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Generalization Bound Regularizer: A Unified Perspective for Understanding
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Abstract Empirical Risk Minimization (ERM) aims to learn parameters of a model that can perfectly, at least,
master a set of observed examples. Beyond ERM, the Weight Decay (WD) regularization term is also necessary
to ensure the trained models with generalization ability on unseen objects. However, the form of WD targets at
making the learning parameters small during optimization, which naturally lacks smooth connection to the
concept of generalization, especially for multi-layer deep networks. This paper first aims to bridge this gap
through a proposed unified framework, namely Generalization Bound Regularizer (GBR), which is theoretically
deduced from the robustness and generalization theory. Specifically, we demonstrate that optimizing WD term,
as a part of the loss objective, is actually optimizing an upper bound of the underlying GBR, which is directly
related to the generalization ability of models. For a single-layer linear system, this upper bound can be derived
directly; for a multi-layer deep network, this upper bound is obtained via additional relaxations of several
inequalities. By introducing Equivalent Norm Constraint (ENC) and further equalizing the GBR and its
corresponding upper bound, it is easy to get a more generalized model with improved recognition performance,
which is comprehensively validated on the large-scale ImageNet dataset.
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A2 S RBE TS o (BTN o I ™ R A A S AE 2
JEMZE T GBR IS, A SCKE ENC 6 AF B £
BT AT A AT IR I 28 2 (BN JZERAE), I
BB ASCHREEN R R HAA — A BN R

Wi

2
=17
E

5 LI

51 XWgE

NTBAERTIR ) ENC &R R, A
SR ImageNetlP2 & (4 4 K ERAE HEAT T 454 52
5o NTAPHHATIR, BTALKRMES—M
pytorch®UEAL RIZ AT, AIRMASEL MR 25 5L,
B 5P — 5, AR AAE T A
0 2% B9 B Al 22 3 2 A R B A BN 0, X
IR AL GBR HEZLHE T RIS ROEWFET 3.4). X
TRA R, A SCRAE SCIRE b o fh
BEHLA /N BT B HLK TRlES . AScilid sGDPY
MER IR GRFT A 28 254, FLh A E 3280 R 8
o4 0.0001, ZhEAN 0.9, -] 100 MR, 2]
FM 0.1 4G, B 30 ANME UK /N 10 5. St
IRK/INCE R 256, I HAE A 8 4~ GPU(H1~ GPU32
Sk BMG) BEAT I 25 o AN SR A SCIRE eh BRA AL R
WILEAL g . 1EER, HTREA—LXES WD
ZNAAEAE—5E Hph 58, RIRAE R ENC 1, A
SCIERH T o RS 1 3 B E W) R R B I kI A
E o

5.2 ImageNet4y 3 K jBimh SE 1

TEAFTH, ARSCEL 0T 24N 0 R 5 E ENC
1 e -

ENC HIBRELIMBRRAT A2 A CE KHE
IR PYAS 2B (B 2 2(20)-(23)) I BE I 1L o A ST ik
# ResNet-50PME Jy L F M2k, 76 2 FA# ] ENC
IPUAAF L. 3R 140 T AN RS L. N
TR EE R 22, ASCES T WN-ResNet-50
F1 WS-ResNet-50 IR FE, 28 ENC E2HL2
FETF WN R WS 185, ITZRAEEAIE 1R FE i 26 an & 2
HHTR. MR 1K 2 o, ARSCUEREITE ENC 4%
TR, WSINGRAT LIRSS R, 2 bRt
B TR, W R R R LA E
Ao TR, AS(22)HAR T AR S IERE ,  ATbA
RICHGAE 5 2R s i v R A 20 (22) 75 8 ENC (1 ER A
L. (HAHIANE, ENKE, ENC Af 55
REARUA [E (A A, TZEDI R B, 250l F WN 8§
WS, AL AN S AR )L 1T L2
ANit. XEEEEE(S1S ENC 2813 4EH S

80

= ResNet-50, val
----- ResNet-50, train

—— ResNet-50 (+ENC), val
----- ResNet-50 (+ENC), train

10 30 50 70 90

b
ik

2 WHIAHA ENC 1 ResNet-50 [k 2 it 26 &], “train”
AL, “val” (RIS

&1 ENC NEISLIBIMREAR S EERE MR, 25
PR FRTEN T H&REEERNR

Bt EF ML Top-1 #% % (%)
ResNet-500! 76.54
Y WN-ResNet-50Y 76.44
WS-ResNet-501! 76.74
A3(20) ResNet-500! 77.09
AR(21) ResNet-50°4 77.25
ENC
AR(22) ResNet-500% 77.44(:09)
A(23) ResNet-500! 77.21
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ENC 2 FB EREE KT GBR RIRABAZ
e S1? AT W IGER GBR FI WD 2 Bl L R R,
PEH T ENC %M, %3 ENC 2544 1] LAk —25 fR
GBR Htfn. ik, A3C7E ResNet-50F! -4 WD
A A=10", Xfa A AT A ENC 4&1F T GBR
BAEER, AR18))HAT T 4. A SCE RIS 224 T
A =107 P2t —B 2% . MWK 3 HrTblE
t, ENC szt —20/h 7 GBR #fi, 1 HH &
SHMEELE L 2 =107° PIHHLEZ /N, NTSE T
ENC ffff & 85 B 7 GBRSRIRTHERZ 1L A

