assumption|]]
28D3% (1 + 9)

tp +2
where § defined in Algorithm[2]is the quality of the linear minimization procedure.

25 17 < Hil) — i) <

Proof of Lemma(8] The result is obtained by applying Theorem 1 in [26] to H}, and noting that the
curvature constant Cyy, = 3D3%,Vk > 0. O

C Proof of Theorem

To establish the rate of convergence for Algorithm [T]in Theorem 2} we first present Lemma 9] and
Lemma [I0]regarding the basic recursion on the errors in estimating the inner function values and
the order of E[||uf™" — u¥||?|.%]. The proofs follow [4] with minor modifications. We present the
complete proofs below for the reader’s convenience.

Lemma9. Let {xk}k20 and {uf}kzo be generated by Algorithmand ury1 = 2. Define, 1 < i <

i

A'éfl = fi(uf-&-l) - Gfﬂ, Ak“ = Vfi(ufﬂ) - Jz‘kH’

(19)
ef = fZ(uf—tll) - fl(uf+1) (Vfi(u z+1),ufr1l - Ui'c+1>-
Under Assumption[2} we have, for 1 < i <T,
k k k -k
D)~ (=l i) — P £ 2RAENE 0
k k
+ [4L?‘i + Lvy, fi(ui+1> - “f” + ||AJ+1|| ] H“ziﬁl - ui+1||2a
and
[+ — b < 72 21y — b2 DA IR) 4+ 20 TEH R — kg )P+
(21
where

P = QTk<AIgflv€f + (1= ) (filufyy) —up) + AkHT(Ufﬁl —ufyy))
+2AAE @ by, b 4 (1= ) (fi(uki) — ub)), (22)

ff“ = T(— Ak+1 k(fi(ui+1) - Uz) + Jik+1 (u f-;l - uf+1)).

Proof. We first prove part (20). By the definitions in (T9), 22), for any 1 < ¢ < T', we have

i Cui) — w12

—He + fi(u z+1) + Vfi(u 7,+1) (ufj-rll _“§+1) (1 —7k) f_TkGerl Jk+1T(ufr11 - z+1)||2

ek + AFF (b = uk) + (1= ) (b)) — ub) + mAE

ZHAkHT(Ufﬂ —uf )P+ llef + (10— m) (filufr) — ud) P+ 7R NAGH P + i+

<[lef + (1 — 7o) (filu z+1) uy)|? +Tk||A’g:1 + ||A]3+1|| ||ufj11 - uz+1H2 +7"k+1

<=7l filufir) =l + lef 1 + 20 = m)llef [ filuir) —u

APl = uf 1?7

1+1
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Furthermore, with Assumption |Z|, we have

k
iill - ui+1H2’

Lvy,
lefll < =57

which leads to (Z0). To show (Z1)), with the update rule given by (8) and the definitions in (I9), we
have, for1 <i<T,

= |2

=[lm (G = uf) + (T = uf)))?

=[G — 2 T b = )1 2m G — b, T ()

:TlgHGi'Hl - ufHQ + HJikJrlT( icj-rll - “z+1)H + 27 fi(u §+1) - ui ) JikJrl (ufrll - uf+1)>
+ 27’k<—A]étlv JikHT(“fill - §+1)>

STl G = w1 4 2P e — P i) — )
+2m (AL I (Wl = b))

=27 || filuin) — wf | + R IAE P + 20 P i — uf

, T
+ 27'k<—AIE:—:17 Tk(fz‘(“fﬂ) - uf) + Jz‘k—H (ufill - “f+1)>

He?HQ < 4L2i Uiy — u§+1H27 (23)

where the inequality comes from the fact that ||Jk‘L1 (u f_f_rll —ul )| < | JETL2 ||ufj11 —ul |2

and 27 (fi(ufy 1) — b, I Y — b)) < EFT R — b)) TR il ) — b

1%

Lemma 10. Let uryq1 = x. Under Assumption@ EI and with the choice of 1o = 1, we have, for
1<i<Tandk >0,

Elll fi(uf ) — ul TP < 08, + (413, + 07, )cita, (24)
Eflluf*' — uf|?|.7k] < cirf, (25)

where
=308, +2(4L%, + 07, + 67, )cit, cry1 = D%. (26)

Proof. By the update rule given in (§)) and the definitions in (I9), for 1 <4 < T and k > 0, we have

FfilwH) —uf™ = (1= m)(filufyy) = uf) + D,

.
where Dy, ; := e + TkAlé—:_l + Aﬁjl (u f_tll — u¥, ;). With the convexity of || -

obtain

, we can further

1
Ifi(uf) = ui P < (U= 7)1 fi(ulyr) — uf ) + ?k||Dk,i“2v Vk > 0. 27

Moreover, under Assumption@, we have, for1 <i <7Tand k > 0,
T )
E[|| Dy 1?1 k] = Elllef[1*|#x] + REIAE P 26] + B[ AL (ul! — wf)|1?| %]
< TRE[IAGT P F] + (AL, + BIIANPLZ]) Ellluff) — i |?1 %] (28)
< TkGGi + (4L?,- + UJ,-) [||Ufr11 - “f+1||2|<%c]-

where the second inequality follows from (23)). Setting i = T in the inequality above and noting that
uk.,, = a*, we have

E[|Dyr|*| 7] < 77 [0, + (413, +07,)DX], Vk>0.
Thus, with the choice of 79 = 1, we obtain

Ell fr(a®) — up|*|Fa] < 08, + (4L, +05,)D%, Vk > 1.
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Taking expectation of both sides of (ZI) conditioning on .%,, and under Assumption 3| we obtain

).

