wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

FEZHENFNBES:. SSHASSHIFSRHN TH—RINHREN
W37, T, KERE, B

5IAEX

ZM8Er, T, KEE FRE REZUNHNBRE ISR SBEESNN TSRS
1. WEHELS, 2026, 53(4): 33-39.

LI Penggqi, DING Lizhong, ZHANG Chunhui, FU Jiarun. Rethinking Deep Generalization
Mechanisms:Establishment of Uniform Convergence Bounds Under Overparameterization and High-

dimensional Noise Perturbations [J]. Computer Science, 2026, 53(4): 33-39.

HUXEEE (SERXME IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
RIEBRUES RN IR ETEEREERRBL

Data Compression of Instruction Fine-tuning for Large Models:Refinement Based on Inference
Contribution

HENRS, 2026, 53(3): 136-142. https://doi.org/10.11896/jsjkx.250600087

BFFRERENSHMT SIEEE
Robust Estimation and Filtering Methods for Ordinal Label Noise

HENEIS, 2024, 51(6): 144-152. https://doi.org/10.11896/jsjkx.230700115


https://www.jsjkx.com/CN/10.11896/jsjkx.250600129
https://www.jsjkx.com/EN/10.11896/jsjkx.250600129
https://www.jsjkx.com/CN/10.11896/jsjkx.250600087
https://doi.org/10.11896/jsjkx.250600087
https://www.jsjkx.com/CN/10.11896/jsjkx.230700115
https://doi.org/10.11896/jsjkx.230700115

0 'H‘ :ﬁ‘ *fh ﬁ‘*‘ ‘% http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 250600129

AREZUNGNBRES . ISR LERERSMH TR —BWHFAEN

FEHeEF Tah KEE EEE
EEITAFWHENFER LT 100081
(pengqi. li@bit, edu. cn)

W E RENZRNSELEBAORERAVRANEILEEFHZEE X5 FILZR P RALLARTENH
BRI ELERAR YR, FHREAIER THREZUNI SN BANBREL, 28— S0RMRE L LRSI TN LE Lk F
FRXBEEAR AEANABLEREEN SR CHE, 48X — 2R EL R HETREORESY A RRFENH BRI FIZR
R, EMT KR REERZ I G BELX, B HERGEREML T AR ENE SR RFRDHF G R
RAMERR  FREFHAXN—HKAR . BT HEF AT PR ER e REE AN, Rk T RIS
ST AER G B PR R TR LA H M ik T R BRI Fid 42, B 7 — MR 52 iR £ MAE AR B2 3%
KEARF RRAAME,GEET — SRS AR AR I B EER S, ATERS RN EIER, TR T — 8Kz
MR ERMA. EHITIFT —BORME RS AR EAER Z X B Ik LM KIT,

KB 2 AR £ — BOKSOR S AR R ) & A 2 AL

hESES TP391

Rethinking Deep Generalization Mechanisms : Establishment of Uniform Convergence Bounds
Under Overparameterization and High-dimensional Noise Perturbations

LI Pengqi, DING Lizhong,ZHANG Chunhui and FU Jiarun

School of Computer Science, Beijing Institute of Technology,Beijing 100081 ,China

Abstract Deep neural networks demonstrate both powerful expressive capabilities and exceptional generalization performance,
which fundamentally conflicts with the classical statistical learning tenet that “model complexity harms generalization”, rendering
the analysis of deep generalization mechanisms under traditional frameworks intractable. Classic uniform convergence theory,con-
strained by its reliance on parameter space dimensionality and neglect of algorithmic implicit bias, fails to directly align with the
core characteristics of deep networks. To address this theoretical gap.this paper constructs a novel statistical learning framework
that integrates key features of deep models,thereby redefining the explanatory paradigm of uniform convergence theory for deep
generalization mechanisms. It derives the first effective uniform convergence bound for deep networks by introducing a surrogate
linear model that preserves overparameterization and high-dimensional noise-perturbation features,which reveals a benign role of
high-dimensional noise in improving generalization beyond classical low-dimensional theory. Building on this deep generalization
mechanism, it further proposes a scale-sensitive regularized training scheme and shows that the bound and the generalization error
decay with increasing sample complexity. Supported by both theoretical and empirical evidence, this work breaks through the
adaptability bottleneck of uniform convergence bounds and reopens the door for uniform convergence theory to analyze the
generalization of deep models.
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versus training set size under the normalized training procedure
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