—— wd A =10"% +ENC, val acc: 77.44%
— wdA=10"%, val acc: 76.54%
2.0 — wda=10"73, val acc: 70.19%
1.5
im
o
&
0 1.0
0.5
0.0

20 30 40 50 60 70 80 90
Bk (ResNet-50)

KBl 3 WA IAHA ENC [Tl GBR i 1 Eb s
Fz2 FERSRMENCGEHITHERIUARAESER

AR AR BCE N AT A PR ARPER 2
THERIRAL, ASCHSERT A7y 9P A -

o BE: XAIEMAL T VAR BT A K,
A EA L, IENAL R FE L ResNet-50 45 SRAA S
A ENC 5. EREEA TTEM 2 BOAE
HIL, IEMIML. ENC %10 L &R E T 09 ANE
I RUIRE I o

o RE: ASCFIF Dropout® T DropBlockPfE Ky
PR 2 AR T HRHE R A i AT X . 555
SCERPI g #3, Dropout {XFESE — BN 22
JE 14 i . DropBlock S%H] 7 Ji B4 £ - ResNet-50
IR AERCE o« 1% IE N 5 VA GRS AR T 228
(i 0k (0.1%-0.2%), 5 ENC [ THIEE 21
1R K(0.9%).

&3 T1EET ResNet-50 AY ImageNet IIFE _Fi#H{TFGSM B
EWEHE, H Top-1 () HERME

By Top-1 4% £ (%)
Heik 17.54
ENC 29.874123)
Cutout™ 18.26
Mixupt®! 21.64
CutMix" 32.94
LabelSmooth* 27.11
ENC+Cutout?™! 31.49
ENC+Mixupt® 26.34
ENC+CutMix?®” 33.12
ENC+LabelSmooth® 34.03
ENC+CutMix®+LabelSmooth! 34.81

Byt 7 (ResNet-50) Top-1 #& % (%)
- +L, &%, wpa=10") 76.54
+ENC 77.44
+Dropoutt®¥ 76.67
FHIE
+DropBlock®! 76.79
+Cutout®® 76.48
+Mixupt®! 76.70
BARIbR2E
+CutMix®" 76.57
+L.SEe! 76.75
+ENC+Cutout®™ 77.47
+ENC+Mixup®®® 77.50
+ENC+CutMix*" 77.94
HeE +ENC+LSE 77.37
+ENC+Cutout®+LsE! 77.54
+ENC+MixupPl+L s 77.59
+ENC+CutMix®+L s 77.96

ENC 27 HHAhRTHZ M RE /I IEN T ¥R
RF? M — ML TE, A0k ENC 532
AN ) o IE AL 7 i53E4T 1 L. P SE G

o BUHE/FREZE . LabelSmooth*¥(LS), Cutout!®!,
MixupPeIAT CutMixP % 53 i 47 (6 1E WA 7 i3 5
1E 3 5 K4 B3 AR 25 A SCE AR AL Z AL MR RS« 45 M
/] i) 100 NI R4 UK, Cutout 858 2R il AR 1 e,
M HAth 7732: 5 Dropout/DropBlock 28181, XA 4k
(I E53E(0.1%-0.2%) . 1] ENC 5 43 Rt 3w 7 %
HEREAL 1 R

o HE: AP ENC RIS RES S
HA SR RN FAR RS, PAE T [R] HX 2 5
TREERAE i, TSRS i PERE . BTG
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3, ENC &5 & HAbIEMIML ik petg it — 20 B it m
FEAUKERE, il “ENC+CutMix+LS” fEns i KT+
LANET M.

ENC AT HIEZ RN iR H L ? HT
ENC B 7ERa P GBR, B F o g N AR
P A 0 T R A BAR 12 B A SR it et .
TIEIX — 5, ARSCEA TAE ImageNet  E ISR
] ResNet-50 1E A ET M4, IH-RM T brk T HAH°
o P W AR 755 77 72 (Fast Gradient Sign Method,
FGSM) B3k 47 358 AN [i] T J0) 4 77 3 11 5453 31 £ 190 2%
HITAERS . & 3 FEAR T ImageNet KF£EE
Z W JE AN i Top-1 /5, HAd ENC BA~12
NE T R T R A . (S — 3R
#&, f1F ENC A~4:1% Cutout, Mixup £ LabelSmooth
HEFE TN KRB FR 2238, {5 ENC {5 LA
2K PRI R T A1 . ENC 3%A5 RE WS BB eHT (1)
CutMix, ASCHEN 3= 25 K& Ky CutMix 78
T B AR R, AR A IR RIS E
25 BB Bt e e 5 fuk AR 22 2800 T X PO A 1 1
IREA. RN, ENC MERES CutMix 13k
B, JFHATLAZE A LabelSmooth i — DA
~2/NES R

