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Abstract

It’s widely acknowledged that deep learning models with
flatter minima in its loss landscape tend to generalize bet-
ter. However, such property is under-explored in deep
long-tailed recognition (DLTR), a practical problem where
the model is required to generalize equally well across all
classes when trained on highly imbalanced label distribu-
tion. In this paper, through empirical observations, we ar-
gue that sharp minima are in fact prevalent in deep long-
tailed models, whereas naı̈ve integration of existing flatten-
ing operations into long-tailed learning algorithms brings
little improvement. Instead, we propose an effective two-
stage sharpness-aware optimization approach based on the
decoupling paradigm in DLTR. In the first stage, both the
feature extractor and classifier are trained under param-
eter perturbations at a class-conditioned scale, which is
theoretically motivated by the characteristic radius of flat
minima under the PAC-Bayesian framework. In the sec-
ond stage, we generate adversarial features with class-
balanced sampling to further robustify the classifier with the
backbone frozen. Extensive experiments on multiple long-
tailed visual recognition benchmarks show that, our pro-
posed Class-Conditional Sharpness-Aware Minimization
(CC-SAM), achieves competitive performance compared to
the state-of-the-arts. Code is available at https://
github.com/zzpustc/CC-SAM .

1. Introduction
Modern deep learning models, composed of multiple

neural network layers with millions of parameters, have
achieved remarkable successes in computer vision [24, 33,

*† Equal contribution. ⋆ Corresponding authors. Work was primarily
done when Z. Zhou worked as L. Li’s intern at Tencent AI Lab, Shenzhen.

41, 48]. A key enabler of deep learning is the collection
of large-scale datasets [29, 42, 64], which are normally split
into training and testing sets with presumably i.i.d. sam-
ples. However, such scenario provides relatively trivial tests
for the generalization of machine learning models. In prac-
tice, label [17, 25, 56] and domain [14, 18, 23] distribution
shifts are prevalent, due to the disparity between the data
preparation and evaluation protocols. A classical example
is imbalanced [15] or long-tailed recognition [60], where
a model is trained on highly imbalanced source label dis-
tribution ps(y) while evaluated on a uniform target label
distribution pt(y).

In this paper, we focus on the practical yet challeng-
ing deep long-tailed recognition (DLTR) problem, which
is inherent in the visual world [32, 60] with fundamen-
tal connections to many disciplines such as the power-
law scaling in network science [2] and the Pareto prin-
ciple in economics [39]. In computer vision, numerous
deep long-tailed learning studies have emerged in recent
years, which mainly belong to 5 categories: class re-
balancing [7, 10, 28, 40, 45, 52, 54], information augmenta-
tion [22, 27, 31,50, 55], decoupled training [20, 58, 62], rep-
resentation learning [9, 32, 51, 59, 65] and ensemble learn-
ing [6, 53, 63].

In this work, we propose a novel approach to DLTR
from a distinct angle, by seeking out flat minima in the loss
landscape of modern neural networks to ensure model ro-
bustness under parameter perturbation. Such optimization
strategy, termed flattening in our context, have been shown
in a myriad of literature to effectively improve generaliza-
tion of deep learning models in terms of supervised learn-
ing [13, 21, 35, 43], self-supervised learning [30] and con-
tinual learning [11, 44]. However, application and adap-
tion of flattening in the context of DLTR remain under-
explored. To fill this gap, we first show later in this paper



(Section 2.2.2) that existing flattening methods are ineffec-
tive for long-tailed learning, consistent with the observation
from a very recent paper [49], due to severe label distribu-
tion shifts. Accordingly, we present a new efficient variant
of the sharpness-aware minimization (SAM) [13] technique
based on the Decoupling paradigm [20] of DLTR, which
leverages the invariance of the class conditional distribution
between the source and the target domain. In a nutshell, our
contributions are three-fold:

• Through the lens of flattening, we corroborate a very
recent observation [49] that existing sharpness-aware
minimization techniques are suboptimal for deep long-
tailed learning, justifying the need of more effective
approaches to this important and practical issue.

• We introduce Class-Conditional Sharpness-Aware
Minimization (CC-SAM), a novel algorithm tailored
for DLTR that improves model generalization by ro-
bust training against class-conditioned parameter per-
turbation. This technique is motivated by the char-
acteristic radius of flat minima we derive under the
PAC-Bayesian framework and can be implemented ef-
ficiently.

• We integrate CC-SAM with the two-stage decoupling
paradigm of DLTR. Extensive experiments demon-
strate that our method can achieve competitive perfor-
mance on multiple public DLTR benchmarks, with re-
markable robustness to out-of-distribution samples for
open long-tailed recognition [32].

2. Preliminaries
2.1. Problem Setup

Throughout the paper, we denote scalars as s, vectors as
s, sets as S and equality by definition as :=. For a typical
d-way classification task in DLTR, suppose we are given a
training dataset S =

⋃n
i=1{(xi,yi)} , where n is the to-

tal number of samples. Let’s denote {n1, n2, ..., nd} as the
sample number of each class, where n =

∑
i ni. With-

out loss of generality, we assume ni < nj if i < j, and
usually nd ≫ n1, following a highly imbalanced class dis-
tribution. We further write the training (source) distribution
as ps(x,y) = ps(x|y)ps(y) and the testing (target) dis-
tribution as pt(x,y) = pt(x|y)pt(y). Consider a family
of models parameterized by w ∈ W ⊆ Rk; given a loss
function l: W × X × Y → R+, we define the empirical
training loss LS(w) := 1

n

∑n
i=1 l(w,xi,yi) and the pop-

ulation testing loss LT (w) := E(x,y)∼pt(x,y)[l(w,x,y)].
Having observed only S , the goal is to optimize for model
parameters w having lowest risk LT (w) at test time.

