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Abstract—Decoupled training has become a standard
paradigm for long-tailed recognition by separating representa-
tion learning from classifier retraining. However, most existing
second-stage retraining methods characterize class-wise learning
difficulty primarily based on sample quantity. As a result, differ-
ences in how classes are structured in the learned feature space
are often overlooked. In this work, we identify representation-
level characteristics as an additional factor influencing clas-
sifier difficulty, and propose Feature Manifold-Aware Margin,
a lightweight plug-and-play module for classifier retraining.
FMAM estimates class-wise geometric complexity using intra-
class feature dispersion. Based on this estimate, it applies adaptive
margins to calibrate class logits during training. Experiments
on CIFAR-100-LT and ImageNet-LT demonstrate that FMAM
consistently improves strong second-stage baselines, including
cRT, LOS, and ViT-based models, with notable gains on few-
shot categories of up to 3.87%. In particular, FMAM achieves a
3.79% improvement in overall accuracy on ImageNet-LT with a
ViT backbone.

Index Terms—Long-Tailed Recognition, Decoupled Learning,
Classifier Retraining, Feature Manifold, Loss Function Design.

I. INTRODUCTION

Real-world recognition datasets are often long-tailed, with a
small number of classes containing most of the samples, while
many others are represented by only a handful of instances.
Training deep models under such imbalance tends to favor
majority classes, which in turn leads to degraded performance
on rare categories.

To address this issue, recent works have adopted the decou-
pled training paradigm, where representation learning and clas-
sifier retraining are performed in separate stages. In practice,
this strategy has proven effective at reducing representation
bias caused by imbalanced data, especially during the classifier
retraining stage. [1]

Despite these advances, most second-stage classifier re-
training methods implicitly rely on a simplifying assumption:
once the feature representation is frozen, class-wise learning
difficulty can be largely characterized by sample quantity. Un-
der this assumption, existing approaches mainly focus on re-
sampling, re-weighting, or applying uniform calibration strate-
gies to balance the learning strength across classes. [2] [3]
However, such treatments overlook an important aspect of the
frozen feature space—different classes may exhibit substan-
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tially different geometric structures, even when trained under
identical sampling conditions. [4] [5]

In deep models, feature representations are not distributed
uniformly across classes. Some categories form compact clus-
ters that are easy to separate, while others occupy much
broader regions of the feature space, often with irregular or
overlapping structures. Importantly, these differences do not
disappear simply because the data are rebalanced. Even under
class-balanced sampling, certain categories remain inherently
more difficult to model due to variations in visual appearance
or semantic definition. [6]

This observation becomes particularly relevant in the second
stage of decoupled training, where the feature extractor is fixed
and the classifier operates within a shared representation space.
At this stage, performance differences across classes cannot be
attributed to sample quantity alone. In our view, they are also
shaped by how reliably class distributions can be separated in
the frozen feature space.

Classes with dispersed or unstable feature distributions
often require stronger constraints to obtain consistent decision
boundaries. Applying identical assumptions or regularization
strategies to all classes, however, may be unnecessarily restric-
tive for some and insufficient for others. [7]

Based on this observation, we propose Feature Manifold-
Aware Margin (FMAM) for second-stage classifier retraining.
Rather than introducing additional architectural components
or relying on prediction uncertainty [4], FMAM leverages a
simple statistic—the dispersion of class features in the frozen
representation space—to approximate class-wise geometric
complexity. This quantity is then used to modulate class-
specific logit margins during training. The resulting formula-
tion is lightweight and easy to integrate, and it does not alter
inference-time computation.

The main contributions of this work can be summarized as
follows:

o We highlight that, in the classifier retraining stage of long-
tailed recognition, sample quantity alone is insufficient
to fully characterize class-wise learning difficulty, and
that geometric differences in the representation space
constitute an important complementary factor.

o We use intra-class feature dispersion as a stable proxy for
class-wise geometric complexity, and employ it to guide



a feature-aware margin design for classifier calibration.
o Experiments on CIFAR-100-LT and ImageNet-LT show
that FMAM integrates naturally with strong second-stage
baselines and improves performance across architectures,
especially on medium- and few-shot categories.

Our code will be made publicly available upon acceptance.