R4 ERFNSERMEMLE _EFEFH ENC 7£ ImageNet 144
& FHIMEEEEF . R A3 ResNet, X {3 ResNeXt, D X3k

ENC 7 DA B SR EB AL L1
g? geAh, ASCEEAER ENC &4 R 7 HAb
BRI A MK 4R, 3F ResNeXt®™,
SE-ResNet™® 1 DenseNet!®, 1% 4 fir. AW
SR T AERR A AL A LIS LR, Bi%E ENC
M5, EVEREEA T — i8It

a KM, n LAk, TR M r it H —
B AAAE, fERTA LI, AL FEMH a=1
PR E . A — 0% o IMBUEM 75, FFER
B2 AN A 8 (1) o A2 o0 Hofth i AU ? (2)
AT LLEEE ] o ? HT ResNet-50, ALt
B2 SBR[ Bl A, G5k 5 Fn. ASCMER
BE o ARG AT 5 5] S BRAR N 2 R 1, IF H AL
(X FhE S 7 WSEB e e AR I E . A SCHE
MBI ZREWEERANEHTATEREZ G
1) BN E 2B ZGRRHEREAT IH— 1k, X ShR
SO o SPRFIEBEAT 48 U R, AT R 2
SRR PG RN, SEIGRH o U AR EA
SN e A 45 R SRR I RS

#=5 ZHT ResNet-50 ¥ o =MEYEFR

DenseNet

LT ZHE R Top-1 ¥ (%)

R-50! 76.54
25.56M 4122

R-50C+ENC 774404

R-1010 78.17
44.55M 7.850

R-101®+ENC 78.44(,03)

X-50[! 77.64
25.03M 4.273

X-500+ENC 78.26(:05)

X-101% 78.71
44.18M 8.033

X-101+ENC 78.96:03)

SE-R-50'%1 77.55
28.09M 4.130

SE-R-50CU+ENC 78.23(40.7)

SE-R-101'1 78.43
49.36M 7.863

SE-R-101FU+ENC 78.75¢:0.3)

D-201 77.54
20.01M 4.367

D-201F+ENC 77.96(+0.4)

“https://github.com/IBM/adversarial-robustness-toolbox

a 0.5 1 2 AL 1)
Top-1(%) & i 77.31 77.44 77.40 77.08
N
6 Z5iP

AL ERETIHTRE%IHERPHEEESZ
W EN R R, 4 T SEAZ AR B G
f72 4k F 1E ) 351 (Generalization Bound Regularizer,
GBR), Jf 3 fi#A # % 5 (Weight Decay, WD)# i
T itk WD szBr_EREMRIL GBR ()
R, AWMERR BRIz R . T
K, ASCIR T 55 H 2 W (Equivalent Norm
Constraint, ENC)#fF, LLiE— %45 GBR 51 I
Ft WD Z[H] I EEES, A1 2 fE I ZRad FE e g
AN GBR 3G N, JEILAE KA ImageNet K%
HnsE EA TR, ACAMRUE T ENC BIA
R RN R

AR S NS RSN 2 T . B TE
PG b, ARSI R 28 W0 25 () e 2w BT 4o FH AR
BERWAH T NG 0. BB E M. 3T
G, AR SO RERS IR [81 25 A T3 AE R A 7T
Tz B2 50 11 b fh 22 TUAS SR BB R 0.
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K ITERE .
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ASCHTHR ) ENC SR AHE IR Ol 2 B LT
125 25Z W55 T CutMix. 244%, X2 H 7 EA
PR BT TE 1o 7EAS R B B 3 HoAR
CutMix 55 BITEHL T, K IIZREE K 100 e38n =
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Background

Weight Decay (WD) is a fundamental and
important technique for preventing overfitting risks in
both linear and deep neural systems. It is recognized
as the best strategy which has the smallest complexity
from a philosophical point of view. However, the
underlying role of the specific form of WD still needs
more exploration and understanding.

In this paper, based on the robustness and

generalization theory, we derive a framework of the
Generalization Bound Regularizer (GBR) which is
directly related to the generalization ability of learning
models, and theoretically explain that optimizing WD
is essentially optimizing the exact or upper bound of
the underlying GBR, thus providing a unified view for
understanding WD. According to the unified
framework, for multi-layer neural networks, we
explore to further strengthen the connection between
GBR and WD by holding the equal sign of the last
scaling inequality, and propose the Equal Norm
Constrain (ENC) condition to further constrain the
increase of underlying GBR, which is proved very
effective to improve the generalization ability of
state-of-the-art deep neural networks.
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