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Abstract

Balancing performance trade-off on long-tail (LT) data dis-
tributions remains a long-standing challenge. In this pa-
per, we posit that this dilemma stems from a phenomenon
called “tail performance degradation” (the model tends to
severely overfit on head classes while quickly forgetting tail
classes) and pose a solution from a loss landscape perspec-
tive. We observe that different classes possess divergent
convergence points in the loss landscape. Besides, this diver-
gence is aggravated when the model settles into sharp and
non-robust minima, rather than a shared and flat solution
that is beneficial for all classes. In light of this, we propose
a continual learning inspired framework to prevent “tail
performance degradation”. To avoid inefficient per-class
parameter preservation, a Grouped Knowledge Preservation
module is proposed to memorize group-specific convergence
parameters, promoting convergence towards a shared so-
lution. Concurrently, our framework integrates a Grouped
Sharpness Aware module to seek flatter minima by explicitly
addressing the geometry of the loss landscape. Notably, our
[framework requires neither external training samples nor
pre-trained models, facilitating the broad applicability. Ex-
tensive experiments on four benchmarks demonstrate signifi-
cant performance gains over state-of-the-art methods. The
code is available at:https://gkp—gsa.github.io/.

1. Introduction

Deep learning has achieved remarkable success across nu-
merous computer vision tasks [2, 9, 20]. This success is often
predicated on the availability of large-scale, well-curated,
and balanced datasets, such as MS-COCO [31]. However,
data encountered in real-world scenarios frequently exhibits
a highly imbalanced or long-tailed distribution [17, 62].
Models trained on such datasets tend to develop a strong
bias towards the data-abundant head classes, resulting in
significantly degraded performance on the tail classes.
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Figure 1. “Tail performance degradation” from the loss landscape
view. Starting from a randomly initialized point 6(¢o) of LT model,
(a) Training only on tail classes converges to 6(¢1) in a flat region,
while (b) standard training on the long-tailed dataset converges to
0(t2) in a sharp region. The optimization trajectory settles in 6(t2),
which causes tail performance degradation by diverging from the
tail convergence point 6(¢1). In contrast, our optimization (red line)
steers the model towards a solution * that remains closer to the
tail-class minimum 6(¢;) and resides in a flatter region (¢, and 6
on the axes denote projection directions for 2D visualization [23]).

A variety of approaches have been proposed to mitigate
this challenge, broadly categorized into three groups [67]:
class re-balancing [6, 15, 34], information augmentation [25,
57] and module improvement [5, 60, 71] approaches. De-
spite their demonstrated effectiveness, these methods often
encounter a fundamental trade-off dilemma [28, 29, 36]:
enhancing the performance on tail classes leads to perfor-
mance degradation on head classes, and vice versa (i.e.,
seesaw dilemma). While a recent trend involving more sam-
ples through external data [64, 68] has proven to effectively
address the dilemma, this approach is often infeasible in
real-world scenarios (e.g., medical) where data is private.
This limitation motivates a central research question: What
are the key factors in resolving the head-tail trade-off?
To answer this question, we delve LT learning into the loss
landscape view and analyze the optimization trajectories of
model parameters during training [3, 23].

In this work, we first visualize the optimization trajecto-
ries of a state-of-the-art long-tailed classifier, BCL [75], by



projecting model parameters onto the loss landscape. Fig. 1
reveals two critical observations from the loss landscape
view. First, the model suffers from “tail performance degra-
dation”: the standard optimization converges to 6(t2) in
Fig. 1 (b) that diverges significantly from the optimal con-
vergence point for tail classes 0(¢1) in Fig. 1(a) [10]. This
plot means the learned model focuses on head classes while
rapidly forgetting the tail classes. Accordingly, the learned
model with parameters 0(t5) yields inferior performance for
the tail classes than 6(¢1). Second, the model with standard
training converges to a sharp minimum: compared to (a), the
model settles at 6(t2) (b) within a sharper region in the loss
landscape. Accordingly, the model with 6(¢2) is inherently
sensitive to the underlying perturbation and not robust for
generalization across disparate classes.

These two reasons make the current LT training paradigm
fail to locate an optimal solution (i.e., 8*) yielding balanced
recognition performance for both head and tail classes [27].

