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Abstract

In this paper, we introduce principled stochastic algorithms to efficiently optimize Normal-
ized Discounted Cumulative Gain (NDCG) and its top-K variant for deep models. To this
end, we first propose novel compositional and bilevel compositional objectives for optimizing
NDCG and top-K NDCG, respectively. We then develop two stochastic algorithms to tackle
these non-convex objectives, achieving an iteration complexity of @(e~*) for reaching an
e-stationary point. Our methods employ moving average estimators to track the crucial inner
functions for gradient computation, effectively reducing approximation errors. Besides, we
introduce practical strategies such as initial warm-up and stop-gradient techniques to enhance
performance in deep learning. Despite the advancements, the iteration complexity of these
two algorithms does not meet the optimal O (e ~3) for smooth non-convex optimization. To
address this issue, we incorporate variance reduction techniques in our framework to more
finely estimate the key functions, design new algorithmic mechanisms for solving multi-
ple lower-level problems with parallel speed-up, and propose two types of algorithms. The
first type directly tracks these functions with the variance reduced estimators, while the
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second treats these functions as solutions to minimization problems and employs variance
reduced estimators to construct gradient estimators for solving these problems. We manage
to establish the optimal O (e~3) complexity for both types of algorithms. It is important to
highlight that our algorithmic frameworks are versatile and can optimize a wide spectrum of
metrics, including Precision@ K /Recall@ K, Average Precision (AP), mean Average Preci-
sion (mAP), and their top-K variants. We further present efficient stochastic algorithms for
optimizing these metrics with convergence guarantees. We conduct comprehensive experi-
ments on multiple ranking tasks to verify the effectiveness of our proposed algorithms, which
consistently surpass existing strong baselines.

Keywords Stochastic optimization - NDCG - Non-convex optimization - Information
retrieval

1 Introduction

NDCG is a key performance metric for learning to rank in information retrieval (Liu, 2011)
and other machine learning tasks where ranking plays a critical role (Liu & Yang, 2008;
Bhatia et al., 2015). In this paper, we utilize the terminology from information retrieval to
discuss NDCG and our methods. For a given query g with n items, the ranking model assigns
scores to each item, which are then sorted in descending order to create a ranked list. The
NDCG score for ¢ is computed by:

n

1 2% —1
NDCGy = — Y —————, (1)
Zy = logy(1 +1(i))

where y; denotes the relevance score of the i-th item, r(i) indicates the rank of the i-th item in
the ordered list, and Z, is a normalization factor known as the Discounted Cumulative Gain
(DCG) score (Jarvelin & Kekildinen, 2002) of the optimal ranking for g. The top-K NDCG
is defined by summing over items whose ranks are in the top K positions of the ordered
list. This measure is particularly relevant in real-world applications such as recommendation
systems, where the objective typically involves selecting a small set of K items from a large
pool (Cremonesi et al., 2010), making top-K NDCG a common choice in such scenarios.

Optimizing NDCG and its top-K variant poses several challenges. Firstly, ranking all n
items is computationally intensive. Secondly, the rank operator is non-differentiable with
respect to model parameters. To address the non-differentiability, surrogate functions have
been developed to approximate NDCG (Taylor et al., 2008; Qin et al., 2010; Swezey et
al., 2021; Pobrotyn & Bialobrzeski, 2021). However, to the best of our knowledge, the
computational challenge of calculating the gradient of equation (1), which involves sorting
n items, has not yet been addressed. All existing gradient-based methods have a complexity
of O(nd) per-iteration, where d is the number of model parameters, which is prohibitive for
deep learning tasks with big n and big d. A naive approach updates the parameters by the
gradient over a mini-batch of samples, but given the complexity and non-convex nature of
the NDCG surrogate, these methods do not reliably compute an unbiased stochastic gradient,
thus lacking theoretical guarantees.

In this paper, we first propose stochastic algorithms with a per-iteration complexity of
O(Bd), where B is the mini-batch size, for optimizing NDCG and its top-K variant. For
NDCG, we formulate a novel finite-sum coupled compositional optimization (FCCO) prob-
lem. Then, inspired by a recent work on average precision maximization (Qi et al., 2021),
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we develop an efficient algorithm named SONG. This algorithm utilizes moving average
estimators to track the inner functions of the compositional objectives, enabling us to control
the optimization error effectively. Unlike the SGD-style or Adam-style updates used by Qi
et al. (2021) in their algorithm, we employ a simple yet effective momentum-style update,
conduct a more detailed analysis, and establish an iteration complexity of O(e ~*) for find-
ing an e-level stationary solution, which is better than that proved by Qi et al. (2021), i.e.,
O(e7)!. To optimize top-K NDCG that involves a selection operator, we propose a novel
bilevel optimization problem, which contains a lower-level problem for top-K selection of
each query. Then we smooth the non-smooth functions in the selection operator, and pro-
pose an algorithm named K-SONG with the iteration complexity of O(e ~#). The algorithm
leverages recent advances in bilevel optimization (Guo et al., 2021a) but introduces novel
algorithm design and proof techniques to enable parallel processing of multiple lower-level
problems in top-K NDCG optimization, while establishing a convergence guarantee. To
further improve the effectiveness of optimizing the NDCG surrogates, we implement two
practical strategies: initial warm-up to find a good initial solution and stop gradient operator
to simplify the optimization of the top-K NDCG surrogate.

Although SONG/K-SONG systematically maximize NDCG and its top-K variant,
their convergence rates still exhibit a gap compared to the optimal rate for smooth
non-convex optimization, i.e., O(¢~3) (Arjevani et al., 2022). To bridge this gap, we
propose two types of improved algorithms named Faster SONGY!/K-SONG'! and
Faster SONG"?/K-SONG"?, which are able to estimate those crucial functions for gradient
computation more accurately by using advanced variance reduction techniques in differ-
ent ways. Specifically, Faster SONG"!/K-SONG"! employ an advanced variance reduced
estimator named MSVR (Jiang et al., 2022) to track the functions involving randomness
from compositional structures, and the STORM estimators (Cutkosky & Orabona, 2019) to
manage stochastic gradient variance. For Faster SONGY?/K-SONG"?, we further explore
the idea of converting the estimation of inner functions into solving elaborated minimiza-
tion problems, where the gradient estimators are updated using the previously mentioned
advanced variance reduced estimators. However, when optimizing the complex bilevel prob-
lem of top- K NDCG, using these variance-reduced estimators alone is insufficient to achieve
the optimal convergence rate. Therefore, we design a novel batch update mechanism for
lower-level problems that not only precisely controls the estimation error of lower-level
solutions but also achieves parallel speed-up, surpassing the similar algorithm by Guo et al.
(2021a). We also establish the optimal convergence rate using new proof techniques. More-
over, our algorithmic frameworks are versatile for optimizing a broad spectrum of metrics
such as Precision@ K /Recall@ K, Average Precision (AP), mean Average Precision (mAP),
and their top-K variants. To demonstrate this, we design efficient and theoretically guaranteed
stochastic algorithms for optimizing these metrics.

Experiments on recommender systems and learning to rank tasks reveal that SONG
and K-SONG significantly outperform prior baseline methods, with further in-depth anal-
yses affirming the effectiveness of our algorithmic designs. Additionally, the enhanced
algorithms Faster SONGY!V2/K-SONG"V? demonstrate improvements over their origi-
nal counterparts. We also observe that Faster SONG'?/K-SONG"? typically outperform
Faster SONG"!/K-SONG"!. Further, our experiments on graph classification tasks demon-
strate that our algorithms effectively optimize Precision@K and top-K mAP, which

1/5
! From Theorem 1 in Qi et al. (2021), it is evident that reaching an e-stationary point requires O (;ﬂﬁ)

iterations, thus the iteration complexity is O(e™).
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highlights the versatility and efficacy of our optimization frameworks across a variety of
deep learning tasks. The code for replicating these experiments is available at https://github.
com/zhqiu/NDCG-Optimization. Our work on SONG and K-SONG has been published at
ICML 2022 (Qiu et al., 2022), with the paper’s novel contributions summarized as follows:

e To improve the convergence rates of SONG/K-SONG, we propose two types of novel
algorithms that not only use advanced variance-reduced estimators but also incorpo-
rate innovative algorithm designs to achieve parallel speed-up in optimizing lower-level
problems.

e We prove that our algorithms enjoy the optimal convergence rate. To achieve this, we
tailor the existing variance-reduced optimization proof framework to our problem and
develop novel techniques to control the errors of solving multiple lower-level problems.

e We show that our algorithmic frameworks can optimize a wide range of metrics, such as
Precision/Recall@ K, mAP, and top-K mAP. We develop provable stochastic algorithms
for these metrics and validate them through experiments.

e We employ more baseline methods and datasets from various domains, where our exper-
imental results not only confirm the effectiveness of our methods but also reveal the
algorithms’ intrinsic mechanisms.

2 Related work
2.1 Listwise LTR approaches

We mainly review the listwise learning to rank (LTR) (Liu, 2011) methods that are close to
this work. The listwise approaches fall into three categories. The first category uses ranking
metrics to re-weight instances during training. For example, LambdaRank algorithms (Burges
et al., 2005a; Burges, 2010) compute a weight ANDCG by the NDCG difference when a
pair of items in the list is swapped, and use it to re-weight the pair during training. These
approaches are then generalized by Lambdaloss (Wang et al., 2018), which achieves the
best performance in this family. Although these algorithms consider NDCG, their theoretical
relations to NDCG remain ambiguous. Methods in the second category, e.g., ListNet (Cao
et al., 2007), RankCosine (Qin et al., 2008), and ListMLE (Xia et al., 2008), define loss
functions to optimize the agreement between predictions and ground truth rankings. However,
optimizing these loss functions do not necessarily maximize NDCG. In addition, efficient
stochastic algorithms for these losses are still underdeveloped. The third category directly
optimizes ranking metrics, and mostly focuses on NDCG, as reviewed below.

2.2 NDCG optimization

Earlier works employ traditional optimization techniques, e.g., genetic algorithm (Yeh et al.,
2007), boosting (Xu & Li, 2007; Valizadegan et al., 2009), and SVM framework (Chakrabarti
etal., 2008). However, these methods are not scalable to big data. A popular approach approx-
imates ranks in NDCG with smooth functions and then optimize the resulting surrogates. For
example, SoftRank (Taylor et al., 2008) uses rank distributions to smooth NDCG, but it suffers
from a high computational complexity of O(n?). ApproxNDCG (Qin et al., 2010) approxi-
mates the rank function and the top-K selector for the top-K variant by a generalized sigmoid
function. Thonet et al. (2022) introduce Smoothl, a novel differentiable approximation of
the rank indicator function that can be applied to various ranking metrics. Recent efforts like
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PiRank (Swezey et al., 2021) and NeuraNDCG (Pobrotyn & Bialobrzeski, 2021) propose
smoothing NDCG by approximating the non-continuous sorting operator based on Neural-
Sort (Grover et al., 2019). However, their per-iteration complexities remain O(nd). Moreover,
little attention has been paid to the convergence guarantees for optimizing these surrogates.
Recently, we have formulated the NDCG and top-K NDCG optimization problems as FCCO
and bilevel optimization problems, respectively, and introduced the first algorithms with an
iteration complexity of O(e~*) (Qiu et al., 2022). In this paper, we propose novel algorithm
designs and incorporate advanced variance-reduced estimators, resulting in algorithms that
achieve state-of-the-art O (¢ ~>) complexity with parallel speed-up.

2.3 Stochastic compositional optimization

The optimization of two-level compositional functions in the form of E¢ [ f (E¢ [g(W; £)]; £)],
where & and ¢ are independent random variables, or its finite-sum variant has been studied
extensively (Wang et al., 2017; Balasubramanian et al., 2022; Chen et al., 2021). In this
paper, we formulate the surrogate of NDCG into a similar but more complicated finite-sum
couples compositional optimization (FCCO) problem of the form E¢[ f(E;[g(W; ¢, &))],
where £ and ¢ are independent and the inner function g(w; ¢, €) also depends on the random
variable £ of the outer level. We borrow a technique from Qi et al. (2021) by using moving
average estimators to track the inner functions and make the approximation error controllable,
but establish a better complexity of @(e~*). Recently, Jiang et al. (2022) propose a novel
variance reduced estimator named MSVR for FCCO and achieve a better complexity of
O(e3). To improve the convergence rate, we use the MSVR estimator within a complex
bilevel optimization framework comprising numerous low-level problems to manage the
estimation error of compositional functions, significantly complicating our analysis.

2.4 Stochastic bilevel optimization

Stochastic bilevel optimization (SBO) has a long history in the literature (Colson et al., 2007,
Kunisch & Pock, 2013; Liu et al., 2020). Recent works focus on algorithms with provable
convergences (Ghadimi & Wang, 2018; Hong et al., 2023; Chen et al., 2022). However, most
of them do not explicitly consider the challenge of many lower-level problems. Guo et al.
(2021a) consider SBO with many lower-level problems and develop a stochastic algorithm
with a convergence guarantee. However, their algorithm is not applicable to our problem
with a compositional objective and does not achieve a parallel speed-up when using a mini-
batch of samples to estimate the gradients. In this study, we apply advanced variance-reduced
estimators within a complex bilevel optimization framework that includes multiple lower-
level problems. We introduce two novel types of algorithms, demonstrating that they not only
achieve the optimal convergence rate but also achieve parallel speed-up by utilizing multiple
queries and multiple items from sample queries.

2.5 Variance reduced methods

Variance reduction has emerged as an important technique for non-convex optimization
problems, providing faster convergence upon stochastic gradient descent. Many stochastic
variance-reduced gradient algorithms have been proposed and they have improved the con-
vergence rate from O(e™) to O(e3) (Fang et al., 2018; Zhou et al., 2020). Despite the
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improvement, these methods rely heavily on giant batch size to construct checkpoint gradi-
ents, which limits the use of these algorithms. Cutkosky and Orabona (2019) address this
issue and present a new estimator called STORM, achieving the optimal convergence rate by
a variant of the momentum term. Recently, inspired by STORM, Jiang et al. (2022) propose
a variance reduced estimator called MSVR, which employs a similar update as STORM but
with a customized error correction term for FCCO. In this paper, we integrate STORM and
MSVR in a complicated bilevel optimization problem with a compositional objective and
many lower-level problems, achieving both the optimal iteration complexity of O(¢ ~3) and
parallel speed-up.

3 Preliminaries

Let Q represent a query set of size N, with each query denoted by ¢ € Q. For each query
q, S is a set of N, items (e.g., documents, movies) to be ranked. Each item x? S
has an associated relevance score yiq € R™, indicating the relevance between query ¢ and
item x:’ Define S; C S, as the subset containing N;r items relevant to g, characterized
by non-zero relevance scores. The set of all relevant query-item (Q-I) pairs is denoted by
S ={(q, x?) 1q € Q, x? € 82’}. Let h,(x; w) represent the predictive function for an item
x with respect to the query ¢, where w € R? denotes the parameters (e.g., a deep neural
network). Furthermore, let I(-) denote the indicator function, and (x) represent the function
max{x, 0}. Let

rwix,Sg) = Y I(hy(x's W) — hy(x: W) > 0)
x/ESq

denote the rank of x with respect to the set S;, where we simply ignore the tie.
According to the definition in (1), the averaged NDCG over all queries is

N q

1 1 2% —1
NDCG=—Y — > 7 ,
N p Z, iest log, (r(w; x;, Sg) + 1)

where Z, is the maximum DCG of the perfect ranking for the items in S;. An important
variant of NDCG is its top-K variant, which is defined over the items X:I € S, whose
prediction scores are in the top-K positions, i.e.,

2 —1
log,(r(w; x!, S + 1)’

N
1 1
Top-KNDCG = — » 7K > I € S,[KD)
g=1

q 4.+
X; €S,

where S,;[K] represents the items within S; whose prediction scores rank in the top-K
positions, and Z (f denotes the top-K DCG score of the ideal ranking. It is worth mentioning
that when K is set equal to |S;| for each ¢, top-K NDCG simplifies to NDCG, thereby
making NDCG a special case of top-K NDCG.

Finally, we introduce the concept of iteration complexity, a commonly used metric to
assess the efficiency of stochastic algorithms.

Definition 1 A stochastic algorithm is said to achieve an e-stationary point if E[ |V F (x;)||] <
€, where x; is the algorithm output at the 7-th iteration and the expectation is taken over the
randomness of the algorithm until the iteration 7. The iteration complexity of the algorithm
is the number of iterations needed to find the e-stationary point.
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Algorithm 1 Stochastic Optimization of NDCG: SONG

Require: 7, yo,ﬂl,ul =0,m; =0

Ensure: wr

1: fort =1,..T do

Draw some relevant Q-I pairs B = {(q, x?)} cS
For each sampled g draw a batch of items B; C Sy

for each sampled Q-I pair (g, Xiq) € Bdo
A 1 . q
Let g4.i (W) = ] Zx/qu ewe; X', x7, q)

Compute w ! = (1 = yo)u! ; + 7084.i (W)
end for
Compute the stochastic gradient estimator G (w;) according to (5)
9:  Computemy 1 = fym; + (1 — B)G(w;)
10:  update w; | = Wy — nmyq|
11: end for

PR N AN

4 Optimizing a smooth NDCG surrogate

To address the non-differentiability of the rank function r(w; X, S;), we approximate it by a
continuous and differentiable surrogate function

WX, 8) = Y Llhg(X'; W) — hy(x; W),
x'eS,

where £(-) is a surrogate loss of I(- > 0). Here we use a convex and non-decreasing smooth
surrogate loss, e.g., squared hinge loss £(x) = max(0, x +c)?, where ¢ is a margin parameter.
Below, we abuse the notation £(w; X', X, g) = L(hy x'; w) —h4(x; w)). Using the surrogate
loss, we cast NDCG maximization into:

N

2 1
max L(w) (= — - 7 .
weRd |S| ot Zylogy(g(w: X7, Sy) + 1)

9=1xle

(@)

The following lemma justifies the maximization of L(w) for NDCG maximization:
Lemmal If€(w; X', x, q) >1(hy(x'; W) —hy(x; W) >0), L(W) lower bounds NDCG.

The key challenge for solving the above problem lies at (i) computing g (w; x?, S,) and its
gradient is expensive when |S;| = N, is very large; and (ii) an unbiased stochastic gradient
of the objective function is not readily available. To highlight the second challenge, let us

. . . _ 1 . ..
consider the gradient of the function ¢ (w) = Tom GV S D) which is given by
—logy(e) - Vg(w; x!, S,)

logs(g(w; x!, S+ 1) - (g(wix!, S + 1)

Vo(w) =

We can estimate g(w; x:’ , 8y) by its unbiased estimator using a mini-batch of items B, C S,
ie., % D ove 5, I(w, X, x?, q). However, directly plugging this unbiased estimator into the
above expression produces a biased estimator of V¢ (w) because V¢ (w) is non-linear w.r.t.

g- The optimization error will be large if | B, | is small (Hu et al., 2020b).
To address this issue, we cast the problem into the following equivalent form:

1
1 F = — [ 5 q’S ’ 3
o, N =15, Zq Jq.i(g(Ww:x;. Sy)) )
(g.x;)eS

@ Springer



42 Page 80f70 Machine Learning (2025) 114:42

MovieLens20M Netflix Prize
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Fig.1 Comparing the approximation error (AE) of the mini-batch estimator g(w, X
Sq)

X; Bq) and moving average

estimator ug for the function g(w, x? i

where g(w; x . Sy) = g(w X; ,Sq) and f, ;(g) = Zy W Itis a special case of a
family of ﬁnlte-sum coupled compositional stochastic optimization problems, which was
first studied by Qi et al. (2021) for maximizing average precision. Inspired by their method,
we develop a stochastic algorithm for solving (3). The complete procedure is provided in
Algorithm 1, which is named as Stochastic Optimization of NDCG (SONG).

To motivate the proposed method, we first derive the gradient of F(w):

1
VF(W):E D VWi S))Ve(wix! . S,). “

(g.x)es

The major cost for computing V F (w) lies at computing g(w; x , &) and its gradient, which
involves all items in S, . To this end, we approximate these quantltles by stochastic samples.
The gradient Vg(w; x ,84) can be approximated by the stochastic gradient Vg, ,(W) =
W >y B, Vi(w; x/, xi . q), where B, is sampled from S;. Note that V f,, ; (g(W; xi "))

is non-linear w.r.t. g(w; x , Sy), thus we need a better way to estimate g(w; x , S4) to control
the approximation error.

To this end, we borrow a technique from Qi et al. (2021) by using a moving average
estimator to track g(w; x , S) for each xq € $+ Specifically, we maintain a scalar u, ;
for each relevant query-item pair (q, xq) and update it by a linear combination of historical
one u’ 7.0 . and an unbiased estimator of g(w;; x , 84) denoted by g gq i(w;) in Step 5 and 6 in
Algorithm 1, where yg € (0, 1) is a parameter. Intumvely, when ¢ increases, w,_1 is getting
closer to w;, hence the previous value of the estimator, i.e., u’ ;i is useful for estimating
8q.i (Wr).

To examine the effectiveness of the moving average estimator, we conduct an experiment
on two popular recommender system datasets: MovieLens20M (Harper & Konstan, 2015)
and Netflix Prize (Bennett et al., 2007). We employ the widely used NeuMF model (He
et al., 2017), which is trained by calculating g(w; x , Sy) across S; and minimizing the
objective in (3) Further details are provided in Sect 9 2. During this process, we also
compute g(w; X , 8¢)’s mini-batch estimator g(w; x , By) and moving average estima-
tor u, ;, comparing thelr estimation errors relative to g(w, xl , S4), which is defined as
E(q x")|§q i — g(w; xiq, Sy)|. The results, illustrated in Fig. 1, demonstrate that the mov-

ing average estimator consistently provides a more accurate estimation of g(w; x  Sy)-
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With these stochastic estimators, we can compute the gradient of the objective in (3) with
controllable error as

— 1 t 5
Cow) = > Vil )VEgi(wo). ®)
(g.xheB

We implement the momentum update for w; 1 in Step 9 and 10, where B; € (0, 1) is the
momentum parameter. The momentum update can be replaced by the Adam-style update (Guo
et al., 2021b), where the step size 7 is replaced by an adaptive step size. We can establish the
same convergence rate for the Adam-style update.