In DLTR, a key challenge is the label distribution
shift between the training and testing sets, i.e., ps(y) ̸=
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(a) 1D global loss landscape.
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(b) 1D local loss landscape.

Figure 1. Loss value vs. noise norm ratio ||ϵ||2/||θ||2. All ex-
periments are conducted on the CIFAR-10-LT with an imbalance
ratio of 100, implemented with the same backbone ResNet-32 and
averaged over 5 random seeds.

pt(y) [17]. However, it’s logical to assume no distribu-
tion shift within each individual class. That is, the train-
ing and testing samples are drawn i.i.d. from the same
class-conditional distribution, which indicates ps(x|y) =
pt(x|y). Here, we build our flattening algorithm upon the
decoupling paradigm of DLTR [20], where the feature ex-
tractor f(x;φ) and classifier h(z;θ) are trained by dis-
tinct sampling strategies in a two-stage manner, with w :=
(φ, θ).

2.2. Motivation

Previous studies have shown strong connection between
the geometry of the loss landscape and generalization of
deep learning models [1,16,19,21]. In this section, we first
empirically demonstrate that many deep long-tailed mod-
els exhibit sharp minima, and then show that naı̈ve appli-
cation of classical flattening operations results in limited
improvement. Motivated by these observations, we theo-
retically analyze the characteristic radius of flat minima in
DLTR to show that a class-conditional flattening procedure
is required.

2.2.1 Sharpness in Deep Long-Tailed Models

To show the pervasive sharpness in current DLTR mod-
els, we select two baselines (empirical risk minimization
of cross-entropy (CE), LDAM-DRW [7]) and two advanced
methods (MiSLAS [62], GCL [26]) from recent literature
to conduct experiments1. By perturbing the parameter θ of
the classifier h with increasing noise ϵ, we observe the loss
of each model on CIFAR-10-LT in Figure 1.

Figure 1(a) shows that, at global scale, the loss of CE is
the sharpest across a wide noise range. However, due to the
fact that DLTR methods usually employ distinct loss func-
tions, it’s hard to compare the sharpness of their loss land-
scapes in a fair and meaningful way. Moreover, large noise
ratio can easily flip the sign of parameters and deteriorate

1We re-implement all models via their publicly released code.
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Fi g ur e 2. P erf or m a n c e g ai n of n a ı̈ v e i nt e gr ati o n of fl att e ni n g o p-
er ati o ns wit h D L T R al g orit h ms. T h e n u m b er r e pr es e nts t h e st a g e
w h er e fl att e ni n g a p pli es. F or e x a m pl e, “ S N. 1. 2 ” m e a ns w e a p pl y
s p e ctr al n or m ali z ati o n o n b ot h st a g es. O nl y t h e first-st a g e r es ult
of L D A M is r e p ort e d si n c e it’s a o n e-st a g e a p pr o a c h. All e x p er-
i m e nts ar e c o n d u ct e d o n CI F A R- 1 0 0- L T wit h i m b al a n c e r ati o of
1 0 0.

t h e cl assi fi er d e cisi o n b o u n d ar y. T h er ef or e i n t his p a p er,
w e o nl y c o nsi d er l o c all y fl at mi ni m a, i. e., i n t h e p ert ur b a-
ti v e (||ϵ ||2 ≪ || w ||2 ) r e gi m e s h o w n i n Fi g ur e 1 ( b). Fr o m
t his l o c al vi e w, o nl y Mi S L A S is o bs er v e d t o h a v e a c o m p a-
r a bl e or fl att er mi ni m u m t h a n C E, s u g g esti n g t h at t h e e xist-
i n g D L T R m et h o ds h a v e p o or g e n er ali z ati o n a n d r o b ust n ess
a g ai nst m o d el p ar a m et er p ert ur b ati o n. M or e d et ail e d 2 D
l oss l a n ds c a p es c o v eri n g o v er all, h e a d a n d t ail cl ass es ar e
d e pi ct e d i n A p p e n di x E , a n d c orr o b or at e o ur o bs er v ati o n
i n 1 D.

2. 2. 2  N a ı̈ v e I nt e g r ati o n of Fl att e ni n g P r o c e d u r es

T o i m pr o v e t h e g e n er ali z ati o n of d e e p l o n g-t ail e d m o d els,
w e e x p eri m e nt t o n a vi g at e fl att er mi ni m a b y i nt e gr ati n g t h e
e xisti n g fl att e ni n g o p er ati o ns (st o c h asti c w ei g ht a v er a gi n g
(S W A ) [1 6 ], s p e ctr al n or m ali z ati o n (S N ) [4 ], gr a di e nts p e-
n ali z ati o n ( G P ) [6 1 ], a n d m o d el p ert ur b ati o n (M P ) [4 4 ])
i nt o fi v e r e pr es e nt ati v e d e e p l o n g-t ail e d l e ar ni n g b as eli n es
t o s e e if t h e y ar e g e n er all y b e n e fi ci al f or D L T R. Ill ustr at e d
i n Fi g ur e 2 , t h es e fl att e ni n g m et h o ds bri n g littl e or n e g a-
ti v e g ai ns i n m ost c as es. E v e n t h o u g h i n s o m e c as es t h e y
ar e b e n e fi ci al, t h e c orr es p o n di n g b as eli n es ( m ai nl y L D A M-
D R W) ar e t o o w e a k s o t h at t h e fi n al p erf or m a n c e ar e still
s u b- o pti m al, w hi c h c alls f or m or e eff e cti v e fl att e ni n g pr o c e-
d ur es f or D L T R. M or e i m pl e m e nt ati o n d et ails ar e pr o vi d e d
i n t h e A p p e n di x C .