Although standard LT involves joint training without ex-
plicit task boundaries, dominant head-class gradients even-
tually pull the model from tail-friendly flat minima. Recog-
nizing this implicit “forgetting”, we formulate long-tailed
learning as a continual learning (CL) task from the head
classes to the tail classes. Thus, we transfer the head-tail
balance issue into the knowledge preservation and acquisi-
tion balance in continual learning. Building on the insights
gained from our investigation, we propose a framework of
preserving Knowledge and flattening landscapes that is com-
posed of two branches: the Grouped Knowledge Preserva-
tion (GKP) branch and the Grouped Sharpness Aware (GSA)
branch. The GKP branch mitigates tail performance degra-
dation while GSA branch directs the optimization towards
a flat convergence region, promoting convergence towards
a unified solution beneficial for all classes. Subsequently,
an adaptive parameter, scheduled according to the training
epoch, is used to aggregate the losses from these branches.

The main contributions of this paper are as follows:

* We investigate the head-tail seesaw dilemma from the loss
landscape view and posit the underlying factors, i.e., “tail
performance degradation” and sharpness region.

* We transfer long-tailed recognition into a continual learn-
ing task to diagnose these issues.

* We propose a new long tail learning framework, including
a Grouped Knowledge Preservation (GKP) branch to pre-
serve existing knowledge and a Grouped Sharpness Aware
(GSA) branch that flattens the loss landscape.

 Extensive experiments show our method achieves state-of-
the-art performance on four long-tailed visual recognition
benchmarks.

2. Related Work

Long-tailed Learning: Long-tailed recognition presents a
significant challenge in computer vision, arising from the

inherent imbalanced distribution of real-world data [6, 15,
30, 39, 76]. Prevailing strategies to address this issue can
be broadly categorized into three families: 1) Class Re-
balancing [15, 34, 44, 69], which aims to counteract the op-
timization bias caused by class imbalance, typically through
re-sampling or re-weighting; 2) Information Augmenta-
tion [25, 33, 46, 59], which enriches data-scarce classes
by synthesizing or augmenting information; and 3) Module
Improvement [8, 16, 45, 60], which involves designing spe-
cialized network architectures or components to inherently
better handle the class imbalance.

Recently, quite a few works have focused on leverag-
ing external sources to incorporate additional training sam-
ples [7, 41, 48, 64] or large pre-trained models [50, 70].
However, a significant limitation of this approach lies in
the heavy reliance on external data or models. This require-
ment is often infeasible in practical scenarios where data
privacy is paramount (e.g., medical applications). Yet, these
methods pay little attention to the underlying reason for the
trade-off dilemma. This paper reframes LT from the loss
landscape view and proposes a new solution to alleviate the
“tail performance degradation”.

Sharpness of Loss Landscape: Research on model general-
ization increasingly focuses on loss landscape geometry. Ex-
tensive work has established that models converging to flatter
minima exhibit superior generalization [18, 21, 35]. This
principle underpins optimization methods like Sharpness-
Aware Minimization (SAM) [10] and Friendly Sharpness-
Aware Minimization [27].

In long-tailed learning, SAM has been adapted to improve
tail-class generalization. Early methods typically combined
SAM with standard re-balancing techniques [42]. Recog-
nizing different class requirements, subsequent works pro-
posed more granular strategies, such as selectively applying
SAM only to tail classes [73] or implementing fine-grained,
per-class controls [26, 74]. These works have proven effec-
tive for imbalanced data. This work also extends the SAM
framework for long-tailed classification by removing the
head-dominated global perturbation direction to improve the
performance of tail classes.

3. The Feature Quality and Landscape: A Mo-
tivation Study

In this section, we conduct experiments from two dimen-
sions: feature level and loss level to assess the influence of
“tail performance degradation”. All studies utilize BCL [75]
and our framework with CIFAR100-LT dataset [4].

In the feature level, we define the Feature Quality for head
classes and tail classes during LT learning. Feature Quality
@ is based on two components [38]: inter-class separation,
which measures the separation between different classes,
and intra-class variance, which quantifies the dispersion of
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Figure 2. (a) Standard training results in a sharp loss landscape
for tail classes, where the corresponding feature quality peaks and
then declines. (b) In contrast, our method flattens the landscape
and preserves high feature quality for both head and tail classes.

features within each class. In the loss level, we plot the loss
landscape geometry for head classes and tail classes after
model learning. Results are summarized in Fig. 2.