We have some remarks about SONG: (i) for wy, since the NDCG surrogate function is
non-convex, we use the initial warm-up strategy described in Sect. 6 to find good initialization
parameters for all NDCG optimization algorithms; (ii) the per-iteration complexity of SONG
is O(Bd+B?), where O(Bd) and O(B?) come from the forward and backward computation
of hy (xf; w) and gq,i (w), xl.q € By, respectively. For a large model size d > B, we have the
per-iteration complexity of O(Bd), which is independent of the length of S,; and (iii) the
additional memory cost is the size of u, ;, i.e., the number of all relevant Q-I pairs. Note that
many real-world datasets are very sparse (Yuan et al., 2014; Singh, 2020), hence the cost is
acceptable in most cases.

Here we present the convergence guarantee of SONG in the following theorem.

Theorem 1 Under appropriate conditions and settings of yo, n = O(€?), f1 = 1—0O(€?),
Algorithm 1 ensures that after T = O(e %) iterations we can find an e-stationary solution
of F(w), i.e., E[|VF (W) |21 <€? for a random v €{1,...,T}.

Remark Inspired by Qi et al. (2021), we also employ the moving average estimator technique
to control the optimization error of FCCO. However, we manage to establish an iteration
complexity of O(e~*), which is the same as the standard SGD for solving standard non-
convex losses (Ghadimi & Lan, 2013) and better than that proved by Qi et al. (2021), i.e.,
O(e73). We attribute this improvement to the use of a simple yet effective momentum-style
stochastic gradient estimator m; (see Algorithm 1, line 9) and a more refined proof process. A
detailed analysis is provided in the ‘Innovations in Proof Techniques’ section in Appendix E.

5 Optimizing a smooth top-K NDCG surrogate

In this section, we propose an efficient stochastic algorithm to optimize the top-K variant
of NDCG. By using the smooth surrogate loss £(-) for approximating the rank function, we
have the following objective for top-K NDCG:

Ly Y i ey
I b _ ,
N Zf CTT ogy (Bwi X! S + 1)

q .o+
X; €54

where S;[K] denotes the set of top-K items in S,;. Compared with optimizing the NDCG
surrogate in (3), there is another level of complexity, i.e., the selection of top-K items from
Sy, which is non-differentiable. In the literature, Qin et al. (2010) and Wu et al. (2009) use
the relationship ]I(xl‘.’ € §[K]) = (K —r(w; x?, Sy) = 0) and approximate it by /(K —
g(w; x?, Sy)), where ¥ is a continuous surrogate of the indicator function. However, there
are two levels of approximation error, one lies at approximating r (w; x?, Sq) by g(w; xl.q, Sy)
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and the other one lies at approximating I(- > 0) by (). To reduce the error for selecting
x? € §4[K1, we propose a more effective method, which relies on the following lemma:

Lemma2 Let\,(w) = argmin; (K +&)A+ ZX/ESq (hq(x'; W) —A) 4, where e € (0, 1), then

Lq(W) is the (K + 1)-th largest value among hy(x', w), VX' € S, and hence xl.q e S§[K]is
equivalent to hy (x?; W) > Ay (W).

Remark The optimal A, (w) can be the threshold to select top-K items in S.
As a result, the problem can be converted into

T(hg (X7 W) — Ag (W) > 0)(1 —2%7)
ZKlogy (g(w; x}, S) + 1)

. £ 1
St hg(W) = arg min A+ v Z (hg(X'; W) — M) 4.

q q X/qu

There are still some challenges that prevent us developing a provable algorithm. In particular,
the selection operator I (%, (x?; W)—A4 (W) >0) is non-smooth w.r.t. w due to (i) the indicator
function I(-) is non-continuous and non-differentiable; and (ii) A, (W) is non-smooth w.r.t. w
because the lower optimization problem is non-smooth and non-strongly convex. To address
these challenges, we first approximate [(- > 0) by a smooth and Lipschtiz continuous function
¥ (+), whose choice can be justified by the following lemma:

Lemma3 Ify(hy (x?; w) —Aq(W)) < Cl(hy (X;[; W) — Aq (W) > 0) holds for some constant
C > 0and t(w; X', X, q) > I(hy(X'; W) — hy(x; W) > 0), then the function

a4
1N (g (& sw)—hg (W) (21 —1) i
5 Zq:l ij’es,;r CZK oty GowinT Sp41) is a lower bound of the top-K NDCG.
Remark When h, (x; w) is bounded, it is not hard to find a smooth and Lipschitz continuous
function ¥ (-) satisfying the above condition, e.g., the sigmoid function.

Next, to smooth A(w), we aim to make the lower level problem smooth and strongly
convex, while not affecting the optimal solution A(w) too much. To this end, we replace the
lower level problem by

A . K+e 1w, |1 hg (X3 w)—2
Ag(W)=argmin L, (A; w):= At A+ — T11H(1+CX <7 .
a L N, T2 qugq P 7

The following lemma justifies the above smoothing.

Lemma4 Assuming hy(x,w) € (0,c;], if 11 = 172 = ¢ for some ¢ <K 1, then we have
|iq (W) — Ay (W)| < O(e) for any w. In addition, Ly (X; W) is a smooth and strongly convex
function in terms of A for any w.

As aresult, we propose the following problem for optimizing top-K NDCG:

1 ~
min Fig (W) = o > Ulhg (T w) = g (W) fyi(g(wix! . Sy))
(g.xDes

S.ty hg(W) = argmin Ly (4; W), Vg € Q, (©6)
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1=
ZK logy (Ngg+1)*

Although (6) is a bilevel optimization problem, existing stochastic algorithms for bilevel
optimization are not applicable because there are several differences from the standard bilevel
optimization problem studied in the literature. First, an unbiased stochastic gradient of the
objective function is not readily computed as we explained before. Second, there are multiple
lower level problems in (6), whose solutions cannot be updated at the same time forallg € Q
when N is large. To address these challenges, we develop a tailored stochastic algorithm for
solving (6).

The proposed algorithm is presented in Algorithm 2, to which we refer as K-SONG.
To motivate K-SONG, we first consider the gradient of the objective function in (6), i.e.,
V Fg (w), as follows:

where we employ f, ;(g) to denote

1 A ~
S| > (W(hq<X?;w>—kq<W>>-(th(x?zw)—waq(w)))fq,,-(g(w; x!.S)

(g.xDes
+ Y (hg (X W) — Ag (W) Vg(W; X!, SOV fr.i (g(W; X!, ). (7

Similar to SONG, we can estimate g(w;; X;], S,) by “;,r An inherent challenge of bilevel

optimization is to estimate the implicit gradient Vh(W). According to the optimality con-
dition of A(w) (Ghadimi & Wang, 2018), we can derive

Vwhg(W) = =V | Lg(g(W); WV, Ly (g (W): W)™ ®)

To estimate ququ (i(w); w) at t-th iteration, we use the current estimate A; in place of
iq (w;) and use L, ():, w; B,) defined by a mini-batch samples B, in place of L, ()AL; w), i.e.,

K +¢ T 1
LyOuw;By) = —— a4 =224 —

Nq 2 By D TIn(l 4 exp((lag (xis W) = 2)/71).

X[EBq

Estimating (V)%,\ Ly (iq (w); w))~! is more tricky. In the literature (Ghadimi & Wang, 2018), a
common method is to use von Neuman series with stochastic samples to estimate it. However,
such method requires multiple samples in the order of O(1/1>), which is a large number when
75 is small. To address this issue, we follow a similar strategy of Guo et al. (2021a) to estimate
V}%ALq ():q (w); w) directly by using mini-batch samples. In the proposed algorithm, we use a
moving average estimator denoted by s, as shown in Step 10. Finally, we have the following
stochastic gradient estimator:

1

Gow) = > pgiVigiw)
(g.xHeB

+ (g (5 W) — Aq,t)[vwhq(x? sWo) + V2 Ly (), W Bz)(s;)“}f(u;,i), ©)

where p,; = ¥ (hy (xf; W) — )\;)qu,i(u;’i) and is computed in Step 7 in K-SONG. In
Appendix C, we detail the specific implementation for the two second-order derivatives with
respect to L, in (9).

It is notable that different from Guo et al. (2021a), we update }»;“ with a mini-batch of
queries ¢ for parallel speed-up in Step 11, which makes the analysis more challenging. At
last, we present the convergence guarantee of K-SONG.
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Algorithm 2 Stochastic Optimization of top-K NDCG: K-SONG

Require: 19, 71, 0. ¥} Bi.ul =0,s' =0, =0,m; =0
Ensure: wr |
1: fort =1,..T do

2:  Draw some relevant Q-I pairs 5 = {(g, X?)} cS
3:  Foreach g € B draw a batch of items B; C S,
4:  for each sampled Q-I pair (g, X?) € Bdo

. 5 _ 1 . q
5 Let g4,i (Wt) = 8,1 Zx/qu Lw XX, q)

1 ~

6 Letultl = (1—yo)ul ; +y0dq.i (W)
7o Letpg; = Yhg ()i w) — AV fy i) )
8:  end for
9:  for each sampled query ¢ € 5 do
10: Letsit™ = (1= y))s), + v V2, L G Wi By)
11 Let A = AL — noViLg L. wi: By)
12:  end for

13:  Compute a stochastic gradient G (w;) according to (9) or (10)
14:  Compute m;41 = gim; + (1 — B1)G(w;)

15:  Update w; 41 = w; — nymy

16: end for

Theorem 2 Under appropriate conditions and proper settings of parameters yy, yé, no, N1 =
O(e?), B = 1—0O(ed), after T = O(e™%) iterations K-SONG can find an e-stationary
solution, i.e., B[|V Fx (wo)||*] Sezfora randomte{l,...,T}.

Remark The above theorem indicates that K-SONG also has the iteration complexity of
O(e~*). To achieve this, inspired by Guo et al. (2021a), we maintain variance-reduced esti-
mators for the key functions in our algorithm. However, unlike Guo et al. (2021a), our
algorithm implements parallel speed-up in lines 9-12 of Algorithm 2 and introduces new
proof techniques to control the optimization error of the lower-level problems. In Appendix E,
we provide detailed assumptions, parameter settings, and proofs for Theorems 1 and 2. We
also provide a proof sketch to help readers better understand our algorithm. Additionally, we
highlight the differences between our proofs and those of similar algorithms in the ‘Innova-
tions in Proof Techniques’ section, emphasizing our contributions.

6 Practical strategies

In this section, we present two practical strategies for improving the effectiveness of SONG/K-
SONG in deep learning applications.

6.1 Initial warm-up

A potential problem of optimizing NDCG is that it may not lead to a good local minimum
if a bad initial solution is given. To address this issue, we use warm-up to find a good
initial solution by solving a well-behaved objective. Similar strategies have been used in the
literature (Yuan et al., 2020; Qi et al., 2021), however, their objectives are not suitable for
ranking. Here we choose the listwise cross-entropy loss (Cao et al., 2007), i.e.,
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N q.
min l Z L Z —1In exply (X; ,qw)
VNSNS s, M (5 W)

which is the cross-entropy between predicted and ground truth top-one probability distri-
butions. We use PyTorch’s default methods to initialize w in practice. The objective can be
formulated as a similar finite-sum coupled compositional problem as NDCG, and a similar
algorithm to SONG can be used to solve it. We present the formulation and detailed algorithm
in Appendix A.

6.2 Stop gradient for the top-

K Selector Given a good initial solution, we justify that the second term in (9) is close to 0
under a reasonable condition, and present the details in Appendix B. Thus, the gradient of the
top-K selector v (h (xiq, w) — )ALq (w)) is not essential. Hence we can apply the stop gradient
operator on the top-K selector, and compute the gradient estimator by

1

Gow) = 1 D pgiVEgiw), (10)
(q.x)eB

which simplifies K-SONG by avoiding maintaining and updating s, ;. We refer to the K-
SONG using the gradient in (9) as theoretical K-SONG, and the K-SONG using the gradient
in (10) as practical K-SONG.

7 Optimizing NDCG and top-K NDCG with faster convergence

The algorithms SONG/K-SONG are effective for deep learning but do not achieve the opti-
mal O (e ~3) iteration complexity for smooth non-convex optimization (Arjevani et al., 2022).
In this section, we present two types of algorithms that achieve the optimal iteration com-
plexity by utilizing advanced variance reduced estimators in different ways to further control
gradient approximation errors. We begin by describing the two key estimators employed,
STORM (Cutkosky & Orabona, 2019) and MSVR (Jiang et al., 2022). Then, we elabo-
rate two strategies for using these estimators, and conclude with the algorithms and their
theoretical guarantees.

STORM is a famous variance reduction estimator that achieves an iteration complexity
of O(e~3) on smooth losses. Assume that we have a target function V f(w;; S), its STORM
estimator d is updated by

At = (1 —y)d + v VWi B) + (1= y)(V f(Wis B) = V f (W1 B))
error correction

=1 =)@ = V(W15 B) + V f(wi; B),

where B is sampled from S. Compared with moving average estimators, it is notable that the
STORM estimator employs an additional error correction term to alleviate the noise from
sampling 5. To improve the iteration complexity, we first design a STORM-style stochastic
gradient estimator m; for updating the model parameters:

m;, = (1— ]/m,t)(mz—l — G(wi—1)) + G(wy), (11)
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where G (w;) and G (w;_1) are computed using (5) and (9) to optimize NDCG and its top-K
variant, respectively, with y,, ; serving as a tunable parameter.

However, for the moving average estimators u, ; and s, for tracking g(w; x , Sy) and
VMLq (Aq (w); w) in SONG/K-SONG, we cannot simply replace them to the corresponding
STORM estimators. The reason is that the updates of u and s involve twofold randomness:
sampling a set of queries B and sampling items 3, for each query g € B. The error correction
term in STORM addresses only the randomness associated with sampling queries, and does
not account for the noise introduced by sampling items.

To address this issue, Jiang et al. (2022) propose a new variance reduced estimator named
MSVR, which is inspired by STORM but introduces a customized error correction term to
alleviate the noise from both sampling B and B, . Specifically, the MSVR estimator d; for
tracking V f, (w;; §) is updated by

(L=yDdy +7iV fg(Wes By)+ By (V fq (Wis By =V fg(Wir; By)) if g € B

error correction ’
t
0.W.
dq

t+1 __
d," =

where §; can be set to I B}\ll(l L] ) + (1 — y1) according to the analysis (Jiang et al., 2022), N

is the total number of querles It is notable that if we set B; to 1 — y;, then MSVR estimator
will reduce to STORM estimator. Jiang et al. (2022) prove that with MSVR estimator, the
aforementioned FCCO problems with non-convex objectives can be solved with an improved
iteration complexity of O (e ~3).

Next, we need to determine how to employ the MSVR estimator to track g(w; x , 8y) and
VML (A (w); w). An intuitive approach is to directly apply these estimators to track these
crucial functions. To this end, we maintain the following MSVR estimator for g(w; x L

(1 = Vi uy ; +vur g (Wi X[, By)

ult = FBur(gWii X! By —g(wi—is x!, By)) if (g, xDeB. (12
t

uq,i

0. W.

where y,; and B, ; are adjustable parameters. Similarly, The MSVR estimator for
VfALq (Ag(W); W) can be updated by

(I=y5.08, + V5.1 Vi Ly Ol Wis By)
spt! = FB5.t (Vi Lg (M Wi By) — Vi, Lg(M w13 By)) ifgeB. (13)

t

Sq

O0.W.

where y;; and B ; are tunable parameters. We define such straightforward application of
MSVR estimators for tracking the target functions in (12) and (13) as the v1 type update.

We can also view the functions g(w, ;> Sg) and V/\ 3 Lg (Aq (w); w) from another perspec-
tive. Inspired by recent work in bilevel optimization (Li et al., 2022; Dagréou et al., 2022), we
can consider these two functions as the solutions to specific quadratic problems. There-
fore, we can approximate these functions by iteratively solving these quadratic problems.
We employ quadratic functions due to their smoothness and strongly convexity, enabling us
to derive algorithms with fast convergence. Specifically, for the function g(w; Xf’ Sq), we
define the following minimization problem:

.. 1
min gq.i(w, W) := Sfu —g(w; x; X!, S (14)
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It is not difficult to show that g (w; x 8 ) is the solution for minimizing g, ; (w, w). Thus,
we can set U, ; as an estimator for g(w; x S ), and update u, ; using the stochastic gradient
estimator computed for solving miny g, ; (u, w) which is given by

Vugq.i(u,w; By) =ug; — g(w: X!, By).

However, directly updating with the above stochastic gradient estimator results in poorer
iteration complexity. To avoid this, we update all sampled blocks of u, ; using its MSVR
gradient estimator v, ; as follows:

(I— Vv,t)V;Til + Vv,tvugq,i(uty wy; By)

V;,i = +:Bv,t(vugq,i(utv Wi Bq) - Vugq,i(ut_la Wi_1; Bq)) ifgeB, (15)
11
A 0.W.
and then an update utl = u . — v for the sampled items can be conducted. Here,

q.i q.i q.i T . ;
T1; represents the step size, where the parameter 7, is primarily set for theoretical analysis

(as detailed in the proof of Theorem 5 in Appendix F). In practice, 7t; can be treated as a
tunable learning rate parameter.

A similar approach can also be applied to estimate VfALq (iq (w); w). When designing
the quadratic problem for this function, which is a Hessian matrix, direct estimation might
lead to significant approximation errors. Thus, we consider a minimization problem through
matrix-vector products. To illustrate our method clearly, we restate the gradient for the top-K
NDCG surrogate by substituting (8) into (7):

1 ~

S > {w%hq(x?;w)—Aq<w>>th(x?;w)fq,,»(g(w;x,‘-’,sq»
(g.xhes
+ Y (hg (xT;W) = Ag (W) V3 o Ly (g (W); WY (VE, Ly Gug (W)s W) ™! £ i (g (Wi X7, S,))
(g (605 W) = g (W) Vg W X[ SV fi (Wi ! Sp ) 16)

Thus, we estimate the Hessian-vector product (V)%AL (k (w); w)~! fq.i(g(w; x ,Sy)). To
this end, we define the following problem for query ¢:

~ 1 A
min gy (s, kg (W), w) 1= Esvaqu(xq(w); wis—s' fi(gwix!, S)). (A7)

Note that the optimal s for (17) is equal to (V L ():q (w); w))~! Sq.i(g(W; X; ,Sq)) Simi-
larly, we can approximate (V L (Aq (W); W)~ lfq i(g(w; X, , Sy)) by solvmg ming ¢y (s, Aq
(w), w). To this end, we first define the stochastic estimator for ¢ (s, Aq (w), w) as follows:

Vs (s, Wi By) = V5 Lg (Ol Wi By)sg — fo.i(ul ),

where we employ u . as the estimate for g(w; x , 84). Then the MSVR estimator for the
gradient is given by

(1 —Vr,z)l‘;_l +Vr,tvs¢q (Sl’ Wy Bq)

r,= +Br.1 (Vsty (', Wi By) — Vspg (8", wi—15 By)) ifgeB.  (18)
1—1

q 0. W.

and then an update s;+1 = s; — 'L"L’tl'fl for the sampled queries can be conducted. We refer

to these update rules as the v2 type update. Intuitively, the v2 type update involves solving
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Algorithm 3 Faster SONGY!/V2

Require: wy, wi, mg =0, v0=0,u'=ul =0, update type: v1 or v2
Ensure: wr |
l: fort=1,2,...,T do

2 Draw some relevant Q-1 pairs 5 = {(g, x?)} cS

3 For each ¢ € B draw a batch of items B; C S,

4:  if using v1 type update then

S: Compute uf;;.l according to (12) > Use MSVR update
6: else // using v2 type update

7 Compute vi] ; according to (15) > Use MSVR update
8: Update u;'j'il = qu. - rrtv;’i

9: endif

10:  Compute the gradient estimator G(w;_1) and G (w;) by (5)

11:  Compute m; according to (11) > Use STORM update
12: Wiyl = Wr — anymy

13: end for

lower-level problems to estimate crucial functions, essentially remaining a bilevel optimiza-
tion with multiple lower-level problems. Therefore, the complexity of the problem remains
unchanged, and both types of updates exhibit the same convergence rate, which will be
demonstrated later.

To clearly demonstrate the two estimators based on the MSVR update rule proposed in this
section, we follow the experimental setup from Fig. 1 in Sect. 4, and present the approximation
errors of the two new estimators in Fig. 2. It is notable that both estimators outperform the
moving average estimator. Additionally, we find that the v2 type update yields better results
than the v1 type update.

Last, notice that the stochastic gradient estimator for A, i.e., V3L, (Af]; w;; By), also
involves the randomness from both sampling B and 15, thus we also have to use the technique
of MSVR for it. Let z, denote the gradient estimator for V, L, (A;; w;; By), and it is updated
as follows:

=y )2 + v VaLg (Vs wis By)
z,= B0 (VaLg(Ms Wes By) — Va Ly Gl wiis By)), ifge B, (19)
t—1

Zq s 0.W.

where y. ; and §; ; are tunable parameters. Notably, the use of the variance-reduced gradient
estimator z, is essential for proving the algorithm’s optimal convergence rate. For more
details, please refer to the proof in Appendix F.