2. 2. 3  C h a r a ct e risti c R a di us of Fl at Mi ni m a

L et’s r e- c o nsi d er fl att e ni n g o p er ati o ns i n D L T R fr o m a t h e-
or eti c al p ers p e cti v e. T h e e m piri c al l oss L S (w ) is t y pi c all y
n o n- c o n v e x f or d e e p n e ur al n et w or k m o d els, w h os e l a n d-
s c a p e m a y e x hi bit m ulti pl e l o c al or gl o b al mi ni m a wit h si m-
il ar v al u es of L S (w ) w hil e h a vi n g dr asti c all y diff er e nt g e n-
er ali z ati o n p erf or m a n c e (i. e., si g ni fi c a ntl y diff er e nt v al u es

of L T (w )). I n or d er t o fi n d a m or e eff e cti v e a p pr o a c h f or
g e n er ali z ati o n i n D L T R, m oti v at e d b y t h e hi g h c orr el ati o n
b et w e e n s h ar p n ess of t h e l oss l a n ds c a p e a n d m o d el g e n er-
ali z ati o n [ 1 9 ], w e f oll o w t h e s h ar p n ess- a w ar e mi ni mi z ati o n
( S A M) fr a m e w or k [1 3 ] b y o pti mi zi n g a n u p p er b o u n d of
L T (w ) d eri v e d fr o m t h e P A C- B a y esi a n fr a m e w or k [ 3 4 ].
Gi v e n a pri or o v er t h e p ar a m et ers b ef or e o bs er vi n g a n y d at a
a n d a p ost eri or o v er t h e p ar a m et ers d e p e n d e nt o n t h e tr ai n-
i n g s et a n d l e ar ni n g al g orit h m, t h e P A C- B a y esi a n fr a m e-
w or k b o u n ds t h e g e n er ali z ati o n err or of a n y m o d el i n t er ms
of t h e K L di v er g e n c e b et w e e n t h e t w o pr o b a bilit y distri b u-
ti o ns. Ass u mi n g a G a ussi a n pri or a n d p ost eri or, w e arri v e
at t h e f oll o wi n g g e n er ali z ati o n b o u n d (f or m al pr o of i n A p-
p e n di x D ):

T h e o r e m 1 ( Pert ur b ati v e P A C- B a y esi a n G e n er aliz ati o n
B o u n d). F or a n y ρ > 0 , 0 < δ < 1 , n u m b er of s a m pl es
n ∈ N + , k : = di m (w ), wit h pr o b a bilit y at l e ast 1 − δ o v er
a tr ai ni n g s et S s a m pl e d i.i. d. fr o m distri b uti o n T ,

L T (w ) ≤ m a x
||ϵ ||2 ≤

√
k ρ

L S (w + ϵ ) +

||w ||22
4 ρ 2 + l o g ( n

δ ) + O ( 1)

n − 1
.

I nt uiti v el y, o pti mi zi n g t h e p ert ur b ati v e b o u n d as a s ur-
r o g at e f u n cti o n eff e cti v el y s e e ks o ut p ar a m et er s ol uti o ns
w h os e n ei g h b or h o o ds h a v e u nif or ml y l o w e m piri c al tr ai n-
i n g l oss, t h us a c hi e vi n g a fl at mi ni m u m. N o w, o ur k e y i n-
si g ht is t h at t h e b o u n d is c o n v e x wit h r es p e ct t o t h e r a di us ρ
of t h e fl at mi ni m a, h e n c e t h er e e xists a n o pti m al ρ ∗ w hi c h
gi v es t h e ti g ht est g e n er ali z ati o n b o u n d:

ρ ∗ : = ar g mi n
ρ



 m a x
||ϵ ||2 ≤

√
k ρ

L S (w + ϵ ) +

||w ||22
4 ρ 2 + l o g ( n

δ )

n − 1



 .

( 1)
We d e n ot e ρ ∗ as t h e c h ar a ct eristi c r a di us of t h e fl at mi n-
i m a c e nt er e d at w . It’s w ort h m e nti o ni n g t h at s u c h o pti-
m al p ert ur b ati o n r a di us is o v erl o o k e d b y pr e vi o us lit er at ur e
o n s h ar p n ess- a w ar e o pti mi z ati o n, m ai nl y d u e t o ar g u m e nts
t h at t h e P A C- B a y esi a n b o u n d is t o o l o os e t o c a pt ur e t h e r e al
g e n er ali z ati o n err or [ 3 5 ]. H o w e v er, o ur T h e or e m 1 i ns pir e d
fr o m [8 , 1 2 ] e ns ur es a n o n v a c u o us b o u n d (i. e., t h e s q u ar e
r o ot t er m f alls b el o w 1, s e e e m piri c al e vi d e n c e i n A p p e n di x
B ) i n t h e o v er- p ar a m et eri z e d ” d e e p l e ar ni n g ” r e gi m e, r e n-
d eri n g t h e c h ar a ct eristi c r a di us r el e v a nt f or o pti mi z ati o n.