* Observation 1: For BCL [75], the feature quality of the
tail classes (red line) rises sharply in the initial phase,
peaking at epoch 120, after which performance declines.
While the feature quality of the head classes improves and
maintains greater stability. For our framework, both head
and tail classes exhibit a similar upward trend and stable
enhancement in their feature quality.

Analysis: These results support our claim that “the LT
model tends to severely overfit on head classes while
quickly forgetting tail classes with model training”. The
superiority of our method confirms that knowledge preser-
vation is a promising alternative.

Observation 2: For BCL, the tail classes have sharp loss
landscape geometry, while our method has a flat region for
both tail classes and head classes.

Analysis: This provides direct evidence for our claim that
current optimization “is sensitive to the underlying pertur-
bation and not robust for generalization across disparate
classes”. The Grouped Sharpness Aware strategy, by de-
sign, controls the flatness of different classes to balance
the performance between head and tail classes.

4. Methodology

4.1. Overall Framework

This section presents our whole framework, as illustrated
in Fig. 3. Given a long-tailed training dataset D =
{(z4,y:)¥.,}, where x; denotes a sample and y; € C repre-
sents its corresponding label with a total of C' classes. Our
aim is to learn a function fy with parameter § mapping from
an input space to the label space. The function fy is imple-
mented as the composition of an encoder a; = f(Ocne, ;)
with parameter 6., and a fully-connected layer as classifier
Wz, — gi.

Different from most previous works [25, 36, 75] that fo-
cus primarily on an effective encoder to enhance the long tail
learning, this work rethinks the LT learning from a landscape
view and devises a grouped knowledge preservation module
and a grouped sharpness-aware module to jointly ameliorate
the encoder and the linear classifier.

4.2. Grouped Knowledge Preservation Module

The design of the GKP module is inspired by the aim of
continual learning (CL) [52, 54], which addresses perfor-
mance degradation: the tendency for knowledge of previ-
ously learned tasks (e.g., Task A) to be lost as information
relevant to the current task (e.g., Task B) is incorporated.
Unlike imbalanced Class-Incremental Learning (CIL),
which tackles explicit sequential tasks with dual intra/inter-
phase imbalances [12], long-tailed learning operates under a
single joint objective. Thus, the key challenge in applying
our CL-inspired scheme is how to define tasks. A naive
per-class preservation strategy (treating each class as a task)
is computationally prohibitive for datasets with many classes
and severely hinders knowledge acquisition, as the optimiza-
tion is constrained by the excessive number of preserva-
tion targets. Conversely, a simple head-tail task split is too
coarse, ignoring the diverse convergence needs within the
tail or head classes and thus failing to effectively preserve
knowledge. Therefore, our GKP employs a memory-based
grouping strategy to balance preservation and acquisition
by clustering multiple classes based on their shared optimal
parameters and subsequently treating each group as a task.

4.2.1. Memory-based Grouping Strategy

Memory Construction. Memory-based Grouping Strategy
first constructs a memory bank [49] M to dynamically store

the encoder parameters 62, . that achieved the highest feature

quality for each class ¢ during training.
During model training, this memory bank is updated dy-
namically: at each epoch ¢, the current encoder parameters

é)SQC replace the stored 6¢, . if it yields a higher feature qual-

enc

ity @ (identified in Sec. 3) for that class c:

O () c
g¢ {eenc lfQ(eencv C) > Q(aenca C) . (1)

enc c .
0¢,,. otherwise
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Figure 3. Our framework consists of two key components: (a) The Grouped Sharpness Aware (GSA) module, which minimizes group-specific
sharpness to find flat minima. (b) The Grouped Knowledge Preservation (GKP) module, which prevents tail performance degradation of

other groups’ optimal parameters.

Once the memory bank M is populated with the optimal

encoder parameter sets M = {6 .- 0 }, we proceed
to partition the class setC = {1,---,C} mto G groups which
would be detailed in the following section.
Grouping Operation. Grouping Operation aims to group
classes that exhibit similar encoder parameters. Based on M,
we leverage spectral clustering [40] method, i.e., Normalized
Cuts (NCut) algorithm [47] to implement the operation:

{G*,...6,...,G%} = NCut(G, G), 2
where G means the group number, G is a weighted, undi-
rected graph G = (V, £) which is built upon M. G9 denotes
the g-th sub-graph. During ablation studies (§5.3), we per-
form experiments to assess the effect of group number.