With these considerations in hand, we propose improved stochastic algorithms named
Faster SONG/K-SONG for optimizing NDCG and its top-K variant with the itera-
tion complexity of O(e~3) in Algorithms 3 and 4, respectively. For each algorithm, we
provide two variants that utilize variance reduced estimators in vl or v2 type update.
The effect of parameter 7, in the algorithms is similar to that of parameter 7,, and
an; can be viewed as one parameter in practice. We derive the following guarantee for
Faster SONG"!/V2 /K-SONG"/V2:

Theorem 3 Under appropriate conditions, with n; = v, = O3 and y, =y, = ys =
VYmn =0 (nf), Algorithm 4 ensures that after T = O(s%) iterations, we can find an €-stationary

solution of F(w,), i.c., E [Z,Tzl %IlVF(w,)IIZ] <0 (ﬁ)
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Fig. 2 Comparing the approximation error (AE) of the mini-batch estimator g(w, xl.q,

estimator ug ;, and two types of estimators with MSVR-style updates for the function g(w, X?, Sg)

Bg), moving average

Algorithm 4 Faster K-SONGY1/¥2
0 0 .1 lvO

Require: wg, wy, initialize mo,AO,Al,zo,u ,s,u, s,
Ensure: wr |
l: fort=1,2,...,T do

Y100, update type: v1 or v2

2:  Draw some relevant Q-I pairs B = {(g, X?)} cS

3:  Foreach g € B draw abatch of items B; C S,

4:  if using v1 type update then

S: Compute ul’]';l according to (12) > Use MSVR update
6: Compute sffl according to (13) > Use MSVR update
7:  else // using v2 type update

8: Compute v(’l J and rf1 according to (15) and (18) > Use MSVR update
9: Update u{t:il = “;,i - rrtv;’i, sf;rl = s; - rr,rf[

10:  endif

11:  Compute zf] according to (19) > Use MSVR update
12:  for each sampled query ¢ € B do

13: Update )\f]'H =y —tuz,

14:  end for

15:  Compute stochastic gradient estimator G (w;_1) and G (w;) according to (9) or (10)

16:  Compute gradient estimator m; according to (11) > Use STORM update
170 Wiy =W —angmy

18: end for

Remark 1 The achieved iteration complexity (i) matches the optimal iteration complexity
of O(e~3) for standard smooth non-convex stochastic optimization (Arjevani et al., 2022),
and (ii) enjoys a parallel speedup by sampling multiple queries and items at each iteration.
It’s worth noting that, although v1 and v2 employ different methods to estimate functions
g(w; x?, Sy) and V%k L, ()A» (w); w), both variants still have the same iteration complexity.

Remark 2 Our algorithms are related to previous work on variance reduction (Cutkosky
& Orabona, 2019; Jiang et al., 2022) and SBO (Guo et al., 2021a), but have significant
differences. Firstly, unlike Cutkosky and Orabona (2019) and Jiang et al. (2022), we study a
complex SBO problem that includes multiple lower-level problems. Additionally, in contrast
to Guo et al. (2021a), our algorithms are designed to solve multiple lower-level problems in
parallel per iteration. To this end, our algorithms use STORM and MSVR in novel ways to
better estimate key functions, while introducing new mechanisms for solving the lower-level
problems and developing proof techniques for a tighter error bound. We refer the interested
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readers to Appendix F for a proof sketch, a comprehensive comparison of our work with
similar works, and a detailed proof of Theorem 3.

8 Broadening framework applications to other metrics

In this section, we highlight the versatility of our algorithmic frameworks, which can optimize
a broad spectrum of metrics, including Precision@ K/Recall@ K, Average Precision (AP),
mean Average Precision (mAP), and their top-K variants. We begin by defining these met-
rics, followed by the presentation of provably efficient stochastic algorithms for optimizing
Precision@K (equivalent to Recall@K up to a constant) and top-K mAP (with AP, top-K
AP, and mAP being its special cases).

Precision@K and Recall@K are key performance metrics commonly used in binary
classification tasks. They measure Precision and Recall on the top K samples with the highest
scores, with their formulas as follows:

Yyes, Ixi € SIKD)

Precision@K = s
K

s, I(x; € S[K])

Recall @K = Les. I :
[S+]

where S indicates all relevant (positive) items, and S[ K] denotes the set of top-K items of
S. Itis notable that Precision@K is equivalent to Recall@ K up to a constant for a given
dataset.

Leveraging Lemma 2 and 4, we can formulate the problem of maximizing Precision@ K
as the following bilevel optimization problem:

1
min Fereeak (W) i= = Y L0iw(%i) = A(W))

Xl'ES+

K 1 h(X;; w)—X
A(w)=argmin L(%, w):= +€A+ 1;2)\2_{_7 Z‘[ﬂﬂ(l-{-exp (%)) , (20)
h s s A =

where £(-) is a differentiable non-decreasing surrogate function for replacing the indicator
function, e.g., a squared hinge loss. Similar to our previous derivation for top-K NDCG, we
can derive the expression for V Fprec@ g (W) as follows:

1 N -
= 2 Ul = 2W) (Vahw(x) + V7 LEW), WIVE LA, W1 ™).

X, €S54+

where we employ the fact that Vi A(w) = — V%’w L ()AL (W), w) [V}%x L ()AL (w), )]~ Assuming
that at the #-th iteration, we sample a mini-batch B with positive samples B, the stochastic
gradient estimator can be calculated as follows:

IS4 _
Gwi) = =~ Exen, € (hw(xi) = 1) (Vwhw(50) + V3 (LGS wi BISTY) . @D)
where s is the moving average estimator for tracking V)%AL()AL (w), w), and A’ is the current
estimate for A(w;). In our implementation, we employ the controlled data sampler provided
by LibAUC? (Yuan et al., 2023), which not only controls the number of positive and negative

2 https://libauc.org/
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Algorithm 5 Stochastic Optimization for Precision@ K /Recall@ K

Require: 19, 11, Y0, A1, st=0,21 =0, m; =0

Ensure: wr |

1: fort =1,..T do

2:  Draw a mini-batch 3, where the positive samples are denoted by 5
3: Update s’ = (1 — y)s’ + }/OV)%AL(A’, we; B)

4:  Update M1 =\ — noVy LA, wy; B)

5:  Compute a stochastic gradient G (w;) according to (21)

6:  Compute m;1| = ym; + (1 — B1)G(wy)

7: Update Wy = Wy — nmy4]

8: end for

samples but also ensures that positive samples precede negative ones in each mini-batch,
facilitating the computation of the expectation over 5.

We present the complete Precision@ K optimization algorithm in Algorithm 5. Since for
the same task, Precision@ K and Recall @ K differ only by a constant, this algorithm can also
be used to optimize Recall@ K. Note that the objective function for Precision@K in (20)
can be viewed as an extreme case of optimizing the top-K NDCG surrogate, involving only
one single lower-level problem. Therefore, we can analyze Algorithm 5 in a similar manner
and establish the same iteration complexity as K-SONG, i.e., O(e ’4).

Average Precision (AP) calculates the average precision each time a new positive (relevant)
item is retrieved for binary classification tasks, which is computed as

AP — Z r(w; Xi, St) 7

s, r(w; x;, S)
where r(w; X, S) denotes the rank of x w.r.t. the set S. Mean Average Precision (mAP) is
defined as the average of the AP scores calculated for all tasks (classes), with its top-K variant
calculated based on the items ranked within the top-K positions by their prediction scores.
The definitions of mAP and top-K mAP are:

mAP =— Z y —

qg=1 ll€8+

r(wx S)
r(wx S)

N +
_ 1 q r(w; x $ )

g=1 qES+

where we consider N tasks, where S, and S ; represent the total number of samples and the
total number of positive samples in the g-th task, respectively. It is worth to mention that mAP
provides a holistic view of model performance across multiple tasks and helps in assessing
models in various deep learning applications, including object detection (Ren et al., 2015),
information retrieval (Kishida, 2005), and natural language processing (Voorhees, 1999).

Noting that AP and top-K AP can be considered special forms of mAP and top-K mAP, we
proceed to present an optimization algorithm for mAP and top-K mAP. Similar to optimizing
the NDCG surrogate, we first replace r(w; x , S4) with a surrogate function, and introduce
the following objective for mAP:

mln——z Z

9=1xles;

x 'eS, Ix' e S;)Z(hq x'; w) — /’lq (X:i, w))
ZX’GS,, Clhq(X's W) = hy (X?; w))

)
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Algorithm 6 Stochastic Optimization for mAP/top-K mAP

Require: 7, v, B, ul = 0, u? = 0O,m; =0
Ensure: wr |
1: fort =1,..T do

2:  Draw some positive (relevant) Q-I pairs B = {(g, Xiq)} cS
3:  For each sampled ¢ draw a batch of items B; C S,

4:  for each sampled Q-I pair (g, X;I) € Bdo

S: Compute g(w;; x?, By ) according to (22)

6:  Updatew) ; = (1—yo)u) ; +lgwx{. Bl

7: Update uy ; = (1 = yo)us ; + yolg(wei x! . Byl

8:  end for

9:  Compute the stochastic gradient estimator G (w;) according to (23) or (24)
10:  Compute my | = Aymy + (1 — B)G (W)

11:  update w; ] = w; — nmy 4]

12: end for

where £(-) is a smooth surrogate function. We further employ
gws X', x!) = [1 € S0 (< W) = g (x5 W), L0y (K5 w) = g (L W) |

g(w; x?; Sy) = Eyes, g(w; X, x?) ‘R4 - R?,

fri® =21 RS R, (22)
52
and the objective can be converted into
1
min Fpap(W) := — (gw;x!, S,)),
min Fuap(W) = Z fai(g(wWix], 5)
(g.x;)eS

where S = {(g, xl.q), q € [N], x? € S;' }. Note that the above problem is also an instance of
FCCO problem like (3) for optimizing NDCG. Thus, we can employ the previously introduced
algorithm frameworks for the NDCG surrogate to optimize mAP. To this end, we first derive
the gradient of w w.r.t. Fipap:

1
VmeAP(W)=E > Vagwix! SOV fri(gwix! ST
(4.x))es
I \ 1 lsowix, Son )
=5 2 Vwswx(,8) — > ———3 .
| |(q xes [g(w, XisSq)]Z ([g(W,Xi,Sq)]z)

The major cost for computing Vy Finap (W) lies at evaluating function g and its gradient. The
stochastic estimator for Vy g(w; x:’ S4) can be simply computed by:

1 T
—— Y I € B )VEL(hy (s w) — hy(x!; W)
P B4 x'eB,
Vwg(W; x;, By) = )
1
—— > Ve(hg (s W) — hy(x]; w))
1Byl x'eB,

where B, denotes a mini-batch of samples from S, . To control the approximation error from
g, we employ two moving average estimators u}l, ; and uz, ; for tracking [g(w; x?, S¢)11 and
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[g(w; x; ,S )12, respectively. Thus, the stochastic gradient estimator is:
I
Gmap(W;) = Z Vwg(w: ,,B)( s = ’)2> (23)
(q x)eB i q,t

where B is a batch sampled from S. Similar to top-K NDCG, the objective of optimizing
top-K mAP is as follows:

Do I € SyIKD fo,i(e(wi X!, Sy,

min
weRd |S]| m
(q.x;)eS

where S, [ K ] denotes the set of top-K items in S,;. Then, for approximating the top-K selector

Ix! € S;[K1]), we employ the relationship I(x! € S;[K1]) = I(K — quesq I(hy (x’f.; w) >
J h

hy (xiq; w))), and approximate it by o (K — ijesq L(hy (x?; w) —hy (x?; w))), where o (+)

is a surrogate of the indicator function, e.g., the sigmoid function. Therefore, we have the
following smooth surrogate for top-K mAP:

1
Fuapok (W)= o Yo o K= D bty wy—hy W) | £ (g ws x! L S))).

|S
(g.xDes x?esq

To derive the stochastic gradient estimator for the above objective, we still employ u}l ;
and ué ; and use obtain:

I 1S4
Gmapak (W) = 1o D {o K= Y g 5 w)—hg (x5 w)

B
(gxeB 1B X?EBq
1 T
1 W,
- Vwgw; x!, By) IR ) (24)
uq i (uq,i)

where we employ the previously introduced stop-gradient techniques to avoid the computa-
tional overhead associated with calculating the gradient of the top-K selector. We demonstrate
the stochastic optimization algorithms for optimizing mAP and top-K mAP in Algorithm 6.
Since the objective functions for optimizing mAP and top-K mAP can be converted into
FCCO problems akin to that for the NDCG surrogate, we can similarly analyze Algorithm 6
and establish an iteration complexity identical to that of SONG, i.e., O(e _4).

9 Experiments

In this section, we evaluate our algorithms for optimizing NDCG and its top-K variant across
two domains: learning to rank and recommender systems. Experimental results demonstrate
that our algorithms surpass existing ranking methods in terms of NDCG. We also conduct
experiments to validate our algorithmic designs, including the moving average estimator,
initial warm-up, and bilevel formulation for top-K NDCG. A hyperparameter analysis is
performed to determine the impact of various parameters within our algorithms. Additionally,
to confirm the efficacy of our proposed Faster SONG/K-SONG, we compare them with the
variants that incorporate STORM estimators directly into our frameworks. Lastly, we evaluate
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Table 1 The test NDCG on two learning to rank datasets

Method MSLR WEB30K Yahoo! LTR Dataset
NDCG@1 NDCG@5 NDCG@1 NDCG@5

RankNet 0.5138+0.0008 0.515940.0003 0.706640.0006 0.7368+0.0005
ListNet 0.510540.0001 0.514610.0002 0.706610.0002 0.735240.0004
ListMLE 0.51534+0.0012 0.5136+0.0005 0.7067+0.0008 0.735340.0007
LambdaRank 0.5173+0.0014 0.5187+0.0003 0.7084+0.0003 0.735240.0004
LambdaLoss 0.5182+0.0009 0.5183+0.0007 0.7086+0.0005 0.735440.0005
ApproxNDCG 0.5204+0.0007 0.517940.0006 0.7085+0.0009 0.7350+0.0006
NeuraNDCG 0.5160+£0.0006 0.5155+0.0002 0.7076+0.0003 0.7349+0.0003
Smoothl 0.5236+0.0004 0.519340.0005 0.711540.0004 0.736440.0004
SONG 0.526540.0005 0.5206+0.0003 0.713140.0002 0.7390+0.0002
K-SONG 0.527140.0006 0.520440.0003 0.712840.0004 0.739440.0008
Faster SONG"! 0.5274+£0.0007 0.5219+0.0007 0.7130+0.0003 0.7397+0.0005
Faster K-SONG"! 0.5273+0.0005 0.52234-0.0004 0.7134+-0.0003 0.739240.0003
Faster SONGY2 0.5280+0.0006 0.5231+0.0003 0.712840.0004 0.740610.0004
Faster K-SONG"2 0.5282+0.0004 0.5230+0.0005 0.713140.0006 0.7408+0.0003

We report the average NDCG@K (K € [1,5]) and standard deviation with 3 different random seeds

Bold represent the best performance metrics

MSLR WEB30K

Yahoo! LTR dataset

o] 1 -l —
e 0.510 ] =+ RankNet =+++ Smoothl
z T b T RSN laars) Zz0.732 "7 LambdaL RIONG
0.505 | = ApproxNDCG Faster SONGV! (ours) p—— A_%rsrox?‘lgé% Faster Sgﬁjfrisv)‘ (ours)
- | B ListNet ... Faster K-SONG'! (ours) 0.7301 & e ListNet ... Faster K-SONG"! (ours)
| == INI:H:IaLIE\IDCG =+= Faster SONG*? (ours) o HStML\E\lDCG =+= Faster SONG"? (ours)
| — = Faster K-SONG"2 (ours) 0.728 eura — = Faster K-SONG"2 (ours)
0.500—*
0 20 40 60 80 100 0 20 40 60 80 100
Epochs Epochs

Fig.3 Convergence of different methods in terms of validation NDCG @5 scores

our algorithms for optimizing Precision@ K and top- K mAP on two graph classification tasks
to demonstrate the flexibility of our frameworks.

We compare our algorithms against the following NDCG optimization methods:
RankNet (Burges et al., 2005b), ListNet (Cao et al., 2007), ListMLE (Xia et al., 2008),
LambdaRank (Burges et al., 2005a), ApproxNDCG (Qin et al., 2010), Lambdal.oss (Wang
et al., 2018), NeuraNDCG (Pobrotyn & Bialobrzeski, 2021), and Smoothl (Thonet et al.,
2022). We do not compare with SoftRank (Taylor et al., 2008), as its o) complexity
is prohibitive. Similar to NeuraNDCG, PiRank (Swezey et al., 2021) also employs Neural-
Sort (Grover et al., 2019) to approximate NDCG, so we do not compare with it. For K-SONG,
we report its theoretical version results unless specified otherwise. The hyper-parameters of
all losses are fine-tuned using grid search with training/validation splits mentioned below.
We present the detailed implementation information in Appendix D.
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9.1 Learning to rank
9.1.1 Data

Learning to rank (LTR) algorithms aim to rank a set of candidate items for a given search
query. We consider two datasets: MSLR-WEB30K (Qin & Liu, 2013) and Yahoo! LTR
dataset (Chapelle & Chang, 2011), which are the largest public LTR datasets from commer-
cial search engines. Both datasets contain query-document pairs represented by real-valued
feature vectors, and have associated relevance scores on the scale from O to 4. Following Ai
etal. (2019), we use the training/validation/test sets in the Fold1 of MSLR-WEB30K dataset
for evaluation. The Yahoo! LTR dataset splits the queries arbitrarily and uses 19,944 for
training, 2,994 for validation and 6,983 for testing. We present the detailed information of
these two datasets in Appendix D.

9.1.2 Setup

We adopt the Context-Aware Ranker (Pobrotyn et al., 2020) as the backbone network, which
takes raw features of items in a list as input and outputs a real-valued score for each item.
We first pre-train models by initial warm-up, and then re-initialize the last layer and train the
model by different methods as mentioned before. In both stages, we set the initial learning
rate and batch size to 0.001 and 64, respectively. We train the networks for 100 epochs,
decaying the learning rate by 0.1 after 50 epochs. Our algorithms employ multiple estimators
involving several hyperparameters. For the moving average parameters y in the moving
average estimators, we adjust them within the range {0.1, 0.3, 0.5, 0.7}. For the additional
error correction parameters  in the MSVR estimators, their tuning range is {0.001, 0.005,
0.01}. Additionally, when optimizing top-K NDCG, we adjust K within the range of {50,
100, 300}.

9.1.3 Results

The results presented in Table 1 indicate that methods directly optimizing NDCG surro-
gates exhibit superior performance, aligning with findings from other studies (Qin et al.,
2010; Pobrotyn & Bialobrzeski, 2021). Our SONG and K-SONG consistently outperform
all prior baseline methods across both datasets, demonstrating their efficacy for LTR tasks.
Notably, Faster SONG/K-SONG shows better performance than SONG/K-SONG, suggest-
ing an improved iteration complexity. Moreover, the v2 type update is found to be more
effective than the v1 type update. We also present the training curves of our algorithms
alongside those of other baseline methods in Fig. 3, highlighting the faster convergence of
our algorithms.

9.2 Recommender systems

9.2.1 Data

We use two movie recommendation datasets: MovieLens20M (Harper & Konstan, 2015) and
Netflix Prize dataset (Bennett et al., 2007). Both datasets contain large numbers of users and

movies represented by integer IDs. All users have rated several movies, with ratings range
from 1 to 5. We use the most recent rated item of each user for testing, the second recent item
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Table 2 The test NDCG on movie recommendation data

Method MovieLens20M Netflix Prize Dataset
NDCG@10 NDCG@20 NDCG@10 NDCG@20

RankNet 0.0538+0.0011 0.0744+0.0013 0.0362+0.0002 0.0489+0.0003
ListNet 0.0660+0.0003 0.0875-+0.0004 0.0532+0.0002 0.0700+0.0002
ListMLE 0.0588+0.0001 0.0799+0.0001 0.0376-+0.0003 0.0508+0.0004
LambdaRank 0.0697+0.0001 0.0913-+0.0002 0.0531£0.0002 0.0693+0.0002
LambdaLoss 0.071240.0004 0.0929-+0.0004 0.0557+0.0004 0.0703+0.0006
ApproxXNDCG 0.0735+0.0005 0.0938+0.0003 0.0434+£0.0005 0.0592+0.0009
NeuraINDCG 0.069240.0003 0.0901+£0.0003 0.0554+0.0002 0.0718+0.0003
Smoothl 0.0739+0.0006 0.0952+0.0004 0.0566=+0.0003 0.0725+0.0004
SONG 0.0748+0.0002 0.0969-+0.0002 0.0571=£0.0002 0.0749+0.0002
K-SONG 0.0747+0.0002 0.0973-+0.0003 0.0573+0.0003 0.0743+0.0003
Faster SONG"! 0.0761£0.0003 0.0974+0.0004 0.0583£0.0003 0.0762+0.0003
Faster K-SONG"! 0.0760=+0.0004 0.0986+0.0003 0.0579+0.0003 0.0759+0.0004
Faster SONG"2 0.0765-+0.0005 0.0989-£0.0005 0.0588-+0.0004 0.07760.0005
Faster K-SONG"2 0.0757+0.0007 0.0995-£0.0003 0.0597-+0.0002 0.0765+0.0003

We report the average NDCG@K (K € [10, 20]) and standard deviation with 3 different random seeds

Bold represent the best performance metrics

MovielLens20M Netflix Prize
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Fig.4 Convergence of different methods in terms of validation NDCG@5 scores

for validation, and the remaining items for training, which is widely-used in the literature (He
etal., 2018; Wang et al., 2020). During training, we rank the relevant (rated) items with 1000
unrated items to compute validation NDCG scores. When testing, however, we adopt the
all ranking protocol Wang et al. (2019); He et al. (2020) — all unrated items are used for

evaluation.