M or e o v er, t h e p ert ur b ati v e b o u n d c a n b e a p pr o xi m at e d
b y a first- or d er Ta yl or e x p a nsi o n, yi el di n g

m a x
||ϵ ||2 ≤

√
k ρ

L S (w + ϵ ) ≈ m a x
||ϵ ||2 ≤

√
k ρ

L S (w ) + ϵ T ∇ w L S (w )

= L S (w ) +
√

k ρ || ∇w L S (w )||2
( 2)
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: Cl ass- c o n diti o n al s h ar p n ess- a w ar e mi ni mi z ati o n. We t a k e
t hr e e cl ass es a n d cl assi fi er p ert ur b ati o n as e x a m pl es f or ill ustr ati o n.

( b) St a g e 2 : R o b ust tr ai ni n g of t h e cl assi fi er b y pr o gr essi v el y
g e n er ati n g a d v ers ari al f e at ur es.

Fi g ur e 3. T h e o v er all fr a m e w or k of C C- S A M.

a n d t h e o pti m al p ert ur b ati o n v e ct or

ϵ̂ ∗ (w ) ≈ ar g m a x
||ϵ ||2 ≤

√
k ρ

L S (w ) + ϵ T ∇ w L S (w )

=
√

k ρ
∇ w L S (w )

|| ∇w L S (w )||2
. ( 3)

S u bstit ut e E q n 2 i nt o 1 , a n d i g n or e l o g ( n
δ ) b y ass u mi n g ρ ≪

||w ||2 as w e dis c uss e d i n S e c 2. 2. 1 , o bt ai ni n g

ρ ∗ ≈
||w ||2

2 || ∇w L S (w )||2

1
2

k − 1
4 (n − 1) − 1

4 ( 4)

wit h t h e a p pr o xi m at e d o pti m al g e n er ali z ati o n b o u n d

L T (w ) ≈ m a x
||ϵ ||2 ≤

√
k ρ ∗

L S (w + ϵ ) +
1

2
√

n − 1
·
||w ||2

ρ ∗
. ( 5)

T h e first t er m c a pt ur es t h e s h ar p n ess of L S at w , a n d t h e
s e c o n d t er m s er v es as a r e g ul ari z er o n t h e m a g nit u d e of w ,
a ki n t o t h e L 2 r e g ul ari z ati o n i n S A M [ 1 3 ]. A k e y diff er-
e n c e h er e is t h at o ur r e g ul ari z ati o n t er m is w ell m oti v at e d
b y t h e or eti c i nt er pr et ati o n fr o m t h e P A C- B a y esi a n b o u n d.

3. M et h o d ol o g y

I n t his s e cti o n, w e i ntr o d u c e o ur t w o-st a g e s h ar p n ess-
a w ar e o pti mi z ati o n al g orit h m b as e d o n D e c o u pli n g [ 2 0 ] i n
d et ail. I n t h e first st a g e of t h e d e c o u pl e d tr ai ni n g, b ot h t h e
f e at ur e e xtr a ct or a n d cl assi fi er ar e tr ai n e d u n d er p ar a m et er
p ert ur b ati o ns at a cl ass- c o n diti o n e d s c al e. I n t h e s e c o n d
st a g e, w e g e n er at e a d v ers ari al f e at ur es t o f urt h er r o b ustif y
t h e cl assi fi er w hil e fr e e zi n g t h e b a c k b o n e. T h e c o m pl et e
ps e u d o- c o d e is s h o w n i n Al g orit h m 1 .

3. 1. St a g e 1: Cl ass- C o n diti o n al S h a r p n ess- A w a r e
Mi ni mi z ati o n ( C C- S A M)

N ot e t h at a k e y ass u m pti o n w e m a d e i n T h e or e m 1 w h e n
d eri vi n g t h e c h ar a ct eristi c r a di us of fl at mi ni m a is t h at t h e

tr ai ni n g d at a S ar e dr a w n i.i. d. fr o m t h e t ar g et distri b uti o n
T . H o w e v er, as w e e x pl ai n e d i n S e c 2. 1 , s u c h ass u m pti o n
is i n v ali d d u e t o t h e s e v er e l a b el distri b uti o n s hift b et w e e n
tr ai ni n g a n d t esti n g s ets i n D L T R. T o r es ol v e t his f u n d a-
m e nt al c o n fli ct, w e t ur n t o t h e cl ass c o n diti o n al distri b uti o n
p s (x |y ) a n d p t (x |y ) i nst e a d, f or w hi c h t h e i.i. d. ass u m p-
ti o n r e as o n a bl y h ol ds. A c c or di n gl y, w e d e c o m p os e t h e t o-
t al l oss L T (w ) a n d d eri v e a g e n er ali z ati o n b o u n d f or e a c h
cl ass s e p ar at el y, o bt ai ni n g

L T (w ) =

k

c = 1

L c
T (w ) =

k

c = 1

E x ∼ p t ( x |c ) [l(w , x , c)] , ( 6)

L c
T (w ) =  m a x

||ϵ ||2 ≤
√

k ρ ∗
c

L c
S (w + ϵ ) +

1

2
√

n − 1
·

||w ||2
ρ ∗

c

,

≈ ( 2||w ||2 || ∇w L c
S (w )||2 )

1
2 k

1
4 (n c − 1) − 1

4 ( 7)

ρ ∗
c =

||w ||2
2 || ∇w L c

S (w )||2

1
2

k − 1
4 (n c − 1) − 1

4 , ( 8)