Once the group partitioning is obtained, we compute a
shared encoder parameter ¢ for each group G9:

* 1 c
0; = Gl > 06

cegy

3

In this way, we can obtain the group-wise parameters, as
illustrated in Fig. 3

4.2.2. Parameter Preservation

Regularization-based CL approaches focus primarily on mit-
igating tail performance degradation by penalizing changes
to parameters vital for previously learned tasks. A typical
solution is Elastic Weight Consolidation (EWC) [22], which
estimates the importance of each parameter using the Fisher
Information Matrix as corresponding quadratic penalty:

Lewe = Lp(0) + ['penalty(e)
ZF 4)

:‘CD t11)7

where Lp works for knowledge acquisition while
Lpenaity(6) works for knowledge preservation. A controls
the strength of the regularization, F; is the diagonal of the
Fisher Information Matrix, 6;_; are the optimal parameters
for previous tasks and ¢ denotes each parameter component.
Based on the group-wise parameters in Eq. 3, the penalty
term Lpenaity(6) in Eq. 4 is reformulated as a dynamic,
group-wise constraint. Specifically, when the model is train-
ing on the current group g (i.e., knowledge acquisition), we
revise Lpenaity (0) to simultaneously preserve the knowledge
of all other groups (j # g) (i.e., knowledge preservation):

A
0) = ) ZZFj,z‘(Qi —05.)%,

i j#g

(&)

Epenalty(

where F; ; denotes the i-th diagonal element of the (approxi-
mated) Fisher Information Matrix for group j [22].
Considering the sample sizes for each group are vari-
ous, we balance the importance of each group in Eq. 5 by
normalizing group size |G7| and obtain the final GKP loss:

325 (gt — 03,0

i j#g
We use the proposed GKP loss as the penalty term in
the EWC loss function (Eq. 4) to implement knowledge
preservation. Meanwhile, for £p in Eq. 4, we introduce a
new optimization solution called grouped sharpness aware
module to facilitate knowledge acquisition.

(6)

qkp

4.3. Grouped Sharpness Aware Module

The Grouped Sharpness Aware (GSA) module is the second
component of the framework, responsible for tailoring the



Figure 4. Investigation on the perturbation direction. We decom-
pose the original gradient Vo Lp, (0) (green) into two components:
the head-dominated global gradient VoL p (6) (red) and the benefi-
cial, group-specific gradient @gﬁpg (6) (blue).

knowledge acquisition objective Lp (Eq. 4) to obtain flat
sharpness. Before elaborating our GSA, we first retrospect
existing Sharpness-aware Minimization (SAM).
Sharpness-aware Minimization. SAM is theoretically mo-
tivated by the PAC-Bayesian generalization bound [ 11, 43],
which establishes a link between a model’s generalization
error L1 (6) and the sharpness of the loss landscape:

012 N
2 +1log(§) + O(1
cD(0+e)+\/ & ?5(_51) ()7
)

where Lp(-) comes from Eq. 4, 7 means the distribution
of D. This bound holds for any perturbation radius p > 0
and 0 € (0,1), with a probability of 1 — §. Moreover, N
represents the number of training samples, and d := dim(6)
denotes the dimensionality of the parameter space.

The objective of SAM is to find an optimal radius p* that
minimizes this bound (Eq. 7):

L7(0) < max
[lell=<Vdp

1
[10]]2 ) R, 1
e | dT(N—-1)"1, )
7~ (atsams) ¢
With the approximated optimal generalization bound, Eq. 7
can be rewritten as:

5 L [I18ll

Lr(0)~ max Lp(@+e) +——mo 1002 g
©) llell2<Vdp* ol ) 2N -1 p*

The first term of this bound quantifies the sharpness of
Lp, while the second term serves as a regularizer on the
model parameters 6. The optimal perturbation vector €*(6)
can be computing as:

¢ (0) ~ argmax [Lp(0) + €' VoLp(0)]
lell2</dp* 10

_ iy VoLop(0)
IVoLp(6)ll2"

Grouped Sharpness-aware Minimization. However, the
standard perturbation in Eq. 10 is dependent upon the global
gradient VyLp(6), which is dominated by head classes.
This renders standard SAM insensitive to the elevated sharp-
ness of tail classes. To address this limitation, we propose
the Grouped Sharpness-Awareness (GSA) module.