9.2.2 Setup

We choose NeuMF (He et al., 2017) as the backbone network. All models are first pre-trained
by our initial warm-up method for 20 epochs with the learning rate 0.001 and a batch size of
256. Then the last layer is randomly re-initialized and the network is fine-tuned by different
methods. At the fine-tuning stage, the initial learning rate and weight decay are set to 0.0004
and le-7, respectively. We train the models for 120 epochs with the learning rate multiplied
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Table 3 We present the mean values and standard deviations of Precision@ K and Top-K mAP, where K is
set to 50, 100, and 300, across three different random seeds for the HIV and PCBA datasets

HIV Precision@50 Precision@100 Precision@300
Cross-entropy Loss 0.43+£0.05 0.28+0.03 0.16£0.03
Smoothl P@k Loss 0.46£0.03 0.31£0.07 0.18+0.04
Precision@k Loss (ours) 0.4740.05 0.331+0.06 0.224+0.02
PCBA Top-50 mAP Top-100 mAP Top-300 mAP
Cross-entropy Loss 0.4331+0.0009 0.3649+0.0011 0.35774+0.0014
Focal Loss 0.4782+0.0015 0.3957+0.0010 0.3814+0.0018
Top-k mAP Loss (ours) 0.5139+0.0017 0.4207+0.0013 0.4022+0.0019
Bold represent the best performance metrics
HIV PCBA
1.0
0.7
09 0.6
8 o
:8 0.7 § 0.4
C;t-) 0.6 é‘-”-3
—— Precision@k Loss (ours) —— Top-k mAP Loss (ours)
05 —— Smoothl P@k Loss 02 —— Focal Loss
—— Cross-entropy Loss 0.1 — Cross-entropy Loss
o4 0 20 40 60 80 100 0 20 40 60 80 100
Epoch Epoch

Fig.5 Training curves on two graph classification tasks

by 0.25 at 60 epochs. The tuning ranges for the hyperparameters y, 8, and K in our algorithm
are consistent with those used in previous learning to rank experiments.

9.2.3 Results

We evaluate all methods by calculating NDCG@K (K € [10, 20]) on the test data, with
results reported in Table 2. SONG consistently outperformed all previous baselines across
both datasets, achieving improvements of 3.30% and 4.32% in NDCG@20 over the best
baselines on the MovieLens20M and Netflix Prize datasets, respectively. Moreover, K-SONG
generally performs better than SONG. These results clearly demonstrate the effectiveness of
our algorithms in optimizing NDCG and its top-K variant. Additionally, Faster SONG/K-
SONG show faster convergence rates than SONG/K-SONG, as illustrated in Fig. 4. It is
worth to mention that the improvements from our methods on RS datasets are higher than
that on LTR datasets. The reason is that RS datasets have about 20,000 items per query, while
most queries in LTR datasets have less than 1,000 items (detailed statistics in Appendix D).
These results validate that our methods are more advantageous for large-scale data.
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Fig.6 Ablation study on two variants of SONG on learning to rank data MSLR Web30K and movie recom-
mendation data MovieLens20M

9.3 Graph classification for molecular property prediction
9.3.1 Data

To further demonstrate the advantages of our algorithmic frameworks, we conduct experi-
ments for optimizing Precision@ K and top-K mAP on graph classification tasks. We employ
the datasets HIV and PCBA from the MoleculeNet (Wu et al., 2018), which is a bench-
mark for molecular property prediction. The HIV dataset has 41,913 molecules with binary
labels, and the positive samples are molecules tested to have inhibition ability to HIV. We
employ this dataset to evaluate our Precision@ K algorithm. The PCBA dataset contains
437,929 molecules and the task on this dataset is to predict 128 different biological activ-
ities. Therefore we use PCBA to evaluate our top-K mAP algorithms. We use the split of
training/validation/test sets and node features of graphs provided by OGB (Hu et al., 2020a).

9.3.2 Setup

Many recent studies have shown that graph neural networks (GNNs) are powerful for graph
data analysis (Gao et al., 2018; Rong et al., 2020). Hence, we employ the widely used
graph isomorphism network (GIN) (Xu et al., 2018) as the backbone network for graph
classification. For both tasks, We set the number of layers and hidden state dimensionality
to 5 and 300, respectively. We train the models using different methods by Adam with 100
epochs and a learning rate of 0.001. For our algorithms for optimizing Precision@K and
top-K mAP, we tune hyper-parameters y and K in the ranges of {0.1, 0.2, 0.3, 0.4, 0.5} and
{50, 100, 300, 500}, respectively.

9.3.3 Results

We compare our method with several baseline methods in Table 3 and present the training
curves for these methods in Fig. 5. One can be observe that our algorithms perform well
on both tasks. Given the smaller scale of the graph classification task on the HIV dataset,
which features binary labels, we find that even simple cross-entropy loss yields satisfactory
results. The Smoothl method also demonstrates good performance. On the larger-scale PCBA
dataset, which encompasses more tasks, our method demonstrates significant advantages over
traditional cross-entropy loss and focal loss (Lin et al., 2017).
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Fig.7 Comparison of full-items and mini-batch training
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Fig.8 Comparison of theoretical and practical K-SONG
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Fig.9 Comparison of our bilevel NDCG@ K formulation and previous NDCG@ K formulation

9.4 In-depth analyses
9.4.1 Ablation studies

We now study the effects of the moving average estimators in our methods and initial warm-
up. We present partial experimental results on MSLR Web30K and MovieLens20M data in
Fig. 6 and full results in Fig. 14 in Appendix D. First, we can observe that maintaining the
moving average estimators enables our algorithm perform better. Second, we consistently
observe that initial warm-up can bring the model to a good initialization state and improve
the final performance of the model.
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Table 4 Hyperparameter analyses for y, 8, and K. We report NDCG@5 and NDCG@ 10 for the results on
LTR and recommendation dataset, respectively

y 0.1 0.3 0.5 0.7

MSLR Web30K 0.5201+£0.0007 0.5214+0.0004 0.52300.0005 0.52224-0.0006
Yahoo! LTR 0.7395+0.0005 0.7404+£0.0007 0.7408-+0.0003 0.739140.0004
MovieLens20M 0.0757+0.0007 0.0747+0.0004 0.0735+0.0006 0.0721+0.0009
Netflix Prize 0.05924-0.0004 0.0597+0.0002 0.0594+£0.0003 0.0583+0.0005
B 0 0.001 0.005 0.01

MSLR Web30K 0.5204+£0.0003 0.5230-+0.0005 0.5193+0.0006 0.517740.0002
Yahoo! LTR 0.7394+0.0008 0.7402+0.0006 0.7408+-0.0003 0.7380+0.0003
MovieLens20M 0.074740.0002 0.0757+0.0007 0.07424-0.0004 0.0731+0.0007
Netflix Prize 0.0573+0.0003 0.0597+0.0002 0.058240.0008 0.0571+0.0009
K 50 100 300

MSLR Web30K 0.5230-£0.0005 0.5226£0.0004 0.522140.0007
Yahoo! LTR 0.7392+0.0003 0.7408+0.0003 0.740610.0004
MovieLens20M 0.0741+£0.0008 0.0752+0.0006 0.0757+0.0007
Netflix Prize 0.0588+0.0009 0.0597+0.0002 0.05934-0.0004

Bold represent the best performance metrics

Learning to rank

B Faster SONGY!
UNI SONG+STORM
0707 @ Faster K-SONG'!
EEEE K-SONG+STORM

0.55

MSLR Web30K

Fig. 10 Comparison with STORM-style Variants

LibAUC vs Tensorflow-Ranking (TFR) on MovieLens 20M

Yahoo LTR Dataset

0.40
0.35 )
n R il
© s L"" > === TFR (GumbelApproxNDCG)
o iz Ve =:= TFR (ApproxNDCG)
Qo030 70 —= TFR (LIStMLE)
= ¥ L TFR (ListNet)
f |' LibAUC (ListNet)
0.25 i i =+ LibAUC (SONG w/o ListNet warm-up)
; LibAUC (SONG w/ ListNet warm-up)
A —— LibAUC (K-SONG)
0 20 40 60 80 100

Epoch

0.080

0.075

0.070

0.065

NDCG®@5

0.060

0.055

0.050

Recommender System

EEEE Faster SONGY!

N SONG+STORM
@ Faster K-SONG'!
EEE K-SONG+STORM

MovielLens20M Netflix Prize Dataset

Comparison on training time per epoch

FR TF| TFR TFR LibAUC  LibAUC
(ListNet) (ListMLE) (Approx- (Gumbel- (SONG) (K-SONG)
NDCG)ApproxNDCG)

Method

Fig. 11 Comparison of convergence (left) and training time (right) between LibAUC (ours) and TensorFlow

Ranking library

@ Springer



Machine Learning (2025) 114:42 Page 29 of 70 42

9.4.2 Comparison with full-items training

We compare three different training methods: full-items gradient descent that uses all items
in S, to computing g(w; X;], Sy) and its gradient, biased mini-batch gradient descent (i.e.,
set Yo = 1.0 in our algorithms), and our algorithms (i.e., with yp tuned). We employ these
methods for NDCG maximization on movie recommendation data, where the |S, | values are
much greater than that of LTR data, and present the results in Fig. 7. We can see that our
methods converge to that of full-items gradient descent, which proves the effectiveness of our
algorithms. We also provide the negative loglikelihood loss curves of three different training
methods for warm-up in Fig. 15 in Appendix D, and similar conclusions can be reached.

9.4.3 Theoretical and practical K-SONG

To verify the effectiveness of stop gradient operator, we present the comparison of theoretical
K-SONG and practical K-SONG on the left of Fig. 8. We observe that practical K-SONG
and theoretical K-SONG achieve similar performance on both datasets, which indicates that
the proposed stop gradient operator is effective in simplifying theoretical K-SONG.

9.4.4 The advantage of the bilevel formulation

To demonstrate the advantage of our bilevel formulation for optimizing the top-K NDCG
surrogate, we implement previous NDCG@ K formulation by modifying our Algorithm 1
for optimizing the NDCG@ K objective with ¥ (K — g(w, x)) in place of [(K > r(w; X)).
We compare these two formulations and present the results on the middle of Fig. 9, and we
can see that our bilevel formulation is more advantageous.

9.4.5 Comparison with STORM-style variants

To further demonstrate the effectiveness of our methods, we replace the MSVR estimators in
our Faster SONG"! /K-SONG"! algorithms with the STORM estimators, renaming the modi-
fied algorithms SONG/K-SONG+STORM. We compare the performance of these algorithms
across four datasets, with the results shown in Fig. 10. The figure reveals that simply using
the STORM estimator leads to poorer performance. This is due to the reasons explained in
Sect. 7: the STORM estimator cannot simultaneously control the twofold errors introduced
by sampling queries and the items for sampled queries when optimizing NDCG and top-K
NDCG.

9.4.6 The effect of hyperparameters

We study the impact of the following hyperparameters in our algorithms: y in the moving
average estimator, 8 in the MSVR estimator, and the value of K in top-K NDCG optimization.
We choose Faster K-SONG"? algorithm and present the effects of these hyperparameters
across four datasets in Table 4. We observe that y in the moving average estimator is quite
important and greatly affects final performance. Additionally, a smaller value of 8 in MSVR
tends to yield better results. Lastly, our algorithm is not sensitive to the choice of K. In Fig. 16
in Appendix D, we further demonstrate the impact of the parameter y on the convergence
rate during training.
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9.4.7 Comparison with tensorflow ranking

We implement our SONG and K-SONG in the LibAUC? library, and compare them with
four ranking methods, i.e., ListNet, ListMLE, ApproxNDCG, and Gumbel-ApproxNDCG, in
TensorFlow Ranking library4 (Pasumarthi et al., 2019) (TFR). All models are trained for 120
epochs on MovieLens20M with the learning rate 0.001 and a batch size of 256. For SONG
and K-SONG, we first train the models by initial warm-up for the first 20 epochs, and then
keep training the models by SONG or K-SONG for 100 epochs. We present the comparison
of convergence and training time per epoch in Fig. 11. We notice that our implementations of
SONG and K-SONG in the LibAUC library converge faster than the algorithms in the TFR
library, which indicates the advantages of our implementations in LibAUC.

10 Conclusion

In this work, we first introduce a novel compositional optimization problem to opti-
mize NDCG, and a novel bilevel compositional optimization problem for top-K NDCG.
Then, we develop innovative algorithms named SONG/K-SONG for these problems
with provable convergence. To overcome SONG/K-SONG’s suboptimal convergence rate,
we integrate advanced variance reduced estimators into our frameworks and introduce
two types of algorithms that utilize these estimators in different ways, referred to as
Faster SONG"!V2 /K-SONG"!"V2. We demonstrate these algorithms achieves both the opti-
mal iteration complexity for smooth non-convex optimization and parallel speed-up. To
demonstrate the flexibility of our frameworks, we further design efficient and provable algo-
rithms for other widely-used metrics including Precision/Recall@ K, mAP, and top-K mAP.
Comprehensive experiments on learning to rank, recommender systems, and graph classifi-
cation tasks demonstrate the effectiveness of our algorithms.

Appendix A Initial warm-up

The listwise cross-entropy loss can be reformulated as follows:

exp(hg (x];w)
i ¥ nestln

s, g &)

xles;
QA . .
NZN DI Y explhg (X —hy ()
Ixies; \vles,

The above objective has the same structure of the NDCG surrogate, i.e., it is an instance
of finite-sum coupled compositional stochastic optimization problem. Hence, we can use a
similar algorithm to SONG to solve the above problem. We present the details in Algorithm 7.

3 https://www.libauc.org

4 https://www.tensorflow.org/ranking
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Algorithm 7 Stochastic Optimization of Listwise CE loss: SOLC

Require: 7, By, B1, ul =0, m; =0
Ensure: wr
fort=1,...,T do
Draw a set of queries denoted by Q;
For each query draw a batches of examples {Bq+ R Bq}, where B,;r denote a set of sampled relevant
documents for ¢ and B; denote a set of sampled documents from Sy

for x;] c B[l" for each ¢ € Q; do

ugt_l =(- yo)u;,i + yoﬁ Zx/qu exp(hg (x'; W) — hg (X; W))
1
Compute py,; =1 /utq'f'i
end for

Compute gradient

1 1 1
G(Wt)ZET? Z Z Z I’q,ivw(hq(X?JWt)—hq(xﬁliwt))
1Q:1 185 | B4l y
q 9€Q1 x! B x By

Compute my | = Bym; + (1 — B1)G(W;)
Update Wy = Wy — nmy 4|
end for

Appendix B Justification of stop gradient operator

Below, we provide a justification by showing that the second term in (9) is close to 0 under
a reasonable condition. For simplicity of notation, we let y; (W, Ay (W)) = ¥ (h (X?, w) —
)Ahq (w)). Its gradient is given by

Vel = ¥l (W, Ay (w))(vwh(x? W) = V2, Ly (W, by (W)[VELy (W, Ay (w))r‘>.

For the purpose of justification, we can approximate ¢ (h,(x;; W) — A) = 1ylog(l +
exp((hy(x;; W) — A)/71)) by a smoothed hinge loss function, «(hy(x;; W) — A) =
maxy a(hy(X;; W) —A) — r1a2/2, which is equivalent to

0, hy(Xi;w) =2 <0

w32
ehg (xis w) — ) = | LaBEWZAT 0 <hy(x; W) — A <1

hg(Xii W) —A— 3, hg(Xi; W) — A > 11

Please refer to Fig. 12 for the curves of [-]4 and ¢(-) and « (-). Below, we assume L, (W, 1)
is defined by using « (14 (x;; W) — A) in place of ¢ (g (X;; W) — A).

For any w, let us consider a subset C;, = {xl.q € S;’ : hw(x?) — )A»q (w) € (0, 71)}. It is not
difficult to show that

N 1 —dwh(x?:w) A
Varkg(Wig(W) = = 35—, ViLy(W, Ag(w)
qx:.’GCq !

1 1 1

= — — 4 R — -
N, 2 N

7 xiec, o 1 xiec, o
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[2]4 = max(z,0) p /:«1
o(x) =7 In(1 + ) P /‘,/{
------ K(x) = mMaX,eo,1] AT — D,_%) ) /.A[
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Fig.12 Curves of [-]4, ¢(-), and k (-)

for sufficiently small 7y, 7o. Then we have

VLW AW) 1o oo
VZLy(W, hg(W) 1y W

q
x; €Cqy

Assume that ¥ is chosen such that 1//{(w, Ag(w)) ~ 0 if hw(X?) — Ag(w) ¢ [0, 7], and
Yl (W, kg (W) = c1and fy i (g(W; X[, 89)) & ¢2 if hw(x]) = hq (W) € [0, 1], then we have

1
Y Vwvifgiewix! .Sy ~cier Y | Vwhwxiw) + == Y —Vwh(xfsw) | =0
q q ‘qu
X; €Sy X; eCy

x?ecq

As a result, when 77 is small enough the condition 1//{ (W, Ay(w)) =~ 0if hw(x’j].) —Ag(W) ¢
[0, 711, and ¥/ (W, 4 (W)) ~ c if hw(x(jl.) — Aq(w) € [0, 71] is well justified. An example of
such v (+) is provided in the Fig. 13. As a result, with initial warm-up, we can compute the

gradient estimator by
|

Gow) = 7 > pgiVégiw),
(¢.x)eB

which simplifies K-SONG by avoiding maintaining and updating s ;.

Appendix C Algorithm implementation details

Our algorithms for optimizing top-K NDCG involve two second-order derivatives of the
function L, when computing the stochastic gradient estimators. In this section, we will
describe how these quantities are calculated in our implementation.

Recall the formulation of L,

K +e€ ., 1 hg(Xi; W) — A
L, (w), wi; By) = A —A" 4+ — ln{l+4+exp LT—-7——)).
9\q 5 Bt N, 2 |Bl|x§’5, p T
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We first compute the first-order derivative of function Ly w.r.t. A as follows

hg (Xi;W)—A
exp <7" o )

hg (Xi;wW)— )L)

T

K +¢ 1
ViLy (k’ w), w;; B) = 7+r2k+f
Ny | f| B, 1+exp<

Leto(x) = H? = e" +1 denote the sigmoid function, then the above equation can be
simplified to
, K + 1 hg(Xi; W) — A
V)»Lq()\’q(w)th;Bt) = N | | g 1’7 .
! x; €B; 1
Further differentiating w.r.t. w, we obtain
1 hy(Xi; W) — A ho(Xi; W) — A
V2 Lolw).w:B) = — Y —o (2 TN (2 W T2
rwla( q( )> Wi Bp) |Bt|X§3 0( T o T
1 1
Vwhg (Xi; W)
T ’

where we employ the fact that o’ (x) = o (x)(1 — o (x)).
From the above equation, it can be seen that the original second order derivative
V)%,qu (A; (W), w;; B;) equals to the first-order derivative Vyh,(x;; w) multiplied by a

weight —o (W) (1 —0 (W)) Therefore, in our implementation, we design

the following loss function for calculating Vf,qu (k; (W), wg; By)

1

Lo, =—ng Y hg(Xi; W) — A l—o hg(Xi; W) — A thq(XiQW)’
Awd |5’r|x_€8t 7| 7| 7

where sg(-) denotes the stop gradient operator. In this loss function, the weight component
can be directly calculated, and the stop gradient operation is used to prevent gradient back-
propagation. For Vyh, (x;; W), we set h, (x;; w) as the the differentiable part, allowing the
automatic differentiation framework to compute Vi g (x;; W). Thus, differentiating such loss
function ultimately yields the desired second-order derivative.

The computation for the function V)%)\Lq (Aﬁl (w), w;; B;) is straightforward. We can
directly derive its specific form:

1 h i — A h i — A 1
V%AL,I()»;(W),W,; B =1+ B Z o (%) (1—0 <%))?
By 1 1 1

x; €B;

Appendix D Experiments

MSLR-WEB30K? and Yahoo! LTR dataset® are the largest public LTR datasets from com-
mercial English search engines. We provide the statistics of these two datasets in Table 5.
In MSLR-WEB30K dataset, there are 5 folds containing the same data, and each fold ran-
domly splits to training, validation, and test sets. Due to privacy concerns, these datasets do
not disclose any text information and only provide feature vectors for each query-document

5 https://www.microsoft.com/en-us/research/project/mslr/

6 https://webscope.sandbox.yahoo.com
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Table 5 Statistics of learning to rank datasets

Dataset MSLR-WEB30K Yahoo! LTR dataset
Query 30,000 29,921

Q-D pair 3,771,125 709,877

max Q-D pair per query 1,245 135

min Q-D pair per query 1 1

Table 6 Statistics of recommender systems datasets

Dataset # users # items # interactions sparsity
MovieLens20M 138,493 26,744 20,000,263 99.46%
Netflix Prize dataset 236,117 17,770 89,973,534 97.86%

pair. For these two LTR datasets, we standarize the features, log-transforming selected ones,
before feeding them to the learning algorithms. Since the lengths of search results lists in the
datasets are unequal, we truncate or pad samples to the length of 40 and 100 for Yahoo! LTR
dataset and MSLR-WEB30K when training, respectively, but use the full list for evaluation.

MovieLens20M’ contains 20 million ratings applied to 27,000 movies by 138,000 users,
and all users have rated at least 20 movies. Netflix Prize dataset® consists of about 100,000,000
ratings for 17,770 movies given by 480,189 users. We filter the Netflix Prize dataset by
retaining users with at least 100 interactions to cater sufficient information for modeling. In
both datasets, users and movies are represented with integer IDs, while ratings range from 1
to 5. The statistics of these two datasets are shown in Table 6.