ϵ̂ ∗
c (w ) ≈

√
k ρ ∗

c

∇ w L c
S (w )

|| ∇w L c
S (w )||2

. ( 9)

A n i m m e di at e o bs er v ati o n of E q n 8 is t h at t h e c h ar a c-
t eristi c r a di us ρ ∗

c is cl ass- d e p e n d e nt, m or e s p e ci fi c all y, n e g-
ati v el y c orr el at e d wit h t h e l a b el fr e q u e n c y n c . O n e p os-
si bl e i nt er pr et ati o n is t h at t h e m o d el is m or e c o n fi d e nt r e-
g ar di n g t h e m aj orit y cl ass es wit h hi g h er n c , d u e t o n o n-
as y m pt oti c esti m ati o n err or gi v e n li mit e d s a m pl es, h e n c e it
r e q uir es a s m all er p ert ur b ati v e r e gi o n i n t h e p ar a m et er s p a c e
t o e ns ur e fl at l oss l a n ds c a p e wit h r es p e ct t o t h at cl ass. A d-
diti o n all y, t h e cl ass- wis e g e n er ali z ati o n b o u n d L c

T (w ) i n
E q n 7 is p ositi v el y r el at e d t o t h e cl ass- wis e gr a di e nt n or m
|| ∇w L c

S (w )||2 , w hi c h eff e cti v el y e nf or c es h ar d e x a m pl e
mi ni n g.

It f oll o ws t h at o pti mi zi n g t h e a p pr o xi m at e d g e n er al-

i z ati o n b o u n d L T (w ) =
k
c = 1 L c

T (w ) yi el ds a n eff e c-
ti v e al g orit h m i n t h e first st a g e, n a m el y C l ass-C o n diti o n al



Al g o rit h m 1: Tr ai ni n g P ar a di g m of C C- S A M

I n p ut: Tr ai ni n g D at as et
S ∼ p s (x , y ) = p s (x |y )p s (y )

O ut p ut: M o d el tr ai n e d wit h C C- S A M

St a g e 1 :
I niti ali z e w = { φ , θ } r a n d o ml y
w hil e n ot c o n v er g e d d o

f o r e a c h b at c h B i i n S d o
C o m p ut e e m piri c al l oss L S wit h B i

Esti m at e t h e cl ass-s p e ci fi c gr a di e nt s et
G = { g 1 , g 2 , ..., g k } wit h r es p e ct t o L S

P ert ur b w wit h G a c c or di n g t o E q n 8 a n d
E q n 9

U p d at e w vi a E q n 1 0 a n d E q n 1 1

St a g e 2 :
Fr e e z e φ
w hil e n ot c o n v er g e d d o

S a m pl e b at c h es vi a cl ass- b al a n c e d s a m pl er
S ′ = { B ′

1 , B ′
2 , ..., B ′

m } ∼ p s (x |y ) ·U nif or m (y )
f o r e a c h b at c h B ′

i i n S ′ d o
C o m p uti n g e m piri c al l oss L S wit h B ′

i

O bt ai n t h e a d v ers ari al f e at ur e vi a E q n 1 2
E v al u at e o v er all l oss a c c or di n g t o E q n 1 3
a n d E q n 1 4

U p d at e θ a c c or di n gl y

S h ar p n ess- A w ar e M i ni mi z ati o n ( C C- S A M):

Gi v e n l e ar ni n g r at e η,

w ← w − η ∇ w L C C- S A M
S (w ) ( 1 0)

≈ w − η

k

c = 1

∇ w L c
T (w )|w + ϵ̂ ∗

c ( w ) , ( 1 1)

w hi c h is c o m p ut ati o n all y ef fi ci e nt si n c e it o nl y i n v ol v es
first- or d er gr a di e nts. E v e n w h e n w is cl os e t o t h e o pti m al
w ∗ , w h er e ∇ w L S (w )|w ∗ ≈ 0 , t h e gr a di e nt f or e a c h cl ass
∇ w L c

S (w )|w ∗ f or esti m ati n g t h e o pti m al p ert ur b ati o n v e c-
t or ϵ̂ ∗

c (w ) i n E q n 9 is m ost li k el y f ar fr o m z er o, cir c u m v e nt-
i n g t h e n e e d f or c o m p uti n g hi g h- or d er t er ms.

3. 2. St a g e 2: R o b ust Tr ai ni n g of t h e Cl assi fi e r

F or t h e s e c o n d st a g e, w e fr e e z e t h e b a c k b o n e t o m ai nt ai n
f e at ur e r e pr es e nt ati o n a n d c o n c e ntr at e o n r e fi ni n g t h e d e ci-
si o n b o u n d ar y of t h e cl assi fi er. F oll o wi n g D e c o u pli n g, w e
a d o pt t h e cl ass- b al a n c e d s a m pli n g str at e g y i n t his st a g e, t o
r e ctif y t h e cl assi fi er wit h u nif or m l a b el distri b uti o n. As d e-
pi ct e d i n t h e Fi g ur e 3 ( b), w h e n t a ki n g ori gi n al f e at ur e z as
t h e i n p ut of cl assi fi er h (z ; θ ), w e c a n g e n er at e a d v ers ari al

f e at ur es i n f or w ar d p ass as f oll o ws:

z a d v = z + λ
∇ z L S (z ; θ )

|| ∇z L S (z ; θ )||2
( 1 2)

L A = h (z a d v ; θ ) ( 1 3)

w h er e λ is t h e h y p er- p ar a m et er t o s c al e t h e a d v ers ari al gr a-
di e nt ∇ z L S (z ; θ )/ || ∇z L S (z ; θ )||2 . M or e o v er, w e e m pl o y
a pr o gr essi v e str at e g y t o b al a n c e L S a n d L A . At e p o c h t,

L = ( 1 −
t

T
)L S +

t

T
L A ( 1 4)

w h er e T is t h e t ot al n u m b er of e p o c hs i n t his st a g e, a n d L A

d o mi n at es t h e tr ai ni n g pr o gr essi v el y.

