W48 % AW it & HL 2 il Vol. 48 No. 4
2025 4F 4 A CHINESE JOURNAL OF COMPUTERS Apr. 2025

ETHHEWIEOBNEE TRENSHMERFR

Zoa x| F

(hEARRKREEBA TR dbat 100872)
(bm i KBRS Ak ds s s dead 100872)

B E T aIBENLERE T % (Stochastic Gradient Descent with Momentum, SGDMDTEAL## 24 > 58] T
Tz R AR FR S P 5 1 5 Z SR AR A . 7R AR B SCER YT SGDM 1 70T F2 B4R FR 7E 301 B8 2 S I, T v A
BTN . SR A R A T el THAR S R s G O S0 —[R]8, A SGDM 2
HET S AR A W SR BRI Z AL B 4 T 1 AR SO BR 5 A 1 B 5 S AR D I, 3 LRI ATT T, 4 5 iz 4k
FEBLRE SGDM M AR o tb4b . [R5 SR SORNZ A6 B 1 28 % SGDM 76 X PR b A8 R A RE , A SChy Hie
SERRRE T PIASHNE SR IR A SGDM Bk M Pl o IR » A SCl 3 S50 92 50 00 T B3 434 i AR 3 119 6 B
If HISE T T AR anfu] 5E ez £k SRR 1 A8 fh i %

RERIA BEHLBREE T I LA B 2 A 50 R R
REESES TP311 DOIS  10.11897/SP.J.1016. 2025. 00763

High Probability Bounds of Non—Convex Stochastic Gradient Descent
with Momentum

LI Shao-Jie LIU Yong

(Gaoling School of Artificial Intelligence, Renmin University of China, Beijing 100872)
(Beijing Key Laboratory of Big Data Management and Analysis Methods, Beijing 100872)

Abstract Stochastic gradient descent with momentum (SGDM) has been widely used in machine
learning, but its theoretical properties are poorly understood. In non-convex domains, the
existing literature mainly focuses on the analysis of SGDM in expectation, while the analysis in
high probability is relatively scarce. The importance of high-probability results is that they hold
for the worst-case scenario in the sample space. To address this problem, this paper provides
high-probability convergence and generalization bounds for SGDM. The derived convergence
bounds match the existing in-expectation results, and to our best knowledge, the derived
generalization bounds are the first to be proposed for SGDM. In addition, considering both
convergence and generalization helps to understand the excellent empirical performance of SGDM
in practice, and our theoretical results explain the superiority of two recently proposed SGDM
algorithms. Finally, this paper validates the reasonableness of the assumptions used in the
theoretical analysis through numerical experiments and examines how these assumptions influence
the variation rate of the generalization bounds.
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Background

SGDM is a widely used algorithms in optimization area. It
enhances the basic stochastic gradient descent method by
incorporating a momentum term, which helps accelerate
convergence, particularly in the presence of noise and ill-
conditioned landscapes common in high-dimensional non-convex
optimization problems. Despite its practical effectiveness, the
theoretical understanding of SGDM remains limited, especially
when considering its behavior in non-convex domains.

Overally, the existing literature primarily focuses on
analyzing SGDM in an expectation sense, which provides insights
into its average case performance. However, the lack of high-
probability analyses means that little is known about the
algorithm's performance in worst-case scenarios. Understanding
high-probability convergence is essential because it offers stronger
guarantees regarding the performance of optimization algorithms.
This gap in the theoretical understanding of SGDM motivates the
present study, which aims to provide high-probability

convergence and generalization bounds for SGDM.
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In this paper, we advance the understanding of SGDM by
deriving high-probability convergence bounds that align with
established in-expectation results. Importantly, we also introduce
generalization bounds for SGDM, which, to our knowledge, are
the first to be proposed for SGDM. By addressing both
convergence and generalization, we not only illuminate the
algorithm’s effectiveness in practice but also elucidate the superior
characteristics of two recently proposed SGDM algorithms,
which have garnered attention in the machine learning community.
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