For the experiments on two LTR datasets, we adopt allRank framework Pobrotyn et al.
(2020). We implement some baseline methods based on their code. For the recommender
systems experiments, we use ReChorus framework Wang et al. (2020), and follow the scripts
in ReChorus to preprocess the datasets. We train our models on one Tesla V100 GPU with
32GB memory. The training on the Context-Aware Ranker model takes about 2~3 hours for
convergence, while the training of the NeuMF model takes about 8~12 hours for convergence.
For the experiments on two molecular datasets, we adopt the code base from OGB®.

More experimental results are provided in this section. The full ablation studies on four
datasets are presented in Fig. 14. We provide the negative log-likelihood loss curves of three
different training methods for warm-up in Fig. 15. We also study the effect of varying
and report the training curves of warm-up and SONG in Fig. 16. We observe that yp = 0.1
achieves the best performance in most cases. Setting yp = 1.0 is equivalent to update the
model with a biased stochastic gradient, which leads to the worst performance. These results
signify the importance of moving average estimators in our methods.

7 https://grouplens.org/datasets/movielens/20m/
8 https://www.kaggle.com/netflix-inc/netflix-prize-data

9 https://github.com/snap-stanford/ogb/tree/master/examples/graphproppred/mol
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Fig. 14 Ablation study on two variants of SONG on four different datasets
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Fig. 16 The effect of varying yq for warm-up (top two) and SONG (bottom two)

Appendix E Convergence analysis for SONG and K-SONG

As we point out in Sect. 3, NDCG can be seen as a special case of top-K NDCG. From the
perspective of optimization problem, if we set the ¥ (-) function in problem (6) for optimizing
top-K NDCG as a constant function, the problem will reduce to problem (3) for optimizing
NDCG. Hence, Theorem 1 naturally follows from Theorem 2, of which the proof will be
presented in the this section.

Before analyzing the convergence for K-SONG, to simplify the notations, we first reorder
the set of S so that each pair (g, x?) has a new single index i, and we abuse the notation
S denoting the set of the new indexing . Then we employ ¥; (w, A,(W)) and f;(g;(W)) to
represent ¥ (hy (x;’ ; W) —Xq (w))and fy ; (g(W; x:’ , 84)), respectively. Now the compositional
bilevel optimization problem becomes:

, 1
min F(w) == D (W, g (W) fi(gi (W)

ieS
s.t. Ag(w) = arg mkin Ly(w, 1), Vg € Q, (25)

which allows us to restate K-SONG as Algorithm 8 accordingly. Throughout this convergence
analysis section, all subscript g represents the variable or function corresponding to query q.
The following auxiliary notations will be used:

Sir = IA(We) = A2, Sgr = llg(We) —u' |2, Spais = IVE LOU(W,); w,) —s' |12

Besides, we employ E[-] to represent the expectation over the randomness of the algorithm
until the current iteration, and [E,[-] to denote the expectation over the randomness at iteration
t. We make the following assumptions regarding problem (25).

Assumption1 (i) Functions v;, fi, g; are Ly, L 7, Lg-smooth and Cy,, C s, C,-Lipschitz
continuous respectively for all .

@ Springer



Machine Learning (2025) 114:42 Page 37 of 70 42

Algorithm 8 Restate K-SONG with new indexing
0

Require: wp, my = 20 =u
Ensure: wr

1: fort =0,1,..., 7T — 1 do

2:  Draw some relevant Q-1 pairs B’ = {(g, x;{)} cS
3:  Foreach g € B draw a batch of items Bg c &y

(1= yo)u! + yogi (wi; BY) ifi e B

=50 =0.0. % B1. n0. m

4:  Compute uf‘H = !

ul’. 0.W.

M=oV Lg(we, AL BL) ifg e B!
5: Compute)»[q'H ={ q n0VaLqWe, g5 By) it q

Aq 0.W.

i1 A= ysh + ¥ VE Ly(we 2L BY) ifg e B!

6:  Computes,” =1,

Sy 0.W.
7:  Compute stochastic gradient estimator G (w;) according to (26)
8 myyy = pgimy; + (1 - B1)G(wr)
91 Wbl =W —npmyg
10: end for

(ii) Functions v; and f; are bounded by By, and B respectively, i.e., ||y; (W, A)|| < By
and || fi(g)|| < By forallw, 4,1, g.

(iii) Functions L, are Ly -smooth and juz -strongly convex, i.e., Ly I > VfALq (W, A; B) =
url, forall g.

(iv) Unbiased stochastic oracles g;, Vg;, Vi Lg, V/%AL,], szvqu have bounded variance o2,

V) IV2,Lg(w, MI> < C3.,,, VaLg(W, 1), V2, Lg(W, 1), V2, Ly(W, 1) are Lz;, Liws,
Ly ;-Lipschitz continuous respectively with respect to (w, 1) for all g.

Remark 1 For (i) and (ii), we consider the squared hinge loss £(hq(X'; W), hy(X; W) =
max{0, hy (x'; W) — hg(x; W) + c}* where ¢ is a margin parameter. Suppose the score func-
tion and its gradients i, (X; W), Vywh, (X; W), szvhq (x; w) are bounded by finite constants
ch, iy, cpr respectively. As an average of squared hinge loss, function g;(w) in (25) has
bounded gradients Vg; (w) < 8cjcjy and Vzgi (w) < 80%, + 8¢y for eachi € S. Hence
gi is Lipschitz continuous and smooth. Moreover, with m > 2cy,, there exists ¢, > 0 such
1 12

Zg logy (Ngg+1)
is thus bounded, Lipschitz continuous and smooth for each i = (g, X?) € S. For func-
tion v, = Y(hy (x?; w) — A4(W)), we consider the logistic loss, then ; is naturally
bounded. Next, we consider the Lipschitz continuity and smoothness of ;. Since the
lower-level problem L, in (25) is smooth and strongly convex, according to Lemma 4.3
proved by Lin et al. (2019), A,(w) is Lipschitz continuous. Additionally, by leveraging
the assumption that h,(x; W), Vwh, (X; W), szvhq (x; w) are bounded, we can verify the
smoothness of A, (W) by calculating the bound of its second-order derivative. Finally, using
the above properties, we can compute the bounds for ||Vl[f(hq(X?; W) — Aq(W))| and
VY (hg (xI; W) — Ag(W1)) — Vi (hg(x]; W2) — Ag(W2))| to verify that ; is Lipschitz
continuous and smooth.

that £(h, (X1; W) — hy(X2; W)) > ¢ for all Xy, X2. Function f; (g) = f,,i(g) =

Remark 2 Assumption (iii) is made in many existing works for SBO (Ghadimi & Wang, 2018;
Hong etal., 2023; Chen et al., 2022). We prove the smoothness and strong convexity of L, in
Lemma 4. The strong convexity of L, implies the lower bound y = 12 of Vy;, Ly (W, A; B).
Assumption (iv) is also standard in the literature (Chen et al., 2022; Guo et al., 2021a).
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Remark 3 For assumption (v), one can verify the Lipschitz continuity of V2 Ly (; w) and
VM L4 (X; w) by taking the third-order gradients w.r.t. L, (A; w) and using exp (M)
0 and the assumption of the boundedness of i, (x; w) and its gradients.

By using the implicit function theorem, the stochastic gradient estimator of V F(w;) in
Algorithm 8, i.e., G(w;), is given by:

1 1 _
B Y Gilw)= B 3 {[vww,- (We, 24y = Vi L (We. 23 BYIsy 1™ Vo (we, 24 | fi )
ieBt ieBt

+ i (We, M)V gi (Wes BY)V fi (uf) ¢ (26)
Now we restate Theorem 2 as follows to include the specifics of the parameters.
Theorem 4 (Restate Theorem 2 with parameter specifics). Let F(wg) — F(W*) < Ap and

Assumption 1 hold. Apply K-SONG in Algorithm 8 to solve the problem (25) with the following
parameters:

N 2 1 2 2
WoSmin{Mé, , HLE },Voi[,e},ﬂlzl— <

2 2 C ’
L2 |Blus 48C1o0 2796Cs0 12 (Tg + c902)
, 2 S B L s A L e 7 B2y
S\ Gecaz [T S ™M 5 anIcc? GISECC2 ISON2CALE )
96C70 3202 64N2C1oC} 641SI2CoCa 256N2C7L3,, (1+C3)
_— 30AF 1SE[|VF(wo) —myl|?] 30Ci08r0 30Cedg,0 60C781)1.0
| me?’ yie? "1Blnonre?’ 1Blyoe? T 1Blyje?
We have
2 2
E[IVF(w)[I'] < €

where T is randomly sampled from {0, ..., T}, Cg, C7, Cg, Cg, C1g are constants defined in

the proof, and L is the Lipschitz continuity constant of V F (W).
To prove Theorem 4, we first present some required Lemmas.
Lemma5 Under assumption 1, F (W) is L p-smooth for some constant Ly € R.

Lemma 6 Considerthe update wi+1 = Wy —n1my 1. Then under assumption I, withn Lr <
%, we have

11 ni m
FWey) < F(Wo) + S IIVF (W) = my 1> - EHVF(w,)n2 - anmnz.

Lemma?7 (Lemma 4.3 Lin et al. (2019)). Under assumption 1, L,(w) is C;-Lipschitz con-
tinuous with C,, = Ly /uy forallg =1,...,N

Lemma 8 Consider the updates in algorithm 8, under assumption 1, with no <
mm{,uL/L , \B\uL}We have

2N ANnoTo? 8N3c2 2l
ZE[(SM oo+ . ;Z lim o l?1 @7)
|Blno e

nrL =0
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Lemma 9 Consider algorithm 8, under assumption 1, with yo < 1/2 we have

8|S|3C27}2 T—1
S LS Ellmea ] @28)
ERY:

T

21S| >
D Elbg] < 850+ 8ISIno’T +
pars 1Blyo part

Lemma 10 Consider algorithm 8, under assumption 1, with yé < 1 we have

T -1 372 24,2 T-1

4N 32N3L%. . (1+CP)p
D Elsri ] < 81,0 +32L7 5, ) ElS: 14+8NygTo” + Ll LS " Elimy g 117]
1=0 IBlvg 1=0 IBIZyy 1=0

Appendix E.1.1 Proof sketch

Before presenting the formal proof, we first outline the intuition behind it. Here are several
key points of the proof:

1. Starting with Lemma 6, it is evident that the quality of the final solution (denoted as
IV F(w,)|) is related to the approximation error of the stochastic gradient estimator my
during the optimization (denoted as |V F (w;) — myy1]|).

2. In the proof, we begin by decomposing ||V F (w;) — m; || and demonstrating that it can
be bounded by the approximation errors of several crucial inner functions (refer to (31)).

3. Subsequently, by incorporating the approximation errors of these inner functions (as stated
in Lemma 8, 9, and 10), we can derive the detailed bound for ||V F (w;)|| (refer to (36)).

4. Finally, by setting appropriate parameters, we obtain the expression for the number of
iterations required to achieve an e-stationary point (see the end of the following proof).
This completes our proof.

Appendix E.2.2 Innovations in proof techniques

First, we analyze the SONG algorithm. Inspired by the average precision maximization algo-
rithm SOAP proposed by Qi et al. (2021), SONG uses a moving average estimator and
establishes a convergence rate of O(e —4), which is better than the O (e ) convergence rate
established by SOAP. We attribute this improvement to the use of a simple yet effective
momentum-style stochastic gradient estimator m, and a more refined analysis. Specifically,
we can focus on the term ||w; | — W, |I? in the proofs of both SOAP and SONG. In Lemma
2 of SOAP, ||w, 41 — w,||? is simply bounded by a gradient norm constant. However, in
Lemma 6 of our SONG, however, we first use the definition of m; and perform an equiv-
alent transformation on the cross term VF (w,)T(w,H — w;). This allows us to transform
VEW) (Wit — W) and [Wysq — w; | into | VF(w,) — my4|1? and a negative [Im, |
term. This negative term then can cancel out the positive |jm,||> term that appears in the
bound of |[VF(w;) — m;4 ||2 (refer to (36)), thereby tightening the bound and ultimately
improving the convergence rate.

For K-SONG, the key difference from Guo et al. (2021a) is our implementation of parallel
speed-up in lines 9—12 of Algorithm 2 and the introduction of new proof techniques to control
the estimation error of lower-level solutions. The core steps of our proof are as follows. First,
we denote ):; as the lower-level solutions updated in the z-th iteration, and use its update rule

to derive the estimation error bound ||5»f] — Ag(Wy) 112

Bl — 2 WolIP] < (1 = ©(o)) 1M, — 2g (W)lI> + O (nge™),
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where we employ ©(-) to omit some constants. Then, using the property of conditional
expectation, we can establish the estimation error for all lower-level solutions in the #-th
iteration

]
N

At last, using Young’s inequality and the above bounds, we can derive the final recursive
error bound for all lower-level solutions:

N — |B|
EdIAG = ag(wo)*] = v

E 1%, — 2gWOIIP] + 1AL, = ag (w12,

1
B [IA5T = hg Wi D121 < 14O Gro)E, 124 —xq<wt>||2]+(1+m>m|xq Wr1)—hg (W) 1%

) 1
< (1=Om) M, —2q (wl)|\2+(~)(n§az)+MEI[HWM —wi %1,

where (%) holds under certain parameter settings. Details can be found in the proof of
Lemma 8.

Proof of Theorem 4 In proving algorithm convergence, the most critical aspect is establishing
the error bound between the stochastic gradient estimator m;; = (1 — y)m; + Y1 G(w;)
and the ground truth gradient V F (w;) in the algorithm. We begin the proof by analyzing the
error bound for |V F(W;) — m;4 |12. Recall that

1
VEW) = o > [wa,-(wt, hg (Wp))

ieS
— VarLgWe, kg W)V, Ly (Wi, dg (W)™ Vi (wi, 2y (w,))}fi(g,- (W)
+ Vi (Wi, Ag(W))Vgi (W)Y fi(gi (Wy)),
1 _
G = g > [vwwi(wt, M) =V Ly(wi, My B))Is, ] 1vm(wf,qu>}ff<u§)
ieB!
+ i (We, Ag)Vgi (Wes BV f; (uj).
One can observe that VF(w;) and G(w;) differ significantly in form. To assist in our
proof, we define the following auxiliary function V F (w;, A"):
1

VF(w;, \) = S

> V(w2

ieS

=1 [vaf,-(wt,A;)—Vv%qu(whA;)[s;rlvwmw,,Ai,)}f,-(u;)
ieS

+ Ui (Wi, M) Vi (W) V fi (up).
Note that the difference between V F(w;, A') and G (w;) lies in that V F (w;, A") is com-

puted over all samples |S|, while G(w;) is computed on a mini-batch 5’. The distinction
between VF (w,) and VF(w;, ") is that V F (w;, A") substitutes the estimators s;, u!, and
A; for V,%ALq (W, Mg (W), gi (W), and A4 (W) used in V F(w;), respectively.

We can now employ the update rule m;; = (1 — y;)m;+y; G (w;) in Algorithm 8, where
y1=1—p1, and establish the following error bound:

Ee[IVF (W) = my g 1] = E[IVF (W) — (1 = ypm; — y1G(wp)|]
= E (A=) (VF (W) —mp) + (1 =y ) (VF (W) = VE (W, ) +y1 (VF (W) = VF (W, 1))
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+ Y1 (VE W, 21 — Gw)l?]

DR 11—y (VF 1) —m) + (1= y1)(VE (W) =V F (Wi 1)+ 71 (VE (W) =V F (we, 2|2
+ ly1(VE(we, A1) — Gw) 2]

< A4y A=y IVE W) —my 12+ B [V F (Wi, 21— G (wo) 1]

1
+2 (1+;) |:||VF(Wt)—VF(Wt71)” +vi HVF(Wz)—VF(WtJ»t)IIZ]

1
< (A—yDIVF(W,—1)—mg|> +2 (1 + E) [szuwf — w112 4+yE IVF (W) —V F(w, A’)HZ}

+ Y2 EIVE(we, &) — Gwp) 121, (29)
®

where [E;[-] takes expectation over the randomness at iteration ¢, auxiliary function
V F(w;, A") is introduced in the second equality, inequality (@) follows from E,[G (w;)] =
VFw, AN, (b)isdueto |la+b|% < A+ B)llal> + A + %)||b||2, and the last inequality
isdueto (1 +yp)(1 —y1) < 1.

Next, we establish the error bounds for @) and ®) in (29). The core idea is to first expand
the functions according to their definitions, then decompose the resulting expressions using
the inequality ||x; + - - - + xu |12 < nl|x1]|2 + - - - + n||x,||?. For (@), we achieve

® = IE:[HVF(wt) — VF(we, ADI1%)

Zﬁllvw%(wzykq(wt))[fz (8i (W) — fi (u})] 12
ieS

+OI [V (We, 2g (W) — Vg i (We, A1 (w12

+ 120I[VE; Lg(We. hg (W) =V, Lo (Wi, MDIVE Lg(We, dg (W)l ™!

Vi (W, 2q (We) £ (g (W) |2

+ 120V, Lg (Wi, ATV L (We, Ag (WD) 1™ VAW (We, hg (We)) = Vo (we, A1 (i (W) Il
+12]| Vs Lg (We, ADIVE, Lg(We, ag (W)™ Vi (we, 1)L (8 (W) — f; ()]

+ 12V, L Wi D [IVE Lg Wi g W) ™" = [s) 17 Vi (we, L) £ a2

+ 61113 (Wr Ag (W) — i (W, ATV 8 (W'Y f; (g (wi)1?

+ 611 (W, M) Vg (WOIV fi (g (W) — V f; (])1%.

IS\

To further bound the RHS of the above inequality, we leverage the Lipschitz continuity
and smoothness properties of the relevant functions assumed in Assumption 1, yielding the
following bound:

6C3C% 12C2 ,C3C% 6B3C2L?
_< I w7 OB gy P

S| 1318 |S|
12C} ., C B
2 12
ﬁ”me(WmA(WO)—S ll
2 p2 2 2 p2 2 2 p2 202
. 6L3 B} 12L7,.C} Bf+12CLwAL¢Bf 6C;C7 o) — 3P
N 3N ui N N
Cq C7 Cs
. + 8 +78 9
4|S| 8l TN LAt IN ALt
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where Cs, Cg, C7 are properly chosen constants. Given the previously mentioned difference
between V F(w;) and VF (w;, A") regarding the use of estimators, it is reasonable that the
bound here is related to the error bounds of these estimators.

Similarly, we can establish the following error bound for part ():

® = EIVF (W, A') = Gw)|*]
2

<, |2 S F w2~ S Fw )
IS] 18]
ieS icB
2| e S VR - e 3 Giw)
1Bl 1B
ieB icB
12c2
= V\B| ‘*/fi (Wi, kg)[Vgi (We) = Vi (wes BV f; ]

1 _
+2Et[® 3193 L Wi 2 = 2 L v, 3y BT Vi (v, 24
ieB

2 2 B

12C C
12C3 B + % +12B3 C3C% C3 B}o? Cs
< . B2 (2 — + C
= B P B et = g+ Coo?

Intuitively, the difference between V F (w;, A') and G (w;) lies in the fact that the former
uses full data for computation while the latter uses mini-batch data. Therefore, the final bound
is actually related to the batch size || and the variance o.

By substituting the bounds for @) and () into (29), with the natural assumption y; < 1,
we can derive the following bound:

E(IVF W) —me 1 [*] < (A=y) | VF (wi1) —m, ||°

+— 4 [[m || + + 2 €6 + 8 + Cs —+C
o?
» F’h t—1 V14N I Vl 43| gt 7/1 IN LAt J/l IB] 9

(30)
Take expectation over all randomness and summation over r = 1, ..., T, we obtain:
T a2 I cs &
Y EIIVF(w) —myp|*] < —E[MVF(wo) my 121+ —5L S Bl 21+ =2 Y ELS; ]
t=0 4 t=1 N =
Cg
|3| ZE[5g1]+ ZE[SLM 1+ <®+C9U >T~ (€19}

In Lemma 8, Lemma 9, and Lemma 10, we have proven the bounds for Ztho E[85 1,
Z,T=o E[8,,;]and Ztho E[81x1.:], respectively. For the convenience of the reader, we provide
the specific inequalities here.