4. E v al u ati o n

I n t his s e cti o n, w e e v al u at e o ur m et h o d o n m ulti pl e
m ai nstr e a m D L T R d at as ets a n d c o m p ar e it wit h p o p ul ar
b as eli n es i n cl u di n g t h e st at e- of-t h e- art ( S O T A) m et h o ds.
M or e o v er, w e als o r e p ort t h e r es ult o n o p e n-s et r e c o g ni-
ti o n [3 2 , 4 7 ] t as ks t o d e m o nstr at e t h e e x c ell e nt r o b ust n ess
of C C- S A M t o o ut- of- distri b uti o n s a m pl es. I n t h e e n d, a n
a bl ati o n st u d y is pr es e nt e d t o v erif y t h e eff e cti v e n ess of o ur
d esi g n c h oi c es.

4. 1. D at as ets a n d B as eli n es

F oll o wi n g t h e m ai nstr e a m e v al u ati o n pr ot o c ol [ 7 , 6 3 ],
w e c o n d u ct e x p eri m e nts o n fi v e m aj or l o n g-t ail e d d at as ets,
CI F A R- 1 0- L T, CI F A R- 1 0 0- L T, Pl a c es- L T [ 3 2 ], I m a g e N et-
L T [ 3 2 ], a n d i N at ur alist 2 0 1 8 [4 6 ].
CI F A R- 1 0- L T/ CI F A R- 1 0 0- L T: T h es e t w o d at as ets ar e
s a m pl e d fr o m t h e ori gi n al CI F A R wit h diff er e nt i m b al-
a n c e r ati os β = N m a x / N m i n , w h er e N m a x a n d N m i n ar e
t h e c orr es p o n di n g n u m b er of t h e m ost a n d l e ast fr e q u e nt
cl ass es. F oll o wi n g [ 2 6 ], w e s et t h e i m b al a n c e r ati o as { 2 0 0,
1 0 0, 5 0 } f or e v al u ati o n.
Pl a c es- L T & I m a g e N et- L T: B ot h d at as ets w er e first pr o-
p os e d b y O L T R [ 3 2 ]. Pl a c es- L T c o nt ai ns 6 2. 5 K tr ai ni n g
i m a g es s p a n ni n g 3 6 5 cl ass es i n t ot al, wit h i m b al a n c e r a-
ti o 9 9 6. I m a g e N et- L T h as 1 1 5. 8 K tr ai ni n g i m a g es c o v eri n g
1 0 0 0 c at e g ori es, wit h i m b al a n c e r ati o b ei n g 2 5 6.
i N at u r alist 2 0 1 8: As a n at ur all y l o n g-t ail e d cl assi fi c ati o n
d at as et, i N at ur alist 2 0 1 8 c o nt ai ns 4 3 7. 5 K tr ai ni n i m a g es
fr o m 8 1 4 2 c at e g ori es, a n d its i m b al a n c e r ati o is 5 1 2. We
f oll o w t h e of fi ci al s pilt i n o ur e v al u ati o ns.

F or f air c o m p aris o n, w e e x cl u d e e ns e m bl e or pr e-
tr ai ni n g m o d els i n o ur e x p eri m e nts. T h e b as eli n es a n d
st at e- of-t h e- art m et h o ds e v al u at e d i n cl u d e ( 1) cl ass r e-
b al a n ci n g: L D A M- D R W [ 7 ], L D A M- D R W + S A M [3 8 ],
D e- c o nf o u n d- T D E [ 4 5 ], Lift e d L oss [3 6 ], F o c al L oss [2 8 ],
O p e n M a x [ 3 ], B B N [6 3 ], L A D E [1 7 ], Dis Ali g n [5 8 ],



CIFAR-10-LT CIFAR-100-LT

Imbalance Ratio 200 100 50 200 100 50

CE 65.68 70.70 74.81 34.84 38.43 43.90
CE + Mixup [57] 65.84 72.96 79.48 35.84 40.01 45.16

LDAM-DRW [7] 73.52 77.03 81.03 38.91 42.04 47.62
De-confound-TDE [45] - 80.60 83.60 - 44.15 50.31
CE + Mixup + cRT [20] 73.06 79.15 84.21 41.73 45.12 50.86
BBN [63] 73.47 79.82 81.18 37.21 42.56 47.02
Contrastive Learning [51] - 81.40 85.36 - 46.72 51.87
BGP [49] - - - 41.20 45.20 50.50
MiSLAS [62] 77.31 82.06 85.16 42.33 47.50 52.62
VS + SAM [38] - 82.40 - - 46.60 -
GCL [26] 79.03 82.68 85.46 44.88 48.71 53.55

CC-SAM 80.94 83.92 86.22 45.66 50.83 53.91

Table 1. Top-1 Accuracy on CIFAR-10-LT and CIFAR-100-LT. All methods take ResNet-32 as the backbone. All baseline results except
BGP are directly adopted from [26]. “-” means the original paper didn’t report the corresponding results.

cRT Stage 1 + dir Stage 1 + mag Stage 2 Acc

" 37.8
" " 38.9
" " 37.5
" " " 40.1
" " " " 40.6

Table 2. Ablation studies on Places-LT. “Stage 1 + dir” en-
forces parameter perturbation along the recommended direction
(∇wL

c
S(w)/||∇wL

c
S(w)||2 in Eqn 9) with magnitude of 1,

whereas “Stage 1 + mag” enforces perturbation with the recom-
mended magnitude (ρ∗c in Eqn 9) in a random direction.