(29)

B[l — uf|21.7) < 72E |20 fula®) — b2 + AL ]

QIIJ’““II iy

Tk

Setting ¢ = T in the inequality above, we have
E[|Jubtt — ok 2|7 < 72 [30%, +2(4L%, +05 +65 )D%], Vk>1.
This completes the proof of (24) and (Z3) when ¢ = T". We now use backward induction to complete
the proof. By the above result, the base case of i = T holds. Assume that (23) hold when i = j for
some 1l < j <T,ie. IE‘,[HuICJrl ul||?|Fx] < ¢j72,Vk > 0. Then, setting i = j — 1 in 28), we
obtain
MWmMH%KﬁP&AHMQJWQMA,WZG
Furthermore, with (27) and the choice of 1) = 1, we have
[M1M“>kHMmkq; (LG +oh, ) VR0
which together with (29), imply that
E(lub™] —ub 1 IPF] < cjoamd, VE>0.
O

We now leverage the merit function defined in (9) and provide a basic inequality for establishing
convergence analysis of Algorithm[I]in Lemma|[T1] In Proposition[3} we show the boundedness of the
term R, appearing on the right hand side of in expectation. These two results form the crucial
steps in establishing the convergence analysis of Algorithm|T]

Lemma 11. Let {z*, 2* ,u*} k>0 be the sequence generated by Algorithm I 1| the merit function
Wary(y-5-) be deﬁned in () with positive constants {c, {v;}1<i<r}, and ury1 = x. Under
Assumpttonl 2| for any B > 0, let

B B 1 2 B ,
= = = — =12 —— | (T-1)Cs+=, 2<j;j<T
5]6 ﬂa « QOLQVFa Y1 27 ’7j a+4OZLQVF ( ) j + 2; 7> 4,

where C;’s are defined in (7). Then, VN > 0

N T
> 7 (B [nd’”‘ + 3 I filuf) = uflP| +
k=0 =1

(30)
24 40L
<2WO+2ZRk+(5 )Zm (He(§") — Ho(y")) ,
where d* := y* — ¥, H.(-),y"* are defined in (@) and
T
Ry i= Y i [AL7, + Ly [ fiuf ) —uf | + AFP] b — by )P
i=1
Lyr+1L d
+ 7 Wlﬁc + Y wllAET P + 04||Ak+1||2]
i=1
T
k Ak+1 k+1 k41 LVn k+1 k2
+ 7 | (d¥, A >+Z%7}- + 27 +T\|Z -z 31)
i=1

T T
A =TT Virnilur o) = [ I8,

i=1 i=1

ok ::<Ak+1, (1 _ Tk)[VF(QT ) ] + Tk[VF H VfT+1 z(uT+2 z)]

=1
FVFE) - VEGY)),
Agtl, A?;H are defined in (19), and i’f'H is defined in (22).
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Proof. We first bound F(z¥+1) — F(2*). By the Lipschitzness of VF (Lemmal6), we have
F(abh) — F(a®) <(VF(2*), 2" —2%) + LVTFTI?”J]CH2
= 7 (VF(2?),d") + . (VF(z*) — 2%, 3% — %) — 7 (BdF, §F — oF)
+ 7 (27 + Bd®, G — P + LVTFT’?HJ’“HQ (32)
< 1 (VF(z%), d*) + ||V F(2%) — 2%)|||§" — v¥|| + 7 (2" + Bd*, 5% — yF)

Lorr e

Bl gt -yl + =2

We then provide a bound for 7(z*, 2%) — n(z*+1, 2¥+1). By the lipschitzness of V7 (Lemmal7) with
the partial gradients of V7 given by

Va;n(xk7 Zk) = —zF — gd~, Vzn(xkv Zk) =d",

we have
n(‘rk7zk) _n(karlaZkJrl)
L
< <zk + 5dk,xk+1 N xk> . <dk7zk+1 B zk> + ;n [|mk+1 _ xk||2 + H2k+1 . zk”Q
k gk k Gk k k+1 (33)
<2z + Bd”, d >+Tk<z + Bd”, d Tk<d I_IJTJFZ+1

L ~
v Lol 4 i —z’f||2],

where the second equality comes from (6) and (7). Due to the optimality condition of in the definition
of y*, we have <z + Bd* x k> > 0 for all z € X, which together with the choice of z = z*
1mp11es that