Firstly, upon the grouping result in Eq. 2, we shift from
using the single global gradient (Eq. 10) to calculating group-
wise gradients VgL p, () for each group G9:

Vaﬁpg(a) — [VQED(G),QQ]. (11)

After that, considering our goal is to define a perturbation
direction that is not biased by the head classes. Therefore, as
shown in Fig. 8, via the gradient decomposition analysis [27],
we decompose VyLp, (¢) (Eq. 11) into two components:

VeLp,(0) =VeLp,(0) — Projy, ., (0) VoL, (0),
(12)

where VygLp(0) is the global gradient over D and
Projy,z,(e)(") denotes the projection operator on
VoLp,(0) along the direction of the global gradient. In this
way, we can obtain the group-specific gradient @gﬁpg (9).
Moreover, to balance the perturbation radius across
groups, we refine Eq. 8 by leveraging the group size |GY|:

%
: 161]]2 1 1
i | ————— | d73(|¢-1)"7. (13)
! <2||Veﬁvg (©)]2
By substituting this group-specific radius py (Eq. 13) and
the corresponding group gradient @gﬁpg (0) (Eq. 12) into
the optimal perturbation formula (Eq. 10), we derive the final
GSA perturbation vector €, (6):

Volop. (6
€(0) = Vip—"P 20
VoL, (0)]l2

By using a group gradient (Eq. 12) that removes the head-
dominated global gradient, GSA improves tail classes flat-
ness. Consequently, the training objective of GSA module
that works for knowledge acquisition is formulated as:

1 16]]2

e
2y/199| =1 7y

(14)

L3:a(0) = Lo, (0 +€5(0)) (15)

4.4. Training Objects

Our framework is jointly optimized by grouped sharpness-
aware objective L7, (Eq. 15) and grouped knowledge

gsa
preservation objective Eg kp (Eq. 6):

G
L= [aLg, + (-0, (16)

g=1
where « is an adaptive parameter scheduled according to the
training epoch [71].



Table 1. Results on CIFAR100-LT [4] and CIFAR10-LT datasets [4]. The imbalance ratio r is set to 100, 50 and 10. Additionally, we present
the results for different groups (“Many”, “Med.” and “Few”) in CIFAR100-LT with » = 100. T denotes methods that utilize Large Language

Models.
Method CIFAR100-LT CIFAR10-LT Statistic(r=100)
r=1007 r=5017 r=101 | r=1001 r=5017 r=107 | Many? Med.f Few?
CE (Baseline) 38.3 439 55.7 70.4 74.8 86.4 65.2 37.1 9.1
Focal Loss [32] (ICCV'17) 38.4 44.3 55.8 70.4 76.7 86.7 65.3 38.4 8.1
LDAM-DRW [4] (NeurIPS’19) 42.0 46.6 58.7 77.0 81.0 88.2 61.5 41.7 20.2
cRT [19] (ICLR’20) 423 46.8 58.1 75.7 80.4 88.3 64.0 44.8 18.1
BBN [71] (CVPR’20) 42.6 47.0 59.1 79.8 82.2 88.3 - - -
RIDE (3 experts) [56] (ICLR21) 48.0 - - - - - 68.1 49.2 23.9
CAM-BS [66] (AAAT'21) 41.7 46.0 - 75.4 81.4 - - - -
DiVE [14] ICCV’21) 454 51.1 62.0 - - - - - -
SAM [42] (NeurIPS’22) 454 - - 81.9 - - 64.4 46.2 20.8
BCL [75] (CVPR’22) 51.9 56.6 64.9 84.3 87.2 91.1 67.2 53.1 329
CUDA [1] (ICLR23) 47.6 51.1 58.4 - - - 67.3 50.4 21.4
ADRW [58] (NeurIPS’23) 46.4 - 61.9 83.6 - 90.3 - - -
H2T [24] (AAATL'24) 48.9 53.8 - - - - - - -
GBG [28] (AAATL'24) 52.3 57.2 - 85.1 87.7 - - - -
Difful T [46] (NeurlPS'24) 51.5 56.3 63.8 84.7 86.9 90.7 69.0 51.6 29.7
Difful’T + BBN [46] (Neur[PS’24) 51.9 56.7 64.0 85.0 87.2 90.9 69.5 51.9 30.2
SEL [17] (ICCV’25) 52.3 57.3 68.4 84.4 86.3 90.2 - - -
Heuristic-CALA[72] (AAAT’25) 50.5 - 64.3 83.9 - 91.7 - - -
Meta-CALA[72] (AAAT'25) 52.3 - 65.5 84.7 - 92.4 - - -
FeatRecon [63] (ICLR’25) 52.5 57.0 65.3 85.2 87.8 91.6 - - -
LLM-AutoDAT [55](NeurIPS™24) 51.0 54.8 - - - 66.6 50.6 33.1
| Ours [ 532 576 687 | 863 882 925 | 673 549 349 |