2N ANnoTo?  8N3C2p? T2
Z]E[s“]_ B S0+ LA B a 3 D ElmelPl G2
=0 KL IBISngu 155
218 8|$|3C2 -
ZE[Bgt] < |B'| 5.0+ 81510 B it L1 Z Efflm, 1171, (33)
t=0 =0
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T T—1
4N
Y Elbrii < WSLA)\,0+32L%MZ]E[(Sx,z]-i-SNVéTUZ
=0 Yo =0
32N3L2, (1 + C2yp? T
ngzy/z AL Ellm 1% (34)
0 t=0

By plugging the above three inequalities into (31), we obtain

T

D ENIVF(w) — myp])?]
=0
1 20, 4CionoTo?  2C
< —E[IVF(wo) —my |1+ 05, g+ N2 O 5 0 +8Cer00’T
71 [Blnowr, 753 [Blyo

4C C
+ 775“\)“,0 + 8C7yéT02 + )/1(*8 + C902)T

1Bly 1B
2.2 2 2.2 2 2.2 2 2 2v,.2 T

4L%n3  8N2Ci1oCin}  8ISIPCeCyny  32N2C7L3,, (1 + CHnd S Elm 12 (35)
vE \BI2n3u? \BI2yg B2y =

where C1g = C5+32C 7L% 5. Recalling Lemma 6, which primarily relies on the smoothness
of function F, we have

m M 1M
FWey) < FWo) + ZIVFW) = myp |2 = ZIVE W) I? = 2 mg ),
To ultimately prove the conclusion regarding the stationary point, we move the term
[|V F(w;)||? to the left side and the remaining terms to the right side, then sum both sides over

t. Notably, the F (w;) — F (w4 1) terms can cancel out each other. Finally, by substituting (35),
we can establish the following bound:

T
1 2
ng[\|VF(w,>\| ]

<1[E[HVF(W0)—m1II2] 2C1082,0 | 2C684.0 4C75LAA,0:|
T % IBlnour — |1Blyo 1Bly)

2[F (wg) — F(w* 4C o2 C
[F(w) = FOVL | 4C10m00™ | g2 | geois? 4, (78%952)

mT nr IBI
1 [41202  8N2C1C22 BISPCeCI?  32N2CIL2,, (1 +Co 1 i]E[”m 21
— . t :
T v} B2z IB2yg 1B yg? g

(36)

Next, we can eliminate the Zthl E[||/m,||?] term by appropriately setting 7 by

. < min vi  IBPngus 1BI%yg IBI?y?
' 32127 64N2C1pC2 64|SPPC6C2" 256N2C7L2,, (1+C2) |
thus we obtain

4L%n?  8N2C1oC2p?  8ISI*CeCint  32N2C;L3,, (1 + ChHn?
vi 1B2ngug 1B2y5 1B2yg

<0,

N =
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which implies that the last term of the RHS of inequality (36) are less or equal to zero. Hence

1 < 4Cyonoo? Csg
71 2 EUVFwI < — 8Csy0” +8Cry50” + (— + cgo—2>
=0

IB|
+ 2[F(W0)—F(W*)]+ 1 [E[||VF(WO)—m1||2] 2C1082,0 | 2C684.0 4C75Lm,o}

mT T 7 \Blnour — 1Blyo 1By
(37)

T+

To satisfy the criterion for a stationary point in the definition of algorithm convergence,
we need to ensure that the right-hand side of the above equation is less than €2. To achieve
this, we can set the values of 7o, )0, y(;, y1 and T as follows

€2 2 , €2 €2

I €
0= , 00 = Vo = B B ——
48C 002 96Ce02" "0 = 96C52 Iz(l%sl + Coo?)

Ui

- 30[F (wo) — F(w")] 15E[|VF(wo) —my[|>] 30C108,,0 30Ce8g.0 60C78131.0

T > . , , ,
nie? y1€? \Blnopre?’ Blye? ~  |Blyje?
and finally we have
L XT:E[HVF(W WA < le + la e
T+1 4 PRI =30 T3 '

From the values of 79, y0, ¥, ¥1 and T, we can conclude that when 7' = O(1/€%), the
algorithm can find the stationary point. This completes the proof. O

Proofof Lemma 1 Given£(w; X', X, g) > I(hy(X'; w)—hgy(x; W) > 0), we have g(w; xiq, Sy)

> r(w; x{, S,) for each (g, x{), which immediately follows the desired conclusion. O

Proof of Lemma 2 To show the equivalence in the Lemma, it suffices to show that A, (w) is
the (K + 1)-th largest value in the set {/,(x; W)|x" € S;}. Let {61, 62, - , Oy, } denote a
sequence of values defined by sorting {hq(x’ WX € Sy} in descending order, i.e., 61 >
O >-.-> 9Nq. O denote the k-th largest value.

Recall the definition of A, (W)

Aq(W) = argm/\in(K +or+ Z (hg(xX'; W) — M)y,

U
x'eS,

where ¢ € (0, 1). Define function A, (A) := (K +¢&)A + Z?]:ql (6; — X), then it follows that
Ag(W) = argmin), Ay (A). Take the derivative of A, (1), we have

Nq 1, 49[ > A
Vihg(M) =K +¢& — Zd(@i —A), whered(®; —A) =41¢ €[0,1], 6; =A.
i=1 0, 6; <X

First, we assume g > Ok 1. One may consider this problem in three cases.

— If A > k41, then Zf\zld(@- —A) < K,sowehave V;A;(A) > K +e—K =¢ > 0.

- Ifx <9K+1,thenZ;v:"1 d —A) > K+ 1,sowehave V;A;(A) < K+e—K—1=
e—1<0.
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— If A = 0k, then 25\21‘1(91‘ —A) =K+¢,sowehave ViA,(A) = K+e—K —¢' =
e — ¢'. Thus we will have V3 A, (L) = 0 by setting ¢’ = &. Hence A4 (W) = Ok 1.

Second, if Ox = Ok 1. One may consider this problem in three cases.
— If A > Ok 41, then Z,N:ql d®; —2) <K —1,sowehave VA;(A) > K+e—K+1=

14+¢€>0.
- If) < 9K+1,thenzf\lild(9i_)\.) > K+1,sowehave V; Ay(A) < K+e—K—1<0.

~If A = Ok = k11, then 0 d(6i — 1) = K — 1 + 2€/, 50 we have V; A, (A) =
K+¢e—K+1-2¢ =1+ ¢ —2¢. Thus we will have V) A4(1) = 0 by setting
¢ = (1 +¢)/2. Hence A, (W) = Ok 1.

In summary, 6k 11 = A, (W) = argmin;, A, (2). The proof is finished. O

Proof of Lemma 3 Given the condition v (h, (x?; W)=y (W) < Cl(hy (X?; w)—Ag(W) > 0)
and £(w; X', X, q) > I(hy (x'; W) — hy(x; W) > 0), we have
Vg w) = gD 1) I € SIKD@Y — 1)
CZKlogy(gw;x!, S+ 1) = ZKlogy(r(w; x!, 8,) + 1)

for each (g, x?). The desired result follows. m]
Proof of Lemma 4 Recall

K 2.9 1
Leiw) = —a+ =22+ — Y mIn(l +exp((g (xi; W) — 1)/71)).
N, 2 Ny G

We first define the following two auxiliary functions:

~ K 1 A ~ .,
Loiw) = —r+— > (hg(xi: W) =Ny, LgGsw) =Ly w) + 2%
N, Ny 2
X,‘ESq
For simplicity, denote A, = argmin; L, (A; W), 5\* = argmin,, Zq (A; W), )AL* =

arg min,, i,q (A; w). Note that it is obvious to see that when A > 2¢y, function iq (A; W)
is monotonically increasing, and monotonically decreasing when A < 0. Thus the optimal
point is bounded, i.e. X € [0, 2¢p]. Similarly, we have V; L,(A; w) < 0 when A < 0 and
ViLy(A; w) > 0 when A > ¢ + 71 1n Nygx where Ny, = maxy Ny. This allows us to
show that the optimal point A, is also bounded, i.e. A, € [0, ¢j, + 71 In Ny,4x]. By applying
Lemma 8 in (Yang & Lin, 2018) to I:q (A; w), we know that there exists a constant ¢; > 0
such that for all A we have

I = Ag (W] < c1(Ly(h; W) — Ly (g (W); W)). (38)

It is trivial to show 71 In(1 + exp(x/71)) > x4+ Vx € R and 71 In(1 + exp(x/71)) — x4 <
(In2)7y. Then it follows easily that

Ly0sw) < LgOsw) < LyGs w) + 21, (39)
where ¢ = In 2. Then with inequality (39) and the optimality of A, we have
= o 12} P = P
Lg(hs: W) = Lgq(As; W) — ?Ai S Ly w) — ?Ai S Ly w) — Eki

A~ (%) ~ o~ 7~ 1)
< LyGus W)+ — AL = LoGus W) + AL+ m = A,

@ Springer



42 Page 46 0f 70 Machine Learning (2025) 114:42

which follows that

= e = ™
|Lg(hii; W) — Ly (s W)| < Exi + ety — Exi. (40)

Combining inequalities (38), (40) and the boundedness of A, ):*, andsettingt) = 10 = ¢,

we obtain
A %) ) %) 2
A (W) — Ag(W)] < ¢ (Ex* + oty — EA*) = 0(e).

To demonstrate the smoothness of L, (A; w), we first show that

71 In(1 + exp(x/11)) = m[%x”xcx —7ileln(e) + (1 — ) In(l —a)] =: A(x). 41)
aell,

Note that the solution to A’ (a) =x—7 [In(e)—In(1—a)] = 0is a* = 1—(1—|—exp(x/1'1))_] .
Then A(a*) = 71In(1 +exp(x/t1)), which implies (41). Besides, A(«) is strong concave
because

2517 1 1
(A(@) + 1a”)" = —i—i + 211 < 0.

It follows that

K 1
Ly(A;w) = N—A—i— 2 A2+Nq x; argl(%?(l)(hq x;; w)—Ma—r1[aIn(e)+(1—a) In(1—a)].
€8¢
Then by Theorem 1 in Nesterov (2005), L, (A; w) is smooth. The strong convexity of
L4 (x; w) follows from the convexity of L, (A; W) — %kz, which can be proved by checking
the non-negativity of its second derivative

o A — hq(xi;
v’ (Lq(k; w) — E)?) - Z = exp(( q(Xis wW))/T1) .
2 Nq X €Sy [1 +exp((2 — hq(xi; W))/TI)]Z

[m}

Proof of Lemma 5 Here, we aim to prove that the function F (w) is smooth, which essentially
means showing that ||V F (w1 )—V F (w2)|| can be bounded by c||w; —w2||, where wi, wp € R4
and c is some constant. Thus, we start with ||V F (w)—V F (w3)|| and first expand it according
to the definition of F'(w) and triangle inequality ||x; + - -+ + X, || < Ix1]| + - - + [|IXx]l:

IVEW)—=VFW)| == Z\vail/,(m Ag(W1)) fi (8 (W1)) = Vwii (W2, Aq (W2)) fi (8i (W2)) |

151 ieS

|S| Z 1V L (W2, 2g (Wa )V, Lg (Wa, g (W)I ™ V5053 (W, g (W2)) fi (81 (W2))

wALqm Ag(WIIIVZ, Lg(W1, Ag (W)™ Vo (Wi, hg (WD) fi (gi (WD)

ISI Z i (Wi, Ag (Wi)Vgi (WDV fi (i (W1)) — ¥i (W2, Ag (W2)) Vg (W2)V fi(gi (W2)) .

Next, we establish the corresponding bounds for the three terms on the RHS of the above
equation. The idea is to continuously use inequality [|X; + - - - + X, [|I> < nlx([|> + --- +
n|x,||? and the Lipschitz continuity or smoothness properties of the functions assumed in
Assumption 1 to decompose and bound each term. Specifically, for the first term, we have
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IV i (Wi, A (WD) f3 (81 (W1)) — Vg Wi (W2, Ag (W2)) fi (gi (W2)) ||
< 2[ Vi (Wi, g (WO)Lfi (8 (W1) — fi (g (W) 11
+ 20 [V i (W1, dg (W1)) = Vgt (W2, dg (W2))] fi (gi (W2)) ||
<2C5CHlgiwi) — gi(W2)[1> + 2L 3 [Iwi — wa1* + 2] Ag (W1) — A (W2)[|*1B}
< QCCHCE +2BELY (1 + C))wi — wa* =: Cillwi — wa >,

We can analyze the second term using a similar approach and obtain the following result:

V25 Lg (W2, hg (W2))[V; Lg (W2, hg (W2))] ™ V310 (Wa, A (W2)) fi (7 (W2))
— V25 Lg (Wi, Ag (W)Y, Lg (W1, hg (W)™ V30 (Wi, ag (WD) fi (g (wi)) 12
< 4|V s Lg(Wa, hg(W2)) = Vs Lg (Wi, Ag(W1))]
[VE, Lg(W2. kg (W)1 ™ Vo (wa, 2g (W2)) f; (8 (W) |12
+ 41V Lq W1 Ag WD) [[V2, Lg (W, 2g (w21 ™!
V3, Lg 1, g WD) Vi (2, g (W2)) £ (g1 (W) |2
+ A V2, L Wi g (W)IVE, Lg (Wi, Ag (W) [V3 9 (W2, Ag (W2))
— Vi (Wi, Ag (W) fi (g (Wo)) |12
A2 LWy hg W)V Lg (Wi, dg (W)™ Vs (Wi g (W)L (81 (W2)) — £ (gi (Wi ]I
3 [ <4L%wkc§f B} 4C%wAL%}ACi B}% . 4c%wAL2¢B} 4C12‘w)LC§ cj%cg ] A

2
2 4 2 (1+C)L)+
Hr Hr Hr KL

=: C3llw; — w2 |%.
Similarly, for the third term, we can derive the following bound:

Wi (W1, kg (W) Vi WOV fi (g (W1)) — Wi (W2, kg (W2)) Vg (W2)V i (gi (W2)) |12
< 30 (Wi, g (W) — i (Wa, A (W2))IV i (W)V fi (gi (wi)II?
+ 311 (W2, g (W2))[Vgi (w1) — Vi (w2)IV fi (gi (wi)II?
+ 3119 (W2, 2g (W2)Vgi W)V fi (g (W1)) = V fi (gi (wa)1I”
< [3C30cgcj%(1 +C;)+3BjL;CF + 3B§C§L}c§] wi — wa > =: C3llwy — wa|%
By collecting the results obtained above, we can finally derive the following desired result

1
IVF(w1) = VEW)| < — Y (C1 + Ca+ C3)[[wi — wal = Lr|wi — w2,
IS ieS
where L := C1 + C> + C3. In this way, we prove the smoothness property of the objective
function F(w). ]

Proof of Lemma 6 We employ the fact that the function F(w) is L p-smooth to establish the
relationship between the stochastic gradient estimation error ||V F(w;) — m;4 ||2 and other
terms:

Lp
F(Wei1) < F(W) + VFW)T (Wi — wy) + Wi = w, I

Ly
= F(w;) — mVFw) 'm 4 + Tnfnmfﬂnz

@ Springer



42 Page480f70 Machine Learning (2025) 114:42

N1 N1 Lr 1
= F(w) + IVF(W) — my > — EHVF(WI)HZ + <7n% - 7) lmyg1 12

n m m
< Fw) + S IVF(w) - m > — EIIVF(WI)IV - anmnz,
O

where the first inequality directly uses the smoothness property of F'(w), the second inequality
utilizes 1 < ﬁ, the first equation employs the update rule of m, 41, and the second equation

uses the fact that —2a b = ||la — b||> — |la||® — ||b]I>.

Proof of Lemma 8 Here, we establish the error bound for the solutions to the lower-level
problems. First, recall and define the following notations

W hg —noViLg(We, A3 By) ifq € B 5

o kg 1= hg = m0ViLq (Wi, Ags By).

t
)Lq 0.W.

In this lemma, our strategy is to first obtain the estimation error bound for the solutions
updated in the 7-th iteration, followed by establishing the estimation error bound for all
solutions. The error bound between A; (the portion updated by the current mini-batch) and
Ag(W;) can be derived as follows:

B[l — g W0IIP1 = Ec[IX — n0VaLq (We, 2y By) — hg (W]

=E:[lIM, —10V2Lq (We. AL By)—hg (W) +10VaLq (Wedg (W) +10VaLq (Wi k) —10V3L g (We 1) [1%]

= [12g —hq (W) +10 Vi Lg (W, A (W) =10 Vi Lg (Wr, k;)llz

+E 110V Lg (We, 1) —n0Va Ly (We. Ay: By)|*]

< My = 2g WO + 0§ I Va Ly (W, Ag (W) — Vi Lg (We, 1)

+ 200 (M) — dg(We). Vi Lg(We, kg (W) — Vi Lg (W, A1) + o
(a)
< I3 = Ag WOl + gL IMG = g WO = 2oL 1My — g (W1 + ngo?
)
< (L= nopp) My = Agwoll* + ngo?, (42)

where E,[-] takes expectation over the randomness at iteration ¢, the first equality holds
because V; L, (W, A;(W;)) = 0, (a) uses the strong monotonicity of L,(w;, ) as it is
assumed to be 17 -strongly convex, and (b) uses the assumption g < ./ Li.

Moreover, consider the randomness on the query sampling 3, we have

5| N — 18]
N

Eilll3g" = g (W01 = Bl — Ag (W0 P] + 1, = 2q (W),

which follows

N —|B]
5]

B [[|%f, — Ag(WII*] = @E’[”W — Ag(W[*1—

Combining inequalities (42) and (43), we obtain

Ik = 2g (Wil (43)

|B| 18| |8
AP SRR MCAT <X g = *q (WP~ (1= nop ) 13 =g WO I+ =11
|BlnopL |Blngo>
< (1 =) Ik = g RN+ 0 (44)
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To further derive the recursive relationship for the error bound concerning ||)Jq —Ag(Wo)| 2,
we proceed as follows

B (125 = 2y w12
[Blnomr 1 2 2N 2
< (1+T EelIng ™ = ag WollIP1 + U+ By ) Brlka (ve) = Ag (v l1]

< (1 _ Blnors
- 2N

2|Blndo?  ANC? )
E , 45
N BinoiL (Wi — wellI7] (45)

) I, = ag (W) l* +

where we employ |a + bI? < (1 + %)Ha”2 + (1+ y)||b||2, y > 0 in the first inequality,

and use (44) and the assumption ng < ‘ éal ,l.e., IB';# < 1 in the second inequality.

Taking summation over all queries and expectation over all randomness, we have

t+1 2 [BlnopmL . 4N2C?
E[A™ =AW D171 < (1= N — O E[||A (W) [IPH2IBIngo TE[HWHA_W[” 1.
(46)
Finally, we take summation over t = 0, ..., T — 1, and derive the following error bound
-1
4NnoTo? SN‘C2
ZE[HA’—A(w»n < |B| Ol e 2 Blwe =W
=0 KL | In 0 L =0
47
O

Proofof Lemma 9 We aim to establish the tracking error bound for the moving average esti-
mator u’ of the function g(w;). To achieve this, we first establish the recursive relationship
for this tracking error, starting with the analysis of |Ju’*t! —g(w,)||%:

! —g(w)|?
= [u' ™ —u' 4u' —g(w) |2 = T —u |2+ [u’ — g (W) [P+ 2T —u’ u’ — g (W)

= Ju* =P + o' = gwolP +2 ) (T —ul,uf — gi(wp)

ieB
= [lu" —u' |7+ [u’ = g(w))||?
+2) @ —ufuf - g (WiBy)+2 Y Wi —ul, g (WiBBy)—gi(Wo) . (48)
ieB ieB
L} L}

In the above derivation, we perform a fine-grained decomposition of the original terms
to facilitate establishing bounds for each of them individually. Next, we analyze & and ®
separately. For &, based on the update rule u’ t = yo(u —8i(Ws; By)) Vi € B and the
inequality 2(b—a,a—c) = ||b—c||*— |la—b||*— ||a c||?, we have

& =2 (it —giwo),ul — g (Wi By)) +2 ) (gi(wi) —ulul — gi(wi. By))
ieB ieB

2
= Dt — g wo.ul —ul ) £ 23 (g (wo) —ul uf — g (e By))

ieB ieB
1
= — Yl — g wol® — [t — g wo)l? — [luft! —ul)?)
ieB
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+2) (gi(we) —uf, uf — gi(wr, By))

ieB
—nu —g(wf>n2——||u’“—g(w,)nz——uu’+l —u' 2 +2 ) " (gi(wo) —ul, ul —g; (wi. By)).
ieB
(49)
t+1 t+1

where the last equality is due to the fact ||u —gw)|? = l,"" — g (w)||* and [lu;
u; u/||> = 0 forall i ¢ B. Taking expectation over the randomness at iteration 7, we have

1 1 1
E/(&] < —lu' —gw) > — —E[lu' ™ —g(w) 1= —E. [l —u’||?]
Y0 Yo Y0

_2F, [Z luf —g; (w,)nz}

ieB
1 1 1
= —uu’ —gwW)l> = —E[u" — gw)|I*] — —E[Jlu'"" —u’|?]
Yo Y0

- 2:§: lu’ — g(wp)ll*. (50)

On the other hand, for #, we can establish the following bound

[ = (7 - 1) >t — )+

(Wi By) — gi(wo))?

ieB )/0 zeB
( )Z = w12+ 200 Y llgi (Wi By) — gi(wo) ||
ieB ieB
1
< <% - 1) ! —u’|? + 2| Blo?, (51)

where we employ the inequality 2a"h < ylal*+ % 15112, the assumption Yy < 1/2, and the
variance for g; (w;; B,) in our derivation. Then by plugging (49), (50), (51) back into (48),
we achieve the following relationship:

E[fu' ! —g(w)%]

1 1
<E[ju't! —u’|\21+E[\|u’—g(w,)|\21+—ﬂ<:[uu’—g(wt)an—%E[nu’“ —g(wp)?]

1 |
- %E[Ilu’“ — 21— 2B Bt — gow) H(m 1) E[Ju’ ! —u' 1?1+ 2y 1Bl

1S
1 | \ (41 2 2
=(1+—- E[u’ — g(wp)|? 1= JE[Hu — gWpI*14 2y0|Blo.
Y0 ISI
(+5218) 21Bln 1Blyo a a
Note that W =l=a5s <l- ST + 3)(1 —a) < 1—73, thus we
obtain B
Y0
Efflu'" — g(w)|] < < 5 )E[n T — g(wol*1+ 2y 1Blo.

Now, we can employ the above relationship and inequality ||a + b|| Z<A+plal*+ 1+
%) 16112, y > 0, and establish the recursive relationship for the tracking error ||u’ — g(w,) || 2.