(%,d") + p|d*|I* < 0. (34)
Thus, combining (33) with (34), we obtain

n(a*,2*) = (@t 24 < | d¥| + m(F + B, g y’“>w<d’“,HJ’“ﬂ+1>

(35)
Ly .
IS0 1P 4 1 -
In addition, by Lemma@ we have
T
(d*, VF(x Hme (W ami)) <D CilldE 1 f(uf ) — uf- (36)
i=1 Jj=2
Then combing (32), (33), (36), we have
[F(a*h) —n(a™ 2] — [F(a*) — (", )]
T
< Tk{ — Bl IP + > Colld" (15 (whyr) — k] + (@, AR + 2% + pd*, g — ")
j=2
_ Lyr+ Ly Ly
+ [Blld* || + IVE(2*) — 2] II5* —ykll} — 7 7io|ld* (| + SO AR
(37)
Furthermore, defining
T
_ VF(zk*Y) — VF(2F)
= VF(x H1 Virgi(Wrs-), 7= - :

18



and by the update rule given by (7)), we have
IV F(aF ) — 252
= |(1 — ) [VF(a*) — 2¥] + 7. [5* + #F + AFF1)12
= (1 = m)[VF (@) = 2F] [ + 702 + r2 | AR 4 2, 775
< (L= m)IVF @) = 28 + 2 [I156F)° + 1325)1%] + rZ AR P 4 2m k4 (38)
< (L =) IVF (") = 2% + g AR 2

T
+ 27 (T = 1) ) CFlfi(ujin) = will? + 2L p (1|1 + 17° — *[1%) + #*+

where 7F+L = (AMFL (1 — 7)) [VF (2 ) 2¥] + 71.[5F + 5¥]) and the last inequality comes from
two fact that || "2 < 2LQVF(||dk||2 + ||7* — ¥*||?) and

2 T
I5"1? = ||VF (2 HVfT+1 Wy )| < (T=1)>C2llfi(ujsn) — .
i=1 =2

The above upper bound for the term ||<¥||? is obtained by leveraging Lemmam and the fact that

(> a;) <n Y. a? for non-negative sequence (a;)1<i<n.
Moreover, by Lemma|2|, we have, for1 < < T,
£ Cuit) = uf P = filuin) = wf P < =7l filufin) = uf | + 2| AP +
+ (ALY, + Logll filufey) = uf |+ IAFFHP] uff —wfal®

Finally, multiplying both sides of (39) by ~; fori = 1,...,T and both s1des of @ by a, addmg
them to @) rearranglng the terms, and noting that (z + ﬂdk Tl

(B/2)||17* — y*||? due to the quadratic structure of Hj, and ||d¥||? < DE(, we obtaln
Wit1 — Wi < 1Ak + Ry (40)

(39)

where Ry, is defined in (31) and

Ay = (=B +4alp) [|ld°]* + Z =5 +2a(T = 1)CF) || f(uf 1) — |

T
—llfi(uf) = ufl® = al VE@®) = 217+ Y7 Ol (i) — ugl

j=2
T+ (Blldt] + [VE*) = 28) 1* = v*]| + (4aLp — B) 17" — v
+2 (Hi(5%) — He(y")) -
We can further provide a simplified upper bound for A. By Young’s inequality, we have

- Ié] .
Blld*g" — " < ledkll2 + BlI7* — y*|1%,
- o 1.
IVF (") = 2¥||[|7* — || < §||VF(I’“) — 2|2+ glly’“ — "7

al? (T —1)C?
C. dk . _ sl < VF dk 2 J . . . 2.
P15 (wja) — sl < T_1 1d )" + 102, 1f5 (1) — uj]

Thus,

35 a
Ak s (4 + Mzw) a2 =l fa () = uf | = SIVF(*) — 24

T
#3 (+ (20 gy ) @ - 005Ut -
. (4aLVF g ) 17 =P 2 () - £)

19



For any 8 > 0, let

= 76 Y1 = é
20L% .’ 2

Then, we have

p B
Ap< -3 |\d’“||2+2||f1 ufy) = uf|? ) = o IVF (") — 2|
2 40L
= vE (41)
12 20L% _
(2 2 ) () - ).
As a result of {@0) and (#I)), we can further obtain
- 8
7 | B {117+ D I filulin) = uf P + 5o IVF () = 25|
: 20L%
i=1
24 40L2 -
<2Wi — 2Wiq1 + 2Ry + 7% (5+ 52VF) (Hk(yk)—Hk(yk))’
which immediately implies (30) by telescoping. O
Proposition 3. Let Ry, be defined in (31) and 7o = 1. Then, under Assumption[3} we have
E[Ry|Z] < 6277, Vk>1,
where
T
=" ([413, + Log\Jo2, + (A3, + 03 i1 + 03] civa + 0%,
i=1 42)