LUNA [5], BGP [49], VS+SAM [38] (2) information aug-
mentation: RSG [50], (3) decoupled training: Decouple-τ -
norm [20], cRT [20], MisLAS [62], GCL [26], (4) repre-
sentation learning: Range Loss [59], OLTR [32], IEM [65],
Contrastive Learning [51], ResLT [9].

Our code is implemented with Pytorch 1.4.0 and all ex-
periments are carried out on Tesla V100 GPUs. We train
each model with batch size of 64 (for CIFAR-10-LT and
CIFAR-100-LT) / 128 (for Places-LT) / 256 (for ImageNet-
LT) / 512 (for iNaturalist 2018), SGD optimizer with mo-
mentum of 0.9. We apply similar tricks in Balanced Soft-
max [40] as the mainstream methods have done. Although
we implemented CC-SAM under a two-stage framework, it
serves as a general technique to improve the existing DLTR
methods without model perturbation (Appendix A.3).

Intuitively, CC-SAM brings more computation overhead
due to additional gradient descents. But we only perturbed
the last several layers as an efficient version of CC-SAM in

our evaluation. A simple training time comparison is pre-
sented in Appendix A.5.

4.2. Main Results

We evaluate CC-SAM on the five mainstream public
benchmarks mentioned above, and the corresponding re-
sults are reported in Table 1 and Table 3. The best method
is bolded and the second best is underlined. Accord-
ing to the evaluations, we observe that CC-SAM unani-
mously attains the best ranking on CIFAR-LT datasets. On
large scale datasets (Places-LT, ImageNet-LT, and iNatural-
ist 2018), CC-SAM shows competitive performance com-
pared to other advanced methods, too. Specifically, it con-
sistently brings better gains to the medium and tail classes,
demonstrating the effectiveness of class-conditional flatten-
ing for deep long-tailed recognition.

4.3. Open Long-Tailed Recognition

The ability to detect out-of-distribution samples from
the open world, namely open-set recognition [47], pro-
vides a unique dimension for evaluating the robustness of
deep learning models. Open-set long-tailed recognition,
or OLTR [32], combines the open-set problems with deep
long-tailed learning to offer even more challenging tasks for
model generalization. Following the setting of OLTR [32],
we enable CC-SAM to distinguish the close-set and open-
set samples by applying a simple, non-learnable prototype-
based metric. Results are presented in Table 4. We find
that CC-SAM achieves the top F-measure performance and
outperforms LUNA [5] on Places-LT, a SOTA with a so-
phisticated open-set detection method based on hierarchical
metrics. The experiments demonstrate the remarkable gen-



Dataset Method Backbone Many Medium Few Overall

ImageNet-LT

CE ResNeXt-50 65.9 37.5 7.7 44.4
Decouple-τ -norm [20] ResNet-50 56.6 44.2 27.4 46.7
Balanced Softmax [40] ResNeXt-50 64.1 48.2 33.4 52.3
LADE [17] ResNeXt-50 64.4 47.7 34.3 52.3
RSG [50] ResNeXt-50 63.2 48.2 32.2 51.8
DisAlign [58] ResNet-50 61.3 52.2 31.4 52.9

ResNeXt-50 62.7 52.1 31.4 53.4
ResLT [9] ResNeXt-50 63.0 53.3 35.5 52.9
BGP [49] ResNet-50 - - - 51.5
MiSLAS [62] ResNet-50 - - - 52.7
LDAM-DRW + SAM [38] ResNet-50 62.0 52.1 34.8 53.1
GCL [26] ResNet-50 - - - 54.9
CC-SAM ResNet-50 61.4 49.5 37.1 52.4

ResNeXt-50 63.1 53.4 41.1 55.4

Places-LT

CE ResNet-152 45.7 27.3 8.2 30.2
Decouple-τ -norm [20] ResNet-152 37.8 40.7 31.8 37.9
Balanced Softmax [40] ResNet-152 42.0 39.3 30.5 38.6
LADE [17] ResNet-152 42.8 39.0 31.2 38.8
RSG [50] ResNet-152 41.9 41.4 32.0 39.3
DisAlign [58] ResNet-152 40.4 42.4 30.1 39.3
ResLT [9] ResNet-152 39.8 43.6 31.4 39.8
MiSLAS [62] ResNet-152 - - - 40.2
GCL [26] ResNet-152 - - - 40.6
CC-SAM ResNet-152 41.2 42.1 36.4 40.6

iNaturalist 2018

CE ResNet-50 72.2 63.0 57.2 61.7
Decouple-τ -norm [20] ResNet-50 65.6 65.3 65.9 65.6
Balanced Softmax [40] ResNet-50 - - - 70.6
LADE [17] ResNet-50 - - - 70.0
RSG [50] ResNet-50 - - - 70.3
DisAlign [58] ResNet-50 - - - 70.6
ResLT [9] ResNet-50 - - - 70.2
BGP [49] ResNet-50 70.0 69.9 69.6 70.5
MiSLAS [62] ResNet-50 - - - 71.6
LDAM-DRW + SAM [38] ResNet-50 64.1 70.5 71.2 70.1
GCL [26] ResNet-50 - - - 72.0
CC-SAM ResNet-50 65.4 70.9 72.2 70.9

Table 3. Top-1 Accuracy on Places-LT, ImageNet-LT and iNaturalist 2018. As for Places-LT, we take a pre-trained ResNet-152 as the
backbone for a fair comparison.

eralization of CC-SAM due to its capacity to learn highly
robust representations.