5. Experiment

5.1. Experiment Setup

Datasets. Our proposed framework is evaluated on four long-
tailed benchmarks: CIFAR10-LT [4], CIFAR100-LT [4],
ImageNet-LT [37] and iNaturalist 2018 [53].

Metrics. Following standard evaluation protocols, we report
Top-1 accuracy for comparison with state-of-the-art methods.
To evaluate our method’s effectiveness across varying imbal-
ance levels, we report Top-1 accuracy under three imbalance
ratios r € {100, 50,10} for CIFAR10-LT and CIFAR100-
LT. Additionally, we report results for “Many” (classes with
over 100 samples), “Med.” (classes with 20 to 100 samples),
and “Few” (classes with fewer than 20 samples) categories
separately to enable in-depth analysis, following the method-
ology described in [4]. For ImageNet-LT, we present results
with different feature backbones for a comprehensive evalu-
ation of our method.

Implementation Details. For both CIFARIO-LT and
CIFAR100-LT, we use the ResNet-32 as the backbone follow-
ing [4]. For ImageNet-LT datasets, we use ResNet-50 [13]
and ResNeXt50 [61] as backbone. For iNaturalist 2018, we
use ResNet-50 [13] as backbone. For all datasets, we set the

batch size to 256 and train all models on NVIDIA GeForce
RTX 3090 GPU. For further implementation details, please
refer to the Appendix.

5.2. Main Results

CIFAR10-LT and CIFAR100-LT [4]. The comparison
results between the proposed method and other existing
methods on long-tailed CIFAR are shown in Table 1.
Our proposed method surpasses recent state-of-the-art ap-
proaches across the datasets under various imbalance ratios.
On CIFAR100-LT, our method surpasses competing mod-
els, achieving accuracy improvements of 14.9%, 13.7%,
and 13.0% compared with the baseline for » = 100, 50,
and 10, respectively. On CIFAR10-LT, our model also
demonstrates strong competitiveness, enhancing accuracy by
15.9%, 13.4%, and 6.1% for r = 100, 50, and 10, respectively,
further validating the effectiveness of our method.

As the main counterpart, our method yields better per-
formance than BCL [75] (CIFAR100-LT: 53.2 vs. 51.9,
57.6 vs. 56.6, 68.7 vs. 64.9; CIFAR10-LT: 86.3 vs. 84.3,
88.2 vs. 87.2, 92.5 vs. 91.1). Considering both methods
use the same backbone and loss functions, we attribute the
performance improvement solely to the proposed grouped



Table 2. Top-1 accuracy of ResNet-50 on ImageNet-LT [37] and
iNaturalist 2018 [53]. T denotes methods that utilize Large Lan-
guage Models.

Method ImageNet-LT | iNature2018
CE(Baseline) 41.6 61.0
Focal Loss [32](ICCV"17) - 61.1
cRT [19](ICLR’20) 473 65.2
RIDE (3 experts) [S6](ICLR21) 54.9 72.7
BCL [75] (CVPR’22) 56.0 71.8
SAM [42](NeurIPS’22) 53.1 70.1
CUDA [1](ICLR’23) 51.4 72.2
ADRW [58](NeurIPS’23) 54.1 70.7
GBG [28] (AAAT24) 57.6 71.9
DiffulT [46](NeurIPS 24) 56.4 -
DiffulT + RIDE (3 experts) [46] 56.9 -
(NeurIPS’24)

SEL [17] (ICCV’25) 56.3 71.3
Heuristic-CALA [72] (AAAIL'25) 54.1 73.2
Meta-CALA [72] (AAAT’25) 55.1 74.0
FeatRecon [63] (ICLR’25) 56.8 72.9
LLM-AutoDAT [55] (NeurIPS'24) 57.5 74.2
Ours 1 5729 | 744 |

knowledge preservation module and the grouped sharpness
aware module.