T
Lor+L
+ (a+2L,) H + YL LDy,

Proof. Note that under Assumption@, we have, for1 < < T,
E[AF 2] =0, EFF 2 =0, E[#F*HZ] =0
E[|AEH 1?1730 < 0, ElIAS?[#] < oF

and

T 2

k+1
H JT i+1

i=1

E[A™*|#] < E

T T
T SH]E[ Jk+z+1” ‘/k} SHﬁ%,
i=1

=1
In addition, by Lemma|§| and Holder’s inequality. we have E[||u¥ ™ — u¥||2|.%,] < ;72 and

k k k
E{l fi(uii) — g ™ — ] 7%]

i+1
< E[lfiluifi) — uf I FHE Hluk+1 w12 7]
< (BN (ub5) — uH1200) * Bl — o2 74]

< ci\/aG + (4L3, + 03 )i Tip-

Lastly, from eq.(28) of Proposition 2.1 in [4]], we have for any k > 1,

T
E[|l2** — M7 < 472 [ [ 67,
i=1

The proof is completed by combing all above observations with the expression of Ry in 31). O
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Proof of Theorem[2] We now present the proof of Theorem 2] Note that by Lemma [IT]and given
values of «, 7y in , we obtain

N T
> n [ﬁ (wkn? DA - uﬂF) + 5o IVF(@E*) - ]

24 40L
<2Wa7($ 20,40 +2kZORk+<5 VF>ZTk Hy(y Hk(yk))a

Taking expectation of both sides and noting that E[Ry %] < 6277 by Proposmon' we have

N T
> e [p (nd“ + 3 I filuby )~ ui-f||2> + ol VF (k) — 2|2

=1

(43)

) 24 40L2W k
< 2Wy o (20, 2% u") + 26 ZTk+ ZTk Hi(§") — Hr(y")) -

Then, setting 7, tj;, to be values in (TT)) and noting that by Lemma[8] we have
28D3% (1 + 9) - 28D3% (1 + 9)
th+2 T N ’

Also, with the choice of 2° = 0, we have 3" = §° = 2°. Thus, we can conclude that

Hi (%) — Hi(y") < Vk > 1.

a 251)2 N
> o (Hi(5%) — Hi(y")) < —=—— Z\T 4D% (1 + 9).
k=0 - Vk
which together with (#3)) immediately imply that VN > 1,
| T 3
—= > E BN+ D Ifi () —uf)® | + IVF (") = 2**| Fi
\/N ; 32:21 VAR J 20L2VF

< 2W, (2, 2% %) + B(B,0%, L, Dx, T, ).

where

L2
B(B,0% L,Dx,T,0) = 462 + 328D%(1 +0) (? + > 5?) ,

and 62 is given in (#2). As a result, we can obtain (T3] and (T4) by the definition of random integer

R and
Iy (sck - 1VF(xk)> — Iy (J}k - 1zk>
B B

< 26%||d"||? + 2||VF (2*) — 2*||2.

2

IG(a*, VF ("), 6)1? < 26||d"||* + 25

D Proofs for Section [3.1]

D.1 Proof of Theorem[3|for T = 2

To show the rate of convergence for Algorithm 3| we simplify the merit function in the analysis of the
multi-level problems and leverage the following function:

W (2%, 28 uF) = F(2F) — F* —n(a®, 2%) + o|VF(2%) — 25)% + 7] fa(2®) — ub|?,  (44)

where «, v are positive constants, 7(+, -) is defined in (T0). We now present the analogue of Lemma.
for Algonthm@ The proof follows similar steps as that proof of Lemma|[TT| with slight modifications,
and hence we will skip some arguments already presented before.
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Lemma 12. Let {zF, 2% ub} k>0 be the sequence generated by Algorlthmlcmd the merit function
Wear (-, ) be deﬁned in @4) with

p

Lyr
UnderAssumptionswith T =2, setting B, = 8 > 6pLyr + (2p+ %)valLfcz, we have VN > 0

o =

v =3pLvy,, p>0.

N

1
PZTk <LVF||dk2 + Ly, | fo(a®) — us)? + HHVF(SU]C) - Zk||2>
k=0
al 2(8p+1/p)Lvr + 24pLyv s, L3 "
<2Wo+2) Ryt 4+ 3 ZTk Hi.(5") — Hi(y"))
k=0
where d* = y* — 2%, Hy.(-), y* are defined in (T6)), and
L L L
Ry imrf [FZE T2 AP + ] 4 S -
+ Tk<dk7Ak)+1> +,y7;k)+1 + a,i,;k:Jrl
ARTL=Vfo(a")V fi(us) = ST AR = faeb) - 63T (45)
=2 (AEEY, fo (M) = fo(a) + (1= 7)) (fa(a®) — )>
=2 (AN (1 — 1) [VE(2%) — 2" + i [VF (2%) — V f2(2")V f1(u")]

+ VFE(zF) — VF ().