Efu*! — g (w121 < (1 + %) Efjju’*! —g(wt>n2]+<1 + ﬁ) El| g (wi)—g w1
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B B 2|S
(1+—' 'VO)[(l——' 0 —g(w,>n2]+2y&|8|02} <1+—' ')CE\SIE[IIWz—WmHZJ

2|S| |S| 1B
2022
[Blyo 2 2 2 ISI=Cgny 2
<(1- E 4y51B E .
< ( 28 [lu" — g(wo)lI*1 + 4y5 |1Blo” + Biro (|71
Finally, based on the above recursive relationship, summing over t = 0,...,7 — 1 and

using the offset cancellation of tracking errors at different times, we can derive the desired
bound:

|| ||322T1

2|8 n
3 Ellu —g (w2 < mE[Iluo—g(Wo)|I2]+8IS|V002T+ 5Py Ao S Bl 1)
=0 =0

[}

Proof of Lemma 10 We try to derive the tracking error bound for the moving average estimator
sf] of the function V%,\ Ly (W, A(w;)). Recall and define the following notations

(I—V)S + YV L(wt,A By) ifqgeB
st = y 0 0 q q ¥ = (= y)sh + ¥ Vi Lg (Wi, AL By).

q 0.wW.

where §! , represents the components of s updates in the 7-th iteration. Our strategy here
remains the same: first, we achieve the estimation error bound for the components updated
in the 7-th iteration, and then we establish the estimation error bound for all components. We
first analyze the tracking error for sy :

By [I8 — Vi Lg (We. g (WONPT=Ea [l (1 =)ty + 74 Vi, Lg (Wi Aly: B) = Vi35 Lg (Wi kg (W) 1]
(%)
=EllI(1 = yQ)lsy, — Vi, L (Wi, ag W)+ V5[V Lg (We, 13 By) — Vi Ly (Wr, 1)1
F VIV Lg (Wi, 1) = Vi Ly (We, dg (W) 1%
= [(1 = y)Ist, — V&5 Lg (Wr. Ag (W) + Y§ V5 Lg (We. L) — V3, Lo (we, dg (wo)]II?
+ EelllygVi, Lg (We, Ay By) = Vi Lg (we, )11

<1+ )(1_7/0)2”5 _V)\)LLq(Wts)&q(Wt))”

3 t /2 2
+ 1+J// ||VAALq(Wts)» )— V)V)LLq(Wt,)Lq(Wt))” +Y

0

/
)q
< ( - 20) Isf — V35 Lq (We, kg WD 1> + 4y LT 5, 10 — hgWOI* +yg70?, (52)

where we use the fact that [V}, Ly (Wi, A3 By)l = V35 Ly (W, AL) in the third equality,
and Young’s inequality in the first inequality. Note that for the randomness of query sampling,
we further have

Eilllsh™ = VL (Wi, g (W) 1%
|B] N —|B]|
= BAIR, = V35 Ly (e, dg W) P14 =8 = Vi, L (W, 2g (W) 2.
which follows that
N — |B]|

()= —Et[ns’* — V5 Lg(We, hg(Wo) |21 — i

B lIst, = VirLg (We, g (W) 1.
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Then by plugging the above equality into inequality (52), we obtain

— |B|
B|

N
—IE,[M TV Ly (W, g (W) 2] —

T lIst, = Vi Lg(We, g (W)

y/
< (1—30) lIst, — Vs L (Wi, g (WP + 4y L7, 11, = g (WO II* + v5°0 >
It follows

1By,
Et[ns;H—V%ALq(w,,Aq<wf>)||2]s(1 ) sl = VELy(We, dg (W) 1?

4|B|Vo LA ot ,  IB |V’2 :
_ )» —Ag (W _
+ N Il d(WOll”+ N

Now, we can establish the recursive relationship for the tracking error ||s’q — VAZA Ly (Wi, Ag

w)l%:

|Bly;
E[lls;™ — V§ALq<wt+1,Aq<wt+mn2]s(1 ° lIst, = Vs Lg (We, g (W)

2
E[llw: — weet 171,

8IBIVGL syt 2, 2|Blyfto? 8NL%M(1 +c})
— Ay = Ag(Woll” + 7
N ! N 1Bl

where we use the assumption 7’0 <1< % i.e. Igf),/ -
0

randomness and taking summation over all queries andr =0, ..., T — 1, we have

> 1. Taking expectation over all

1By

N ) E[lIs" — V& LW, hg(We) %]

83 8N2L7,,(1+C3
+ BB has a0 w121+ 2By + L0 H G
N 1Blvo

E[||s"™ — V& L(W11, A(Wi1) 7] < (1 -

E[llw, — wit1 1%,

Atlast, based on the above recursive relationship, we take summationovert =0, ..., T—1
and obtain the following desired bound

T

4N
D Ellls" = Vi, Lwe, Awo) |1 < B AIs” = V2, Lwo, 2g (wo)) |12
=0
, = ' 2 o RNALEL 4+ CH
+32L7,;, Y LA — Aw)I1 + 8Ny To” + ZE[IIWz wipl?].

2.2
=0 1BI*y, "0 =0

[m}

Appendix F SONG and K-SONG with faster convergence

Similar to our analysis of SONG and K-SONG, we address the compositional bilevel problem
described in (25) under the same assumptions as in Assumption 1. We reorganize the set S
so each pair (g, x?) is indexed by a new, singular index i, with S now denoting this updated
indexing set. Subscript ¢ indicates the variable or function block corresponding to query g.

We outline Faster K-SONGY!¥2 again in Algorithm 9. Note that the terms 7; and 7, in the
updates for A/ *land w; 41 are primarily for theoretical discourse. Practically, tt; and an; are
considered as two distinct learning rate parameters. Let [E[-] denote the expectation over the
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Algorithm 9 Restate Faster K-SONG"!Y? with new indexing

Require: wg, wy, initialize my, AO, 21 s zo, uo, sO, u! s sl R VO, r0

Ensure: wr |

l: fort=1,2,...,T do

2:  Draw some relevant Q-I pairs 5 = {(g, x?)} cS
3:  Foreach g € B draw a batch of items B; C S,
4:  if using vl type update then

to 0, update type: v1 or v2

5. e I Vi WS + Vi1 8 (Wes By) + Bu,i (gi (Wes By) — gi(wi—1; By)) ifi € B
' ! Uf» 0.W.
(= ¥s.08, + 5.0V, Lg (Wi, ML By)
6: syt = 5.1 (V2 Lg(We My By) = V2 Ly (w13 By)) ifg e B
S’q 0.W.
7:  else // using v2 type update
8: Compute V, g; (u, w; By) =u; — g(w; x?, By)
(= v,V 4 v, Vugi o, wis By)
9: vi= +Bu.t (Vui(u, wis By) — Vg = w13 By)) ifgeB
Vf«71 0.W.
10: Compute rfl according to (18)
11: UPdate uf'H =ul —r7v}, SZ-H = sﬁz - rr,rf]
12:  endif .
(= y0zg  + 21 VLg(We, My By))
130 2 = B2t (VaLg (Wi, A By) = ViLg(Wwip. My 11 By))) ifg € B
15[1 o.W.
RV My —tyzl, ifgeB
a b 0.W.

15:  Compute stochastic gradient estimator G (w;_1) and G (w;) according to (26)
16: my = (1 =y, )My — G(W;—1)) + G(wy)

17: W] = Wp —anmy

18: end for

randomness of the algorithm until the current iteration, and [E;[-] represent the expectation

over the randomness at iteration f.

For the two new quadratic functions introduced in the v2 type update rules, which are

both smooth and strongly convex, thus we make the following assumptions:

Assumption2 (i) Functions g, ;(u, w) defined in (14) are L;z-smooth and wz-strongly

convex for all (g, 7).

(ii) Functions ¢y (s, )ALq (w), w) in (17) are Lg4-smooth and p4-strongly convex for all g.

Theorem 5 (Restate of Theorem 3 with parameter specifics). Let Assumption 1 and 2 hold
and apply Faster K-SONG in Algorithm 9 to solve the problem in (25) with the following

parameters:
. 1 8N . <] 1B 1 JzurlBl c
T<mmny_—, , o < min N s SNt =Tt = ——— 777>
2L; B 12C7N° 12C3|S|” €V 96CN (co+1)173
_ Ny} < 1 8Carﬂ\8|> : < 2|S| N 4C1a|8|> 2
Vz,i4+1 = 1Bl 7LF63 L N: s Yui+l = 7|B|LF63 1B s

( 2N 4 4C2aN> 2 < 1 i ) 2
. = — N = — o s
Vs, t+1 7\B|LFC3 1Bl Nt Ym,t+1 7LFC3 N

IS — IB] N —|B| N —|B|

=1- s =1- Bsi=1—ys
Bu,t Yu,r + BIA - yur) Bzt Vot + Bl - 7.1) Bs.t Vst +

IBI(L = ys5,0)
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8CoN 2(Cy+2Cs)N? SN \3/? 8|S \3/?
C > max 0 R (Co +2C5) ,C0 > max {2, (4LFC)3,( > ( 1] ) s
Ty | Bl 3a|B|? 7\B|L pc 7\B|L pe

3/2 3/2 3/2 3/2
32Carc?\”’ 16C | S|c? / <64\S|C3>3/2 128C|S|C3ac? / 16CoaNc? /
1753 ' |B| "\7Lf|Blc ' |B| ' 1B '
3/2
64NCg \/? [128CyNCgac? / 4 \3/? (4 2)3/2
N s , |4ac R
TLE|B|c |B| TLEc

where Cy, C1, Ca, C3, Cy, Cs, Ce, C7, Cg, Co are constants specified in the proof. Algo-
rithm 9 ensures that after T = O(e%) iterations, we can find an e-stationary solution of

Fow, ie, B[S, F IVEo)IP] < 0 (7).

Now we present the convergence analysis of Theorem 5. First of all, by using the smooth-
ness of F(w) (proved in Lemma 5), we have the following lemma, which is similar to
lemma 6.

Lemma 11 Consider the update w;y1 = W; — anmmy. Then under Assumption 1, with
anLp < % we have

an:

an an
F(Wi1) < F(w,) + 7’||VF(wt) —m|? - T’HVF(wt)HZ - |Im, ||

Then, we aim to derive an upper bound of ||V F(w;) — my||? in lemma 11. Note the
update rule of m, in Algorithm 9 is more complicated than that of SONG/K-SONG, and
we introduce the following lemma to decompose this error into several terms that can be
bounded separately:

2
Lemma 12 Let ZqEQH,\q(wt)—A;H = w—d P Yes el —goi =

2
Ju — g(w,)||2 and 3 co |85 — V2, Ly (W, A;)H = |s" = VZ L(w,, )J)”z_ Consider the
updates in Algorithm 9, under Assumption I, for all t > 0, we have

2

4C
IVF (W) —m; || <2 = 2w =2

1
ﬁ ZGi (W) —my
ieS
4C4
|S]

where Cy, C1, Cy are constants given in the proof.

4C,

-2 = g |+ 2 | = V2 Low |

Next, we will bound each term on the RHS of the above lemma separately. We first bound

2
the first term H ﬁ > es Gi (W) —m; | according to the following lemma

t—1

'—u

i =

A=Al ”2: |2 =21 and

Lemma 13 Let Zies‘ B qug‘

2 2
ZqEQHst—sﬁ;IH = Hs’—s’_1 H . Assume E[ﬁZieBGi(wt)_ﬁ ZiesGi(Wt)] <o?
then
2

2
1
< =ym)E Hmr—l - E Z Gi(wi—1) + 2)’,;21,;02

ieS

1
E Hm, ~ s ZGi(Wt)

ieS
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2C3 12 2Cs _
+ 5 !ut —u’ IH +2Cs Wy — Wi 1P + N ”)»’ —Af 1”

where C3, Cy4, Cs, Cg are constants given in the proof.

2Ce

I -

2
To bound the H Ag (W) — )‘51 H term in Lemma 12, we can use the following lemma.

Lemma 14 Consider the update in Algorithm 9. Then under Assumption 1, with t, < % and
4T < %, we have

2 Tt | Bl 21 8tt|B|
E[Hﬂ“—,\(w,ﬁ)u ]5(1—%)E[”A(w,)—)f” |+ utL |V L(we, 22|

371B| (1 . 2 8N2C3 2
- L) HAH' —A’H +7E[w —w ]
N <r L> Ty | Bl ” 1+l [”

When we adopt v2 type update rules to estimate g(w; x ,Sy) and V Lq ()AL(W); w), it
is notable that their corresponding quadratic problems are smooth and strongly convex, and
their update rules are fully consistent with that for 1. Therefore, we can follow the derivation
process of the above lemma to establish the approximation error bounds for these functions,
as demonstrated below.

Lemma 15 (The error bound for g(w; x , S;) when using v2 type update) Consider the

update in Algorithm 9. Then under Assumption I and 2, with t; < 2 and ;T < M;l E|;|’ we

have
;|1 B 8 B
E[||ut+1 _g(Werl)”z]5(1—%>E[’|g(wt)—ut‘|2]+ ;;T|‘|S|| ||Vu§(W;) _v,Hz
NELILFERNPR T Tl £ :
19| < Lg> Hll u ” + TR TE] [||w,+1 w; | ]

Lemma 16 (The error bound for VfALq (): (w); w) when using v2 type update). Consider the

update in Algorithm 9. Then under Assumption I and 2, with v, < 5 L and 17 < we

4N
1Bl
have

E [”sr+1 — V2 Ly Gwiy ) w,H)HZ} < <1— ”’Z";'B‘ ) E [HSZ_ V2, Ly Gw); w,)Hz]

81’[‘E|B| 2 3t|B| /1 1 12 SN2 LLM 2
+ (Zepm=rt [ = 220 (L =) s =[P L [y — ]

The following lemma bound the terms involving u’, z’ and s’ on the RHS in the inequalities
of the above two lemmas.

Lemma 17 (Lemma 1 Jiang et al. (2022)). Suppose f;,i = 1,2,---,n is a mapping,
E[fi(x; &)] = fix) and E[ fi (x; §) — fi(x)] < o2. In each iteration, we sample a mini-batch
M with the size of m. let

{(1 - J/t)dﬁ_l i &) + B (fiXes &) — fixe—1;6)) ifi e M '

d =
dﬁ_l o.W.

1

By setting y; < % and By =1 —y + 5 ,fort > 1, we have

n—
m(1=y;) V
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E[Ja - ren)] = Xn:E[”df - i’

i=1

IA

n

e[l o]

(1-2%)e [Hd"1 - f(Xz—l)H2:| + 2 ;E (1100 60 = fixi—1: &0 [*] + 2myo?,

d —a! Hz}
<2myfo® + M’%’QE [Hﬂxffl) —a! Hz} 2 ;E (110060 = fixi—i: 60[*]

Appendix F.1.1 Proof sketch

In terms of the overall approach for proving Theorem 5, we integrate some proof techniques
of STORM and K-SONG. Here, we provide several key points to help the readers better
understand the formal proof that follows.

1. First, similar to our previous analysis of SONG/K-SONG, Lemma 11 establishes the
connection between the quality of the solution (denoted as ||V F(w;)||) and the gradient
approximation error (denoted as ||V F(w;) — my;||).

2. Then, through Lemmas 12 and 13, one can observe that |V F(w;) — m,|| can be further
bounded by the approximation errors of several crucial inner functions (such as || (w;) —
AL at = g(wp)l, lIs' — Vf L(w;, A1) and by the differences of these functions at w,
and w;_ (such as |ju’ — /=1, |Af = A1), |Is' = s~

3. Subsequently, we can establish the recursions for the above error terms. For the variables
using the vl type update, we can directly apply the results from MSVR, specifically
Lemma 17. For the solutions of the lower-level problems A and the variables using the v2
type update, we provide their recursions in Lemma 14, 15, and 16, respectively.

4. We employ the technique used in STORM to perform staggered summation on the
above recursions. Specifically, for the terms ||z' — V; L(w;, D], [lu’ — g(w,)], and
|Is’ —V%)\L(W,, A1), we show their staggered subtraction results in (53), (57), and (58),
respectively. Utilizing the techniques introduced in STORM, we set n; and t; according
to (55), which then allows us to simplify the RHS of (53), (57), and (58).

5. Finally, by summing Lemmas 11, 12, 13, and all the recursions obtained above, we
derive (60). Through careful parameter settings, we can eliminate most of the irrelevant
terms, ultimately establishing the desired bound.

Appendix F.2.2 Innovations in proof techniques

The problem we address involves SBO with multiple lower-level problems. Cutkosky and
Orabona (2019) and Jiang et al. (2022) introduce variance-reduced estimators that effectively
control function estimation errors, but their methods are not applicable to SBO problems. Guo
et al. (2021a) consider a problem similar to ours, but do not implement parallel solving of
lower-level problems. Our algorithms are the first to achieve both optimal convergence rate
and parallel speed-up.

To achieve this, we not only employ advanced variance-reduced estimators but also pro-
pose new algorithm designs and proof techniques. From an algorithmic perspective, to better
control the estimation error of lower-level solutions, we design a new variance-reduced
stochastic gradient estimator z, for updates, as opposed to directly use stochastic gradients
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as in K-SONG. In proving the estimation error bound in Lemma 14, we fully utilized the
definition of z, along with the smoothness and strong convexity properties of lower-level
functions L. Here, we present the key steps and results, omitting some intermediate details.
The full details are provided in the proof of Lemma 14.

First, in the ¢-th iteration, the update rule for the sampled components is Afi“ = A; -7 zﬁl.
We introduce an intermediate variable X’q = k; - ‘L’Zf] and set k;*l = X’q = A; +1 (5\; - Ag).
Based on these definitions, we have the following estimation error relationship for the sampled
components:

1L = Ag W 12 = 1AL — Ag (Wi > + T2 1AL = AL 1% + 210 — dg (W) (R — L),
Next, by leveraging the strongly convexity of L, and performing a fine-grained decom-
position, we obtain
Lq(We. %) = Ly (Wr. &) + 2 (h = &f)
+ (VaLg(We, 1) — 20) 0o = &) + ViLg (Wi, M) (Gl — A)) + B II?» oA

Note that we only present the final bound here, omitting the detailed decomposmon process
from the proof. The (V) L, (W, A;) — z;)(x — ):;) term on the RHS is actually related to
the estimation error of z,, whose bound can be established by Lemma 17. For the other two
terms on the RHS, V) L, (w;, A;)():’q - )»f,) and z; - 5»;), we can obtain the following
relationships using the smoothness of L, and the update rule of z,, respectively,

- - Ly |-~ 2
Ly 3 = VaLg w2 (G = ) = 52 |3 =g | = Ly wi .

~ 1 ~ 1 -2
t ty t 3t _at 2llat 5t
2 (= 3) = O = RO = 1) + - ‘xq Al

Finally, by combining these relationships, we have
134 = ag (wo)ll?

<

(1 tt,uL 4T ‘

)qu(wt) il H = ‘vqu(w,,x )—2! H —2rg (i—fLL) Hx’ "y H

4t

which establishes the estimation error bound for the component updated in the ¢-th iteration.
The subsequent proof follows a similar approach to K-SONG, using properties of con-
ditional expectation and inequality scaling to derive the final recursion. Note that the

‘X; - k’ term on the RHS is defined to be equal to 7()»’ A;) = %(k;“ — A;).

This negative ||)\;+1 - k;”z is crucial for canceling out the positive ||)Lﬁ;rl — Ay I? terms
appearing elsewhere in the proof, thereby ensuring the convergence guarantee.

Proof of Theorem 5 Now, we can combine all lemmas presented above and prove the theo-
retical guarantee. First, we apply Lemma 17 to 6., ; = ”z’ — Vi L(wy, M) H2 and establish
the following recursion for the tracking error of z;
Vz.e411B| 16N2 L
E[8pm]= <1 - %)E [8za,]+ B

In the proof of this theorem, we will reorganize the obtained tracking error recursions into
the following form

8 8 21Bly2,. 0% 1 /1 1 B
E|: La,t+1 o LAt :|§ yz,t—H +— <7 _ _ Vz,t+1| |)E[8Lk,t]

<||w,+] w;” +— H}»H'l )LZH>+2\BIVZ t+1‘7

Nn; Nni— Nn, N \n  n-1 N,
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16NL3
|Bln;

1
(nw,H Wl + 5 [ar+t —af ||2> . (53)

The advantage of this form is that the left side of the equation can be simplified through
misalignment cancellation, while the right side can be simplified by carefully setting 7;, as
we will demonstrate below.

As for the estimation error regarding A(w;), i.e., [[A' — A(w;) |2, Lemma 14 provides its
specific form. We reorganize it into the following form

Ca Cattipyg|B| 8Cat;t|B|
E[w@)\,tﬂ—sk,t)] # [8.0] + TZ\’ZE [822.]
_ 3Cat|B| (1 i1 2] 8CaNC3? )
N2 (f -t )E[HA - H - TTtl/«L|B|IE|:er+] d ]

(54)

where C will be given below.
We follow the STORM approach (Cutkosky & Orabona, 2019) to set n; and t; in the

algorithm, as this allows us to further simplify i - % Specifically, we set n; = 1, =

W, and make ¢y > (4L pc)? to ensure 1 < 17—. Thus, we have
]

11 (co+D!'3 (co+t—D/3 1 22/3 23,
———= - < < <50 <
N Nl c c 3c(co+t—1)2/3 7 3c(co+1)2/3 ~ 3¢3 TLpc3

(55)

where the first inequality holds by the concavity of the function f(x) = x!/3, ie.,

(x+ 0B < x4 5:775» the second inequality is because co > 2. Then with y; /11 =

Nn? (1 8Car7|B] 1 - 3/2 32Carc 3/2
B\, N ) wherey7,+1< for ¢p > max (7|B\ch) , ( )

can establish the following inequality by comblmng (53) and (54):

, We

SLa+1 OLat ] [ o
E| ——— +E G, t4+1—0x,1)
[ Ny Nni—1 . !