For CIFAR100-LT with an imbalanced ratio of 100, we
also assess performance across three categories: (“Many”:
67.3%, “Med.”: 54.9%, “Few”: 34.9%), effectively address-
ing the performance trade-off between head and tail classes
in long-tailed learning. These results collectively demon-
strate our method’s effectiveness in handling the fundamental
challenges of long-tailed distributions, especially the prob-
lem of extreme class imbalance.

Notably, our proposed method also surpasses the LLM-

based LLM-AutoDA [55] by 2.2% in performance, despite
using only the standard training set without any external data
or pre-trained models.
ImageNet-LT [37]. Table 2 and Table 3 report the results
on ImageNet-LT with different backbones for comprehensive
results comparison. We report the overall Top-1 accuracy
as well as the Top-1 accuracy on “Many”, “Medium”, and
“Few” groups. Utilizing ResNet-50 backbone (Table 2),
our method registers 57.9% accuracy, outperforming the
state-of-the-art LLM-AutoDA [55] by 0.4%.

With the stronger ResNeXt-50 backbone (Table 3), the
accuracy of our method further escalates to 58.9%. Specifi-
cally, our method achieves 68.7%, 56.8%, and 38.6% on the
“Many”, “Medium”, and “Few” splits, outperforms the top-
leading FeatRecon [63] by 1.8%, 1.3%, and 0.8%, respec-
tively. These significant gains, particularly on tail classes,
highlight the effectiveness of our proposed grouped knowl-
edge preservation module and the grouped sharpness aware
module in addressing extreme data distribution imbalances.

Table 3. Top-1 accuracy of ResNeXt-50 on ImageNet-LT [37].

Method Manyt Med.t Few? AllT
CE (Baseline) - - - 44.4
FocalLoss [32] (ICCV’17) 64.3 37.1 82 437
7-norm [19] (ICLR"20) 59.1 46.9 30.7 494
BalancedSoftmax [44] 62.2 48.8 29.8 514
(NeurIPS’20)

Casualmodel [51] 62.7 48.8 316 518
(NeurIPS’20)

LWS [19] (ICLR’20) 60.2 47.2 303 499
LADE [15] (CVPR’21) 62.3 49.3 312 519
DisAlign [65] (CVPR’21) 62.7 52.1 314 534
RIDE (2 experts) [56] - - - 55.9
(ICLR’21)

BCL [75] (CVPR’22) - - - 56.7
GBG [28] (AAATL'24) 69.6 55.8 38.1 58.7
FeatRecon [63] (ICLR"25) 67.9 54.7 378 575

| Ours | 69.7 560 38.6 589 |

Again, these gains come from using only standard training
set without any external data.
iNaturalist 2018 [53]. Table 2 (right column) shows the ex-
perimental results on the real-world large-scale imbalanced
iNaturalist 2018. Employing a ResNet-50 backbone, our
method achieves an accuracy of 74.4%, demonstrating a sig-
nificant performance promotion of 13.4% over the baseline.
All of the above improvement on imbalanced recogni-
tion confirms the effectiveness of our proposed grouped
knowledge preservation and grouped sharpness aware mod-
ule which learns in a compositional manner, and is informed
by parameter preservation and flatten landscape to effectively
address “tail performance degradation”.

5.3. Ablation Study

In this section, we perform several ablation studies to char-
acterize the proposed the method.

Component Analysis. We first verify the effectiveness of
main components of our proposed framework. We specifi-
cally choose CIFAR100-LT (r=100) for experiment evalua-
tion and use ResNet-32 as the backbone.

As shown in Table 4, using GKP modules brings +3.7%
accuracy on CE baseline. Furthermore, combining GKP and
GSA modules then achieves a total 4.4% improvement. On
the stronger BCL [75] baseline, our GSA and GKP mod-
ules yield 0.8% and 0.5% gain, respectively, while the full
model achieves a 1.3% total improvement, finally reaching
53.2%. These results confirm the crucial and highly additive
contribution of each component.