Proof of Lemmal[I2] 1. By the Lipschitzness of VF (Lemmal6), we have
F(a*) = F(a*) < m(VF(a%), d") + ne| VE (") = 2 [[|5° - ]|
. . Lo nr2|ld*|2 (46)
B el B — )+ T

2 Also, by the Lipschitzness of V7 (Lemma([7) and the optimality condition of in the definition of
y*, we have

(@, 2%) = (@ ) < —Brl|at P + (2 + Bd, g —yF)

- 47
VeI () + e A+ T e et ge) 7

3. In addition, by the Lipschitzness of f> and V f1, we have
(@, VE(") =V a@)Vh5)) = (@ V() [VARE"D) - VAW 0

< Ly g Ly, |d" ||| £2(2*) — w3
4. Moreover, by the update rule, we have
1 £2(2* 1) = us 2 = | fo (™) — fo(a®) + (1 — ) fa(2®) — us) + A
= (11 = 7)) [fa(2®) — ug] + f2(a®F) = fo(@®)I* + TN AGE I + (49)
< (1= 7)1 f2(2®) — gl + 2 L3, (16" + 1175 = y*I17) + 2 I A7 + 7+
where #F1 = 27 (AGH, fo(a%F1) — fo(aF) + (1 — ) (f2(a®) — u§)) and the last inequality

follows Jensen’s inequality for the convex function || - || as well as

2
H M)~ p | < 20 <222, (a1 + 1 - P,

5. Defining

Tk

ek = 1 [VF(xk'H) - VF(xk)] + VF(zF) = Vfo(2")V f1(u),
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and by the update rule, we have
IVE@@* ) = 22412 = [|(1 = 7o) [VE(2*) = 2F] + mi[e" + AF)12
= [|(1 = ) [VF (") — 2¥] 4 7e®||” + 72|| AFFH||? + #H (50)
< (1 =m)[VE(®) = 2P + 7l ||® + 72| AR 4 i+
where 711 = 273 (AF (1 — 73,)[VF(2%) — 2¥] + 74e*). We can further upper bound the term
lle* 1% by
le¥]1? < 203 p||d¥||* + 2L% 4, L[| fa(«*) — u®||?

R (51)
SALZ p(ld(1* + 17" = y* 1) + 2L 5, L3, | fo(a") — *)?

6. By combing ([@6)), [@7), @8), @9), (50), (51)), rearranging the terms, and noting that {z* + 3d*, 5~ —
y*) = Ho(§") — He(y*) = (B/2)|17" — y*||* and [|@*|| < D, we obtain

Wii1 — Wi < Ak + Ry, (52)
where Ry, is defined in (@3) and
Ay = (=B +4aLldp +2vL%,) |d*|1° + (=7 + 2aL% 5, LF,) 1 f2(2*) — uf|?
+ Ly L [d°|| fa (%) = u5|| — | VE(a*) — 2|
+ (Blld* | + IVF () = 2) 15° = |
+ (4oL p + 2917, — B) 17* — v*II” + 2 (Hx(5*) — Hr(y")) -

We then provide a simplified upper bound for A . By the Young’s inequality, we have
_ B _
Bl Ilg® = v* I < Z1a™1* + Blg" = "I,
. a 1.
IVF@") = 1" - 51 < SIVF@E) - 241 + 5117 - 11
In addition, we reparametrize o = #. Noting that by Lemma@with T=2

L%, 12 L, 2
Vi~ fa Vi f2 SLVfu

Lyr  Lyvp L3, + Ly Ly,

we therefore have
36
Ay < (—4 +apLor + 27!322) 4512 + (= + 2pLwy,) lfo(a*) - b

p
+ valLf2||dk||”f2(xk) - UIZCH - EHVF(.’E]C) — ZkH2

L X i
- (4PLVF +2vL%, + ;;) 17" — y*II” + 2 (H(5") — Hr(y"))

Then, setting v = 3pLyy, and 5 > 6pLvr + (2p + :%p)va1 L?Z, we can obtain

38
(-2 + 4pLor + 2023 ) 1017 + (7 + 2oL, ate) - w1
pLvr pLv
+ Lop Ll fae") = b < ~2EEE b 2 = 200 gy ) — 2
Also, we have (3/2)||7* — v*||? < Hx(§*) — Hy(y*). Therefore, we can further bound A}, by
pLvr pLv P
Ay <= B = B g(ah) — uf )P - P [V (R) - 242
2 2 2Lyr

N (2 L Gt 1/p)lyr + 12pLyy, L,
B

(53)

) (Hu(*) — Ho(y")) .
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Telescoping (32)) together with (53)), we get
N

1
PZTk <LVF||dk2 + Ly, | fo(a®) = us)? + TVFHVF(a?k) - Zk||2>
k=0
N 280+ 1/p)Lyr + 24pLyy, L3\ & " .
<AWp+2) Ri+ 4+ 5 > 7 (H(7") — Hi(y")

k=0 k=0

O

Proof of Theorem[3| part (a). The proof follows the same arguments in the proof of Theorem[2} Note
that by Lemma[I2]and given values of «, y in (I2), we obtain