4.4. Ablation Study

Since CC-SAM consists of multiple components, here
we provide an ablation study to demonstrate their effective-
ness. The result of experiments conducted on Places-LT are
shown in Table 2. In particular, CC-SAM degrades to cRT
without any of our proposed operations, which we take as
a baseline. It is observed that CC-SAM benefits from the

design choices of each individual stage, and the integration
of both stages shows the best performance.

We also study the class-conditional perturbation by dif-
ferentiating the impacts of choosing the right direction
∇wLc

S(w)/||∇wLc
S(w)||2 and the right magnitude ρ∗c in

Eqn 9, shown as ”stage 1 + dir” and ”stage 1 + mag” in Ta-
ble 2 respectively. For the former, we choose a perturbation
scale of 1. For the latter, we perturb the model parameters
by a random direction sampled from a zero-mean Gaussian.
It turns out the perturbation direction contributes more, and



ImageNet-LT Places-LT

Method Many Medium Few F-measure Many Medium Few F-measure

CE 40.1 10.4 0.4 0.295 45.9 22.4 0.4 0.366
Lifted Loss [36] 34.8 29.3 17.4 0.374 41.0 35.2 23.8 0.459
Focal Loss [28] 35.7 29.3 15.6 0.371 41.0 34.8 22.3 0.453
Range Loss [59] 34.7 29.4 17.2 0.373 41.0 35.3 23.1 0.457
OpenMax [3] 35.8 30.0 17.6 0.368 41.1 35.4 23.2 0.458
OLTR [32] 41.9 33.9 17.4 0.474 44.6 36.8 25.2 0.464
IEM [65] 46.1 42.3 20.1 0.525 48.8 42.4 28.9 0.486
LUNA [5] 48.2 44.7 23.6 0.579 48.1 41.6 29.0 0.491

CC-SAM 61.4 49.5 37.1 0.552 41.2 41.8 36.4 0.510

Table 4. Open long-tail performance of top-1 accuracy on ImageNet-LT and Places-LT. F-measure is a balanced treatment of precision and
recall. The backbone of CC-SAM is ResNet-50 for ImageNet-LT, while other compared methods are equipped with ResNet-10.

applying both attains the best improvement. For more abla-
tion studies, please refer to Appendix A.1.

5. Related Work and Discussion
5.1. Deep Long-Tailed Recognition

A latest survey [60] systematically studies up-to-date
DLTR algorithms published at the top-tier conferences and
introduces a new taxonomy, dividing DLTR methodolo-
gies into three categories: class re-balancing, information
augmentation, and module improvement. For class re-
balancing, a branch of sampling strategies [20, 40, 52, 54]
have been proposed to re-balance the training distribution.
Meanwhile, some studies design dedicated loss functions
[7,10,28,45] to dynamically re-weight the gradients for op-
timization. As one representative of information augmenta-
tion, RSG [50] enriches the feature space of tail classes via
dynamical prototypes and a maximized vector loss. Decou-
pled training [20,58,62] propose to learn effective represen-
tation and robust classifier according to different sampling
strategies in two stages.

Our method follows the decoupled training paradigm.
Moreover, to combat label distribution shift, our method
seeks out flat minima by perturbing the model parameters at
a class-conditional scale, which is unseen in existing DLTR
literature.

5.2. Flattening for Deep Learning Models

Sharpness as a generalization measure of deep learning
models has been extensively explored in previous litera-
ture [1,13,16,19]. Keskar et al. [21] empirically found that
a large batch SGD optimizer might lead to sharp minima
and poor generalization. Inspired by this, He et al. [16]
implicitly averaged along the SGD trajectory to find the
asymmetric valleys, namely asymmetric flat minima. Due
to the power of flattening, it has also been applied to many

learning tasks to achieve better generalization. Rangwani
et al. [37] introduced a domain adversarial training frame-
work by adding an auxiliary loss to smooth the local minima
for domain adaptation. Shi et al. [44] demonstrated that a
flattened model was resilient to catastrophic forgetting in
class-incremental few-shot learning.

In this work, we investigates flattening in the context of
DLTR. To our best knowledge, there are only a few works
which succeed in applying flattening to improve general-
ization in DLTR/OLTR. GBP [49] is built upon the ob-
servation of high correlation between logits and gradient
norm, and proposes a gradient penalty loss as regulariza-
tion. However, it lacks rigorous theoretical interpretation
by employing a very loose (vacuous) PAC-Bayesian bound
and meanwhile under-performs compared to our approach
(Table 1, 3). Liu et al. [30] develops a variant of SAM
that re-weights the perturbation at instance level to combat
data imbalance, without specifying an optimal perturbation
or giving any theoretical justification; thus, we regard it as a
simplistic and incomplete version of our method. Besides,
Rangwani et al. [38] observes that reweighting techniques
in DLTR lead to saddle points for tail classes, and directly
leverages SAM to alleviate this problem. In contrast, CC-
SAM further advances [38] by provides a theoretically mo-
tivated class-conditional SAM design for better generaliza-
tion and robustness to label distribution shift.
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