Group Numbers. In Fig. 5, we investigate the impact of
different group numbers within our grouping strategy (i.e., G
in Eq. 2). This study was conducted on CIFAR10-LT (blue,
left) and CIFAR100-LT (red, right), both with an imbalance
factor r = 100. The results reveal that G = 4 groups
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Figure 5. Ablation Study on group numbers of our method. The
shaded area indicates the fluctuation of accuracy.

yield optimal performance as employing an excess number
of groups does not necessarily enhance performance in the
GKP modules. We report the detailed ablation studies for G
on other datasets in the Appendix.

Table 4. Ablation study on main components of our method.

Method Manyt Med.t Few? Allt
CE 65.2 37.1 9.1 38.4
+GKP 71.1 41.2 93 42.1
+GKP+GSA | 718 42.1 9.7 42.8
BCL [75] 67.2 53.1 329 51.9
+GKP 67.4 53.8 332 524
+GSA 673 54.0 34.1 527
| Ours [ 673101 5495 34950 53245 |

Importance of Gradient Decomposition in GSA. To vali-
date the gradient decomposition (Eq. 12), we compare the
performance of different perturbation directions in Table 5.
Our GSA, using the group-specific gradient surpasses all
other methods, achieves an accuracy 53.2%. This compares
favorably to a standard SAM baseline, which does not pro-
cess the gradient direction and achieves 52.1%. While us-
ing only the projected component Projy, ., ) VoLp, (0)
termed GSA-proj yields obvious performance degradation
of 46.4%. This performance gap demonstrates that the head-
dominated global gradient is a harmful perturbation direction
in long-tailed learning.

Table 5. Importance of Gradient Decomposition in GSA.

Method Manyt Med.t Few? AllT
SAM 66.3 53.0 34.5 52.1

| GSAproj _ | 647 438 281 464 |
GSA (Ours) 67.3 11.0 54.9“_9 34‘9T0-4 53.2“_1

5.4. Further Analysis from the Gradient Similarity

To further validate the effectiveness of our method, we ana-
lyze the training dynamics from the gradient similarity [28]
perspective. We measure the mean gradient similarity be-
tween class and whole gradient in each batch in different

0.6 0.6
1 Head-0 ERTail-0 1 Head-0 E=Tail-0
0.5 I Head-1 B3 Tail-1 0.5 [ Head-1 EATail-1
2044 20.44
g 0.3 g 0.3
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Figure 6. Gradient imbalance in long-tail learning. The bars denote
the mean similarity between class-level and batch-level gradients
in each batch. This experiment compares our framework against
the Cross-Entropy (CE) baseline on the CIFAR10-LT dataset [4].
‘We show the result of the top two head classes and the last two tail
classes.

epochs, comparing our method against the Cross-Entropy
(CE) baseline. The similarity measures the contribution of
gradients from different classes to the gradient descent pro-
cess, and a larger similarity means a larger contribution.

As illustrated in Fig. 6, while the head classes gradients
exhibit high similarity in both methods, their behavior on
tail classes diverges significantly. For the baseline method
(a), the gradient similarity of the tail classes declines after 50
epochs. In contrast, our method (b) consistently maintains a
larger gradient similarity for the tail classes throughout the
training, demonstrating the effectiveness in preserving the
tail classes knowledge.

6. Conclusion

Long-tail (LT) recognition remained a fundamental chal-
lenge in deep learning due to severe class imbalance. To
address the “seesaw dilemma” in LT, we presented a novel
framework from loss landscape view and traced the “tail
performance degradation”. Inspired by continual learning,
our method introduced two key innovations: a Grouped
Knowledge Preservation module to mitigate “tail perfor-
mance degradation”, and a Grouped Sharpness Aware mod-
ule to seek shared, flat minima. Both modules were enabled
by our Memory-based Grouping strategy, which dynamically
clusters classes based on their convergence characteristics.
Extensive experiments on four benchmark datasets demon-
strated our method’s superior performance, achieving signifi-
cant performance gains over state-of-the-art methods without
requiring external data. Our proposed method was a general
framework for handling “tail performance degradation” in
data learning, and can be readily extended to other long tail
tasks, such as trajectory prediction and object detection.
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