N
1
P> 7k | Lurlld*|” + Lyg, | f2(a®) — u§||* + ——[IVF (2*) = 2P| < 2Wa (22, 2°, ")
Lyr

k=1
N 2\ N
2(8p+1/p)Lyr +24pLyy L _
+2> Ry + <4+ - f?)zm (He(5") — Hy(y")) .
k=0 A k=0
Noting that

E[Rg|F] = 7 5

and taking expectation of both sides, we can complete the proof with the same arguments in the proof
of Theorem 2} The constants C; and Cs turn out to be

2 L
a=4(‘3 +‘”){meﬂfm%+ﬁ

Lyr+L 52 g
ﬂvanﬁ+w&+m+Mw&ﬁJ:ﬁ*’

pLvr P
+4D% (14 6) |26+ (8p + %)va +12pLyy, LF,) }
2 o .0 ,0 A_2 _ (54)
Co = vafl{Waﬂ(x 20 u )+ 0
+4D%(1+6) |28+ (8p + %)va +12pLvy, L7,) }
O

D.2 Proof of Theorem[3for 7 = 1

To show the rate of convergence for Algorithm@ we leverage the following merit function:

W (z®, 2% ub) = F(aF) — F* — n(ak, 2%) + o||VF(2%) — 252, (55)
where o > 0, (-, -) is defined in (T0).
Lemma 13. Let {x", 2*};>0 be the sequence generated by Algorithmwith Br = B > 0 and the
merit function W(-,-) be defined in (33) with o = ﬁ. Under Assumpzionswith T =1, we
have VN >0

N
k12 1 k k|2
8 (11 + g VPG 2]
k=0

N

2
< AW (2% u®) + 4 Ry + (12+ 16;”) > 7 (Hi(§*) — Hi(y"))
k=0 k=0

where d* := y* — ¥, Hy.(-),y"* are defined in (T6), AF*' := VF(z*) — J**1, and

L Ly, L
R, ::7_]3 |: vF + VID?Y +()4||Ak+1|2:| + 7’V7||Zk—&-1 _ ZkH2

N

2
+ 7 (dF, AR okt
Rl =2 (AR (1 — ) [VF (2%) — 2% + VF (2" 1) — VF(2F)).

(56)
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Proof. The proof is a essentially a simplified version of the proof of Lemma[I2] Hence, we skip
some arguments already presented earlier.

1. By the Lipschitzness of V F', we have
F(z") = F(a*) < ie(VF(a"),d) + 7| VE (%) = 2*|[17" - |l
Ly rri||d*|” 7

+ Bl 15" = y*ll + (=" + 8", g7 — yF) + =

2. Also, by the lipschitzness of V7 (Lemma and the optimality condition of in the definition of ",
we have

n(a, 28) =@ ) < —Brl|at|? (2 Bd g - yF)

L - 58)
= med", VF(a*)) + 7ic(d¥, AMFY) - SR ) R - )R (
3. By the update rule, we have
[VF(zFY) — 2HH112 = ||(1 — 7)) [VF (2F) — 28] + VF(2*11) — VF(2F) + 7, AFTY2
= [|(1 = m)[VE(2*) = 2% + VE("*) — VE(@")||? + mg AN 4 P4
1
< (L= m)IVE(®) = 2M 4 —[[VF @) = VF(8)|? + 7 AR 4 ot (59)
k

(
< (=) | V(") = 2817 + me L pl|d||* + 72| A2 4 5+
<(1- Tk)||VF( ") = 2P 2m LG p (P12 + 117 — P I1) + TRIAR 2 4
where r*+1 = 27 (A% (1 — 7)) [VF (aF) — 2¥] + VF (%) — VF(25)).
4. By combing - 8) @9, rearranglng the terms, and noting that (2% + Bd* §* — y*) =
Hy,(5%) — Hi(y") = (8/2)]15* — y*|* and ||d*|| < D, we obtain

Wis1 — Wi < 1 Ar + Rg (60)
where R, is defined in (36) and

Ay = (=B +2aLTp) |d°]* — a| VE(*) — 252 + (Blld*|| + [V E(«*) = 2*() 17" — y"|
+(20L3 5 = B) 17" = y* 17 + 2 (Hi(5") — Hi(y")) -
We then provide a simplified upper bound for A . By the Young’s inequality, we have
. B _
Bl Ilg* = v* 1 < Z1d™1* + Blg" = "I,
_ a 1.
IVE(*) = 2Mlllg* = o™l < SIVEED) = 2802 + o llg™ = 11,
In addition, setting ov = % and noting (3/2)(|7* — v*||? < Hi(3*) — Hi(y"*), we have
VF

ALE,
62

Ap <= Bjap - D IvEEr - zk||2+(3+ )<Hk<ﬂ’“>—Hk<y’“>> ©b

8L2v .
Telescoping (60) together with (61)), we get

N
8 (117 + 5 IV 47
k=0

al 1612,
< AW (2% u%) +4> Ry + (12+ VF) > 7 (Hi(5%) — Hi(y"))
k=0
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Proof of Theorem 5} part (b). Given Lemma[I3] the proof follows the same arguments as in the proof
of Theorem [2} The constant C5 turns out to be

2I%
B

16L2W> L Lo+ LW}

03:8<,8+ E

) {Wa(xo, u’) + D% [(1 +6) <12ﬂ + .