2Biy; %100 16NL} '
+ +— HA” -] )
N |Bln: (me il

CarrtpLLlBl 3Cat|B| 1 1 rHZ 8CaNC% o2
4N2 [8)“’] N2 (r L ) |:”A » +rt,;LL|B|E[”wt+l wl” :|
(56)

In Lemma 13 and Lemma 17, we also established the tracking error recusions for 8, , =

2
2 1
,and 8, = ”m,—@ D iesGi(w)| . Next,
we perform transformations on these recursions similar to the ones above, and obtain

2 SLang = |s" = VEL(w;,

o' -

- 2
S0+ Ogut :| 1 <1 1 Yu t+l|B|> 8|SIC 2
iof [ St . SLA N R £ 1l sl | 1 F P I g]E[w =W ]
LISl 1SIn—1] = 18] n—1 IS [¥e.1] Bl e =wi]
2 2
21BlYy 410 57)
|S|ne
gl S L /1 1 YsuslB E[s100.¢]
L Nu I AV N, Ladt
16NL 1 27 2IBly2,, 02
LA 2 t+1 t s,t+1
+iE[w el [t ] 2 (5%)
Bl [weer ="+ N
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2 2
) B 1 1 2y 0% 203 2
E[ i+l m,ti|s( B _Vm,t+l>E[6m’t]+ 19 [H 1 _ H]
nt N1 N Mi—1 nt nt [SIn:

gl w ] 235 ot e o]

2 2 . . . .
To control the ”u”rl —u || and || gt g || terms in (59), i.e., the differences in the
MSVR estimators u and s across iterations, we apply Lemma 17 and obtain the following

2C3 2
mE[HuH—l t” ] [” g+l SIH ]
8|B|C3V,42,t+1 8|B|C6J/32,,+1 2(23/“ 4103 -1-2)/Y ++1Co) 1B 52
IS12n, [Bee] + N2y, B [uani] ++ N,

18C3|S|C2  36CNL> 36Ce L2
3 8 4 6 LA E[”W[+1 _wt||2] 6 L)L)LEI:|)"I+1 )\‘l‘ ”Z]
n:1B| n:1B| 0| Bl

Now, by summing all the recursions obtained above with (56), we can derive the following
result. Note that the left sides of these recursions can be canceled after summing over ¢, while
we combine like terms on the right side for convenience in subsequent proofs.

8 8 Ca 1 s 8 s
IE[ Lo+l S ]HEJ [W(‘SA,I-H 5. ,)]HE[ g0+ 8.1 }HE[ Lani+] LM,:]

Nny  Nnp—y ISIne ISIne—1 Ny Nnp—1
2 2 2 2 2
+E [5m 141 5m,t] - 20 1 TV t Vs,z+1 + 2V 4163 +2v5, 1 CoIBI+ 2Ny, 4 o2
Nt N—14 Nt
2
1 1 1 Yu,t+1 18| S‘Blc—”yu t+1 < 1 1 Ym,t+1 )
+—(—- - + . E[sg ]+ — - — — 225 ) E 6
S| (m n-1 1Sl ISl e s (o]

2
1 {1 1 Ysu+11Bl 8IBIC6Y 4y Caer\w
= — Pt + : E[SLine] = ——5—E[8..]
N \n n— Nng Nng AN

[Blne Ny SN2

2 2 2
. (16LL + 1613, +36C6LE,, | 2Cs _ 3Car|B| (7 . )) 5 [HAIH L Hz]

8CaNC? (1612 +16L3,, +2C4 +36C6L2, N N (8C2 +18C3C2)|S|
Tt LB |Bln: |Bln:

x oH7E [Ime]?]

where we use w;11 = wW; — an,m,. To simplify the inequality above, we denote C7 =
16L74+16L7;,+2C4+36C6L7,;,Cs = 8C3+18C3C7,Co = 1617 +16L7,,+36C6L7 ;.

We then incorporate the results from Lemma 11 and 12 into the above inequality. Since
our final goal is to prove the conclusion regarding the stationary point (which involves the
V F(w;) term), Lemma 11 is needed. Additionally, Lemma 12 provides the stochastic gradient
estimation error bound ||V F (w;) — my |2, so it also needs to be included. The final result is
as follows:

5 5 Ca Serrl 8o 5 P
IE[ Laitl S ]+E [7(8}L.t+1_5k,t)i|+E|: g1+l Ogu }HE[ L+l LM,t]
Ny Nni—y N ' |Slne [S1n—1 Ny Nni—q
$ ) o 1 1
+E [M— .t ] ST F)IP < Fwo) — F(Wis1) + (n———— Yn.r1 ) E [8m.q]
t

Nt Nr—1 Ni—1 un

Z(Vz 1T Vu 1T Vs 1T 2yu 4163+ 27’5 1+1C0)1Bl + 2NVm 2 2Coan;
Ny N

E[8.]
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1 (1 1 Bl 8IBIC3y} 2c
( Yut+1151 ’ ”"“) [80.0]+ o R [54 /] + oneE [m.]

J’_i J— —
ISI\m m—1 |Sin: [Sn: S|

2
_ Ys,+11B] 81BICsv; 11 2Cran:
: > E|s8 E|s
( 1 Ny + Ny [ Lu,t] + N [ Lu.t]

2C5 3Cat|B| (1 o t2:|_CotrtfuL\B|
(IBlnr No. N2 (r L)>E[HA | el

8CaNC C7N  Cg|S a
+<*+ LA ')azn%E[nmtnz]Z’E[nmtnz] (60)

topp Bl 1Bl |Blne

Although the RHS of (60) contains many tracking error terms, we can actually elimi-
nate these terms by appropriately setting the parameters to make their coefficients negative.
Specifically,
8CoN

— For E[8) (], we can set C > w8 make 2C°°”7’ — C“’Z;é‘”m <0.
. SIBICSVL?M Vuit1Bl
— For E[,,], with y ;11 < @, we have ST < 35S Thus, we can set

_ 2|S| 4C1a|S1 .2 infl _1 i i
Vil = <7|B\ch* + =B )n,,andyu,,ﬂ < min{;, 16C3}canbeachlevedbysettlng

= max | (815! 32 16101812\ [ ea1s103 N2 [ 128€1 18| Caac? \ 32
Co=ma TLF|B|c ’ |B] >\ 7LF|Blc ’ |B] ’

2
8|B|C5Vs.t+l < Vs.r+11B|
N, - 2Nn;

: 1
— For E[81).¢], with y5 41 < Tocs» We have . Thus, we can set

_ 2N 4CaN\ 2 sl 1 : :
Vsii+1 = (7|B|ch* + |§5| )nt,and Ys.+1 < minf5, m}canbe achieved by setting

> max | (8N 32 N16caN\ [ 6ancs P (128CoNCoac?) /P
0= TLr|Blc ) 18] > \7L71B|c ’ 1B :

— For E[5,, ], we can set yj, 141 = (7Lpﬁ + a) ny and Y 41 < § can be achieved by

3/2
setting co > max i(ﬁ) ’ (40[62)3/2}.

(1 2 . 1 2C 3Curt|B|

~ For B2+ — a'|?], with Ly < 5. we hav Mo~ e (L) =
Co . 2Cs _ 3Cat|B] ; > 2ACot2CHN? 26s _ 3Cet|B|
i+ W~ anae - By setting C = SETERES, we have g + 5 — R < 0.

18| Bl 1 [tulBl
2C;N° 12C3[S]* T,V 96CN

<8Ca1vcA n |%7|N n c8|5|> a4 <0
Nt ! -

— For E[|m,|?], with « < min

}, we further have

T LBl [Bn

With all these considerations in hand, we obtain

8 8 C 8 8
IE[ L+l OLig ] +E[7a(8;\,,+1 —813,)} -HE[ g+l Ogu }

nny nne—1 nng nne—1

) )
+IE[ Lidi+l LM,:]
nne nne—1

1) 1) o
+E ["’T“ - ﬁ] ST FwolI? = Fiw) = FWe) + O
t r—

As we discussed earlier, by summing the above equation over t = 1,2, --- , T, the left-
hand side terms can be offset and canceled. Thus, we obtain:

T
o
E|Y S IVEODIP| < Fw)—F(wr)+

=1

E[82.,1+8g,1+8Lm,1+n8m1]
nn
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%E[ak,lhoaog(ﬂl)).

Denote M = F(Wi) = F(Wri1) + 5B [813,148¢, 148030, 1418 1] + SEE [8,1] +
O(log(T + 1)), then we have

E - vEwl2| < X
Zﬁ” (wo)ll _777"77".

t=1
c M M (cot+D'? _ M | mrs 1
Note that nr = W, SO m =7 c < Tc + Tc ~ 0 (W), where

the inequality is due to (a + b)]/3 < al3 + b3, thus we have

Ny ) 1
E|Y —IVFwI 50<m).

=1
O
Proofof Lemma 12 In this lemma, we will derive the gradient estimation error bound

IVF (w,) —m,||? for the objective function F(w). First, we introduce an intermediate term
ﬁ Y ics Gi(wy) to facilitate the analysis

2
1 1
IVF (W) —my|* = |VF (w;) — S D Giw) + o5 > Gi(w) —m,
ieS ieS
1 ? 1 ?
<2 VEW) — =Y Giw)| +2|—= Y Gi(w)—m,
IS ieS IS ieS
1 1 ’ 1 ?
=2 =Y VE W) — =Y Giw)| +2|—= Y Gi(w)—m
|S| ieS |S| ieS |S| ieS
2
1 1
szﬁZnWi W) — Gi (W)l +2 EZG,» (W) —m, (61)
ieS ieS

In order to bound ||VF; (w;) — G; (w,)||2, we introduce V F;(w;, )Lfl), which uses the
estimated lower-level solution A; instead of A4 (w;) in V F;(w;). We can first establish the

2
q) H as follows

bound for HVFi (w;) — VF; (w,, Al
0051 ()

=

[P O g (W) = V25 L (%, 3g (VI Ly (We. g W)™ V3 O, g (W) | i 31 (W)
Vi (W g (W) Vi (WY f; (81 (W) — Vi (W, X)) Vigy W)V fi (g (W)
[T v, 2 = V2, Ly v 193, Ly v A1 Vo 200 ] fiter o |

<3| Va0 2 V) i 1)) — Bt v 24 f e v |
3| V25 L (W, hg WOV, L (We, g (W™ V055 (W, g (W) fi (83 (W)

2 o2 ty—1 o 2
V2, Lg%, MDIVE, Lg v, AT V30w, 24) £ (g (wo) |
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3 Ui W12 2 )51 VY i W) — 5 . 2V ) e )|
=313 B g (w) = 2 H2+9W [2g v H2+9 C%WALTL/ZAC@B% g =2, H2

T 9W H,\q(wt) a H2 +3c2c3c qu(w,) Y ”2

L? c2B: 2 cip c?
( 2 ka1//f+9kaLkA1/ff+9Lw)L1//f

2
_ (372 2,2 2 Lt
= (363 BF 40— = " +3cgcfcw> EACAEA I

Co

(62)

2
where we first expand ” VF;(w;)—VF; (w,, ){1) H by the definitions, then decompose it

into several terms according to inequality ||x] + - - - + X, 12 < nlxi >+ - - + n||x,||%, and
finally use the Lipschitz continuity or smoothness properties of these functions assumed in
Assumption 1 to derive their bounds.

2
Similarly, we can establish the bound for H VF; (w,, A;) — G (wy)

75 (0.2) ~0n0o |
= | [ (e 20 =92, La v ADIVE, L (e, 1)) V30 (w24 | iy (we))
i (W, 1)V g WOV Fi (85 (W) — Vi (We. ) Vigi (W) ¥ f; (u)

— [Twi w28 = V3 Ly v AT Vi (ow, 28] i)
2
<3| Vi (v, 24) £ (g1 () — Vi v, 1) fiw) |

2
3| i (W AV WO i (1 (W) = i (Wi, ) Vi W)V ) |

3 |V L (W, ADIVE, Ly (Wi )T V30 0w, 2 fi (5 (W)

—Vas Lgw A1 V50 (w. A f;

2 2 2
2 2 2272 CkaCC CLwAWJ‘
< 3Cwa+3B]/,CgLf+6T [l — g (wo)|* e st —vMLq(w,,Aq)H
—
Cy (&)

(63)
Thus, by combining (62) and (63), we have the bound for ||V F; (w;) — G; (w;) ||2
2 2
IVF W) = Gi w)lI? =2 |[VF v = VE; (wi i) 42 VE (wiad) = Giown|
Tk t 2 t 2 N
<2C0 [rgw = 24|+ 201 ol = giwo [P 426 [ - VR Lo | ©4)
As a result, combining (61) and (64), we derive the following inequality.

IVF (w;)—m,|?

S ZG (W) —m;

zeS

+—||k( 0= Tl ||u —gw)|?

S|
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4C,

2
+7Hs’—v,%lL(w,,A’)H :

One can observe that the stochastic gradient estimation error ||V F (w,)—mtll2 is

2
, the lower-level

actually composed of the STORM estimation error H ﬁzl csGi (Wr)

solutions estimation error ||k(w,)—A’ 2, and two tracking errors (Hu’—g(w,)”2 and
|s' =92, Lws, 0[P o

Proof of Lemma 13 We now begin to analyze the error bound between the stochastic gradient
estimator \‘]Sil Y ics Gi(w;) and its STORM estimator m;. According to the update rule of

my = (1= ) (Mot = iy i GiWi-)) + 1y Ly Gi (W), we have

2 2
1 1
Elle Y Giw)—m| | =E|m - — > Gi(w)
IS ieS IS ieS
2
1 1 1
=E| |0 =ymo |my— == > Giwp) |+ 7 D Giw) — —= > Gi(wp)
IBI ieB 1B ieB IS ieS
1 1 1
=E| |0 =ymo) | m1——= D Giwe)) | +vme | 7z D Gitwo) — —= D Gi(w)
IS ieS IBI ieB IS ieS
2
1 1 1 1
FA =) | oz D Giw) = —= > Giw)— = > Giw) + —= Y G,~<w,1>)
(lBl ieB IBI ieB IS ieS IS ieS
(65)

Due to the fact that E [ﬁ Yien Gi(wy) — ﬁ Y ies Gi (w,)] < o2 and the expectation

over the last two terms equals to zero, we obtain
2

(65 <E|(1—ym,»)° Y IGiwo-Giwin)| |-

ieB

1 1
m—— Y Gi(Wep)| 2y 0 20— ym.)
IS4 B|

(66)

Next, we aim to bound | G; (w;) — G; (w,_1)||2. We first expand the error term according
to the definition of G; (w;), then proceed with decomposition by inequality ||x{ +- - -+X, [|> <
nlxil* + -+ nllx, 1%

[Giwe) = Giwi)|* = [ [ Fwi e, 28 = V2, L e, 28 Blst 1™ Vv owe, 24 | Sy
_ [le//i (Wi, A7 — szvqu(Wtfl, Aﬁ,’l; Bq)[sﬁ[I]*lVM//i(w,,l, kt—l)} fi(uf-’l)
U (Wi, M) Vi (Wes BV fi (uh) — v (W, A1) Vg (w1 Bq)vf,'(ult._l)Hz

<3 vawi(wt, ALY frul) — Vg (g1, 1) “‘?_l)Hz
3|V w2 B 1,1 Voo, 24 fu)
Vg 2 Bt Vw2 D e[

2
+3 | i we, ) Vi (s BV Syl = w12 Vw1 BV @[T (67)
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Afterwards, we continue to use a similar method for decomposition. For the resulting
terms, we use the Lipschitz continuity or smoothness properties of the relevant functions
assumed in Assumption 1 to establish bounds. Finally, we combine like terms and achieve

|Giow) = Giw—p|* = 6¢3¢% |

u; fut 1” +12BfL¢ “w, w,_]Hz
2
+ 123}sz H,\’ — H

c? ,C2 B2 2
1// f t -1 Lwi=y " f |t r—1
+ 1200 e lwe = w2 a0 ” R N st =571

+ 12

L2 2 .cic? 2

Lwi _
'/fzf va)\(2||w, W 1|| +2H)L’ —)»t ]” )+1ZWTM Hulf—ul{ 1”
+9C2¢3C3 @ [wy —wi [* + 2, 7)3_1” )

+983,C12 [we —wi i P +983,C2L3 [uf -

o'

2 C2c 2
Lwr~y ™~ f 272 t—1
<6cwcf+12y2+93v,c Lf) o —uf~'

C3

c? B2 L% B2
+(1233L2w+24 ‘f/zf o + 242 fCLwA+18C2C%C¢+9B C2L2> |we — w1 |*

Cy

2,2 C%}B]% 2 LyB} 20202\ [ _y-1]?
+ (128715 424 Ly 424 =5 Cly +18CRCHCG |2 -21]

Cs

N um k- ,_1”2_ (68)
_L

Ce

By combining (66) and (68), we obtain the error bound for the STORM estimator my,
which has the following recursive form:

E ZG (Wr)

IES
2

<E| (= ymn)? [m_; — mZG(wt D[ +2v2.02
ieS

+231 _Vm,t)le‘ Z |Gi (W) — Gy (w,— 1)||

2(1 — ym.1)*C 12
< (1= ym)E I—EZGM D +2y$,,az+$”u’—u’ '

2, 20— Ym,1)>Cs

2201 = ym.)*Ce 2
201 = ym)2Cy | W — wi | 5 H +$Hs’—s’ 1”

H)"I _ -l
N
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2

< (I —ym.E +2y2 02

m;_j — Igll Z Gi(wi—1)
2C3 H 2Cs

2
His |

_ 2Cq 4112
a2 e g
It can be observed that the RHS of this error bound mainly involves the differences between

other estimators (including u, w, X, and s) at different iterations. O

Proof of Lemma 14 This lemma will establish the estimation error bound for the solutions A
for the lower-level problems, which is crucial for achieving parallel speed-up and the optimal
convergence rate. First, we consider the stochastic gradient estimators z for the lower-level
problems and the update rule for A:

(1= vz + e VL (s we; By)

Zf{ = +/31,t(v)»Lq()\';; We, Bq) - V)LLq()\tq_]; Wi—1; Bq))v lfq eB,
71 0.W.
G
e Ay — Tz, ifqeB
a = A 0.W. ’

Our proof strategy is to first establish the estimation error bound for the components
updated in the 7-th iteration, and then extend this to establish the estimation error bound for
all components. For the convenience of the subsequent proof, we define these two intermediate
variables: ):f] = Aﬁl — rz;, )_L; = )\; + 1 (5\; — )\;) for g € B. Note that

Tt
|

= 1 =20

2 ~ 2
=[x+ 7l =) =2y

— Ag (W)

2 2 -
+ 7} + 27, (g — g (W) (Al — Ap).

t t
)‘q _)‘q

By rearranging the above equation, we obtain:

2
_Tt

2
(W)

2 ~
u = rq(We) Ay — Ay

13 Tt 13 1 1t 2
Oy = kgD (R =3 = 7= ( ) .
(69)

Next, we derive a tight bound by leveraging the strongly convexity and smoothness of
L. By utilizing the strongly convexity property of L, (W;, 1), we can establish the following

lower bound

Ly 2) 2 Lyw, 1)+ WLy, 20— 1) + 25 o 50

= LW, AL) + V3 Ly (Wi, ALY Ou— 34) + VL (wy, A Gl — 2y + EE HA x|’

=Lg (W, M)+ (= 3L +(VaLg(Wp, ) — 2)(h — A+ V3 Lg (W, A;)(A;—A;)

2
L t
HL Hx—xq

It is notable that we perform a fine-grained decomposition of the RHS terms. In fact, we
will see that (Vy Ly (W, A;) — th)(k — A;) is closely related to the estimation error of zf].

For VL, (w;, )\;)(i;—)\;) and zﬁl o= ):;), they can actually be bounded by the smoothness
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property of L, and the update rule of z,. Specifically, since the function L, (w;, A) is also
smooth, we have

Tt tN(t t Ly | t||? t
Ly 3 = VaLg w2 (= ) = = |1 =2 | = Lo w2,

Combining the above inequalities, we have

Ly(Wi, 2) = Lg(We, M) 42, O = 1)+ (Vi Lg (Wi, M) —20) (O — A})
Ly

2

Besides, by using the update rule of z,, we obtain
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By combining the above two formulations, we obtain the following:

R B IPRE:
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2

Note that the second term on the RHS of the above equation can be bounded using (69).
Thus, we have

+ (VaLg(wi, 1) — 2y — 3y + BE Hx A
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Since L, (w;, 5\;) cancels out on both sides of the equation, we finally obtain the following
result regarding the estimation error bound for the components updated in the 7-th iteration
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where we use 7; < % and uy < Ly in the second inequality, and use X; = A; +1 (X; — A;)
in the last inequality.
Notice that for g € B, we have )L; = A;‘H , and according to the properties of conditional

expectation, we obtain
21 _ 1Bl [ |5 2] N-—1B| 2
EUA;“ —Aq(w,)’ ]: W}E[ X —xq(w,)‘ ]+TIE ‘A; —Aq(w,)’

vl Bl 12, 45 Bl P
5(1—7” )qum)—xq LR VL w7
371B| (1 i+ 1|?
- —— Ly | =
2tN <‘L’ L) a a

Further, we can derive the recursion for the estimation error bound as follows
+1 2
B 25 =g v

< <1 + %}\L]'B') E [HA;H _ xq(w,)Hz} n (1 + L) IE)[”Aq(th) - xq(w,)m

T | Bl
T B (2 87 7|B| t )2
(1 ) st 4] S oyt )
38| (1 ' 2 8NC? 2
(L) g s i -]
oN (r L) ] Tk Lt

where we use inequality a+b]1% < (14y)[lall*+(1+)[b17 ¥ > 0,(1—e)(1+5) < 1-5,

and the assumption 7,7 < % ie., %I\L,‘B' < 1 in the last inequality.

Taking summation over all queries and expectation over all randomness, we have

2 Tt | Bl 21 8tt|B 2
IE|:H)J+1—)\(WI+1)H :| < <1—%)E[Hk(w,)_ﬂ H ]+ILIL7N ||V)LL(WT7)J)_zl “
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N (r L) + T | Bl Hwt'H Wi H

We can see that due to the unique design of z and the meticulous analysis, the RHS
of the above equation includes a negative ||)J ) || term, This is crucial for offsetting

the positive ”A’H — A ”2 terms that appear elsewhere in the proof, thereby establishing
convergence. O
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