+ao’, + 2L,65,

E High-Probability Convergence for 7' = 1

E.1 Preliminaries

We provide a short review of sub-gaussian and sub-exponential random variables for completeness.

Definition 14. (Sub-gaussian and Sub-exponential)

(a) A random variable X is K -sub-gaussian if there exists K > 0 such that E[exp(X?/K?)] < 2.
The sub-gaussian norm of X, denoted || X ||y,, is defined to be the smallest K. That is to say,

| Xy, = inf {t > 0 : Efexp(X?/t*)] < 2} .

(b) A random variable X is K-sub-exponential if there exists K > 0 such that Elexp(|X|/K)] < 2.
The sub-exponential norm of X, denoted || X ||, , is defined to be the smallest K. That is to say,

X1, = inf {¢ > 0 : Elexp(|X|/1)] < 2}

The above characterization is based on the so-called orlicz norm of a random variable. There are
equivalent definitions of sub-gaussian and sub-exponential random variables. We refer readers to
Proposition 2.5.2 and Proposition 2.7.1 in [45]]. In particular, we will also use another definition of
sub-gaussian random variables based on the moment generating function given below.

Lemma 15. (Sub-gaussian M.G.F. [45]]) If a random variable X is K-sub-gaussian with E[X]| = 0,
then Elexp(AX)] < exp(cA\2K?) VA € R, where c is an absolute constant.

In the high probability results we show for the special case with 7" = 1, we handle the tail probability
for two terms involving the mean-zero noise with sub-gaussian norm, ||A¥1||2 and (AF1 AF),
where (A¥) and (A¥) are adapted to (.},). Our proof leverages the following two lemmas to control
the probability of these two terms being too large.

Lemma 16. (Sub-exponential is sub-gaussian squared [45]]) A random variable X is sub-gaussian if
and only if X? is sub-exponential. Moreover, | X?|| 4, = ||X||12p2

Lemma 17. (Generalized Freedman-type Inequality [21]]) Let (2, .7, (%#;), P) be a filtered prob-
ability space, (X;) and (K;) be adapted to (%;), and n € N. Suppose for all i € [n], K;—1 > 0,
E[X;|Z;_1] = 0, and E [exp(\X;)|-Z;_1] < exp(A\2K?). Then for any t,b > 0,a > 0,

k k k
t
P X; > 2y K} <a) X, < —— .
T U]{Zl i > tand 2 —1<a 1—|—b} _eXp( 4a+86/t> (63)

ken i=1

E.2 Proof of Theorem[3

We start with presenting the lemma below which leverages inequalities in Appendix [E]to show a
high-probability upper bound for terms involving in the previous analysis.

Lemma 18. Under the conditions of Lemmal[I3|and Assumption [} for any 61,62, 05, a > 0, we have

(a) with probability at least 1 — 61, Zszo 2| AFFL12 < K2 log(2/61) Zszo 72
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(b) with probability at least 1 — Jo,
N k-1 N
ZTE ik |ATT12 < K% log(2/02) ZT o>
k=0 =0 k=0
where o i, > 0 and Ef:_ol aik=1;

(c) with probability at least 1 — 3,

N
> (AR 207 (1 — 7)) [VF(2*) = 2¥] + 207 (VF(aF ) — VF(a¥)) + md¥)
k=0
B2K2 N ) ) ﬁ
§4alog(1/63)+@2m(1—m)HVF(x -z H —l—fZTk Iz, H
k=0 k=0

Proof of Lemma([l§] We first show (a).  Using the law of total expectation, we have
k412
E [exp (%)} < 2, which implies that |7, A¥*1||? is 72 K2-sub-exponential. Thus, we
k
have with probability at least 1 — d1,

N N

ZT2||Ak+1H2 < K?%log(2/61) Z (64)

We then show (b). Let Zj, = 7 {Zf:ol ik ’|Ai+1|‘2}Vk > 0. Note that for all k& > 0, ||AF+1||2

is K2-sub-exponential, which further implies that the sub-exponential norm of Z;, (k > 0) satisfies
| Zk|lp, < 77 K2, Therefore, we have for any d; > 0, with probability at least 1 — do,

N N
> 7k < Klog(2/62) > 7 (65)
k=0 k=0

To prove (c), we apply Lemma [I5]and Lemma[I7) with
Xi = (A" 207, {(1 — ) [VF(2*) — 2] + VF (@) = VF(2*)} + m.d")
K; = VK |2am, {(1 — 7)[VF(2¥) — 2] + VF (2" = VE(2%)} + 7 d” ]|,
b=0,t=4alog(1/d3).

Noting that o = we obtain that for all a > 0 with probability at least 1 — d3, Zf’io X; <

4alog(1/d3) and
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4Lz,

N 2cK? N
Y X< . > |2am {(1 = ) [VF(a¥) — 2] + VF(@") — VF(2 MY+ ¥
1=0 k=0

9 N
< ART S {402 (1 = ) [VF (") = 24 + VF("+) = VP + ||}
k=0
4K & 2 2 k k|2 272 k(|2
< 2 {402(1 = 1) [ VP(*) = 2| + (1 + 402 L3 o) || 0¥}
-
K2 K>
- PRS2 ) [VF ) - 4+ B S BT v,
VFE k=0 k=0
where the third inequality comes from the convexity of || - ||? and the Lipschitzness of VF. O

Provided with the above lemma and Lemma[I3] we now present the complete proof of Theorem 3}
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Proof of Theorem[B] Given the update rule of {2*} and the fact that 79 = 1, we can obtain

_ i+1
—g ], g =

where I'y, =Ty H (1 —1;) and I'; = 1. Thus,

1<i<k, r=1k>1
1—‘+1 { Zaz,k Z

2

k—1
§ : i+1
041'7]@;]1

e e EAE By 2 1 B

1=0
9 k—1 ] )
<20 {IIJ{““!I +3 a7 }
1=0
< i {44 4 [P+ S e [l i reo ] |
1=0

k—1
47 {HA’““H2 + ZO‘““ ||Ai+1||2 + QL%}
i=0
2.

where the second inequality comes from the convexity of || - ||#. Therefore, we have

N N k-1
D Caantal <4Zrk||A’““ll2+4ZmZamHN“IIQ%L Zn?
k=0 k=0 k=0  i=0

16CBK

Applying Lemmawith 01 =02 =063 =¢/3anda = together with Lemmal we have

with probability atleast 1 — 4,

Z R, = Z AF 207 (1 — 7)) [VF (2%) — 2% + 207 (VF (") — VF(a*)) + 7.d")

k=0
N N k—1 )
+ (a4 2Ly) Y RIAMZ 420, > 2> aq AT
k=0 k=0 =0
Lor + L il
VF \%
+ [2 1D% +4L,7L’4 >
k=0
648 K2 e L a 2
< 108(3/0) + Jo o Dk =m) [V — M+ (S + §jvﬁHdﬂ!
L 16L% .
k=0 k=0
N
B 2 Lyr+ Ly 9
4L,)K*1og(6/6) + Ve ZVip? 4L, L%
|y A on6/0) + ISR an, 1] S

Thus, noting that ||dk |2 < Dg( Vk > 0, we have with probability at least 1 — 4,

N
8 (11 + VP ") - m@

k=0

1613\ 2563K2
< AW, (2%, u®) + (12 + VF) ZTk — Hi,(y")) + % log(3/4)
k=0 VF
8 Ly, B -
+ [(LQVF + 16L,,> K?log(6/6) + ( ;F 1 ) D3 + 16L77L%} >

k=0
Following the same arguments as in the proof of Theorem 2] we have with probability at least 1 — d,

i Vi) <0 (X710
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28



1.0 1
—— ASA+ICG
, 1-SFW
0.8
(<)}
£
go06
©
£
=
C
2 0.4+
©
o
(o)}
0.2
0.0 A M el
0 200 400 600 800 1000

number of iterations

Figure 1: ASA+ICG vs. 1-SFW

F Numerical Experiments for 7' = 1

To demonstrate the effectiveness and efficiency of proposed algorithms compared to 1-SFW [54] for
T =1, we consider the following matrix-valued single-index model [51]] with low-rank constraints:

y=[(A,B*)p|*+€ rank(B*) <s,

where A, B € R™*", ¢ ~ N(0,02), (-,-)r denotes the Frobenius inner product, and s is some
positive integer strictly less than m and n. To recover a low-rank matrix B, one can optimize the
mean squared loss with nuclear norm constraint, in which the Frank-Wolfe update is much cheaper
than the projection operator especially with large-scale matrices [26]. Formally, our problem can be
written as
min F(B) =Ea. [(y — (4, B)r|*)*] st |Bl. <s.

We evaluate the performance of ASA+ICG (Algorithm[d) and 1-SFW on a toy example where B* =
vo! /|lov | is a 4 by 4 rank-1 matrix. The matrix A is generated as A = I + E where E; ; P
N(0,0.3). The stepsize parameter 3 = 1 for ASA+ICG, and all the parameters in 1-SFW is set
according to Theorem 2 in [54]]. As the exact gradient of F' is unavailable, we estimate the gradient
mapping by using averaged stochastic gradients. In Figure[T] we plot the value of gradient mapping
versus the number of iterations, which demonstrates the superior of our proposed method for 7' = 1
in the one-sample setting.
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