II. RELATED WORK

A. Long-Tailed Recognition via Class Frequency Modeling

Early approaches to long-tailed recognition primarily at-
tribute class-wise learning difficulty to sample frequency
imbalance, and address this issue through re-sampling, re-
weighting, or frequency-aware loss design. Representative
methods include LDAM [2], which introduces class-dependent
margins derived from class sample counts, and Balanced
Softmax, which corrects biased class priors by modifying the
softmax normalization term.

With the development of the decoupled training paradigm,
methods such as cRT [1] separate representation learning from
classifier retraining, allowing the classifier to be optimized
under more balanced sampling within a frozen feature space.
This strategy has become a standard baseline in long-tailed
recognition. However, during second-stage classifier retrain-
ing, most decoupled methods still rely on class frequency or
uniform regularization schemes, applying identical constraints
across classes without explicitly modeling structural differ-
ences in their feature distributions.

B. Optimization-Driven and Calibration-Based Methods

More recent studies recognize that learning difficulty can-
not be fully characterized by sample quantity alone, and
introduce adaptive mechanisms based on optimization dy-
namics or prediction-level signals. For instance, ALA [4]
adjusts logit biases according to prediction uncertainty, while
DBM [5] imposes instance-specific margin constraints on
hard or misclassified samples. Another line of work focuses
on logit calibration and regularization under the decoupled
training framework, including methods such as MiSLAS [3],
MARC [8], and the recently proposed LOS [9].

Although effective in practice, these approaches primarily
operate at the optimization or calibration level, and typically
adopt uniform or empirically designed adjustment schemes. In
the second stage of decoupled training, as feature representa-
tions are frozen, the classifier increasingly faces the challenge
of separating different classes within a fixed representation
space. Difficulty modeling based solely on optimization dy-
namics or calibration mechanisms is therefore insufficient to
capture class-level structural differences in the learned feature
space.

In contrast to these approaches, our method focuses on mod-
eling class-level representation difficulty in the frozen feature
space, and introduces a geometry-aware margin mechanism
that complements existing frequency-based and calibration
strategies.

C. Architecture- and Contrastive-Learning-Based Approaches

Another line of research addresses long-tailed recognition
by modifying the training paradigm or model structure, rather
than focusing on classifier retraining under a fixed representa-
tion. For example, RIDE [10] adopts a multi-expert architec-
ture and routes samples to different experts to handle distribu-
tion imbalance. Such approaches mainly improve performance
by enhancing representation capacity during training, and
therefore operate in a setting where feature representations are
still being actively optimized.

Contrastive learning based methods follow a similar line
of thought. Approaches such as BCL [11] and PaCo [12]
introduce class-aware contrastive objectives to mitigate rep-
resentation bias caused by long-tailed data, typically together
with carefully designed sampling strategies. These methods
explicitly reshape the feature space during representation
learning, and their effectiveness relies on the ability to modify
representations through the loss.

In contrast, this work focuses on the classifier retraining
problem after representations are fixed, rather than on rep-
resentation learning itself. Under this premise, contrastive
learning methods and multi-expert architectures address a
different stage of the training pipeline, and thus are not situated
in the same problem setting.

III. METHOD
A. Problem Setup and Decoupled Training

We study long-tailed recognition in the decoupled training
setting, where model optimization is performed in two stages.
In the first stage, a feature extractor is trained on the original
long-tailed dataset to learn discriminative visual representa-
tions. In the second stage, the feature extractor is frozen and
only the classifier is retrained, with the goal of mitigating
decision bias caused by class imbalance. Our method is strictly
applied to the second-stage classifier retraining.

Let the frozen feature extractor be denoted as f(-). Given
an input sample z, the extracted feature is

z= f(z). (D

The classifier is linear, and the logit corresponding to class
c is given by
le=w.z+ b, 2

where w. and b, represent the classifier weight and bias,
respectively.

As all classes share a frozen representation space in the
second stage, learning reliable and well-separated decision
boundaries becomes non-trivial.

Conventional second-stage paradigms typically operate un-
der the assumption that class-wise learning difficulty is a direct
function of sample frequency alone. We contend, however,
that within the shared frozen feature space, the geometric
structure of class distributions—specifically their compactness
and stability—plays a decisive role in establishing robust deci-
sion boundaries. Dispersed categories remain inherently more
susceptible to boundary perturbations even when sample sizes
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Fig. 1. FMAM Overview: FMAM acts as a plug-and-play module in the

second stage of decoupled training. For a feature z; from the frozen feature
extractor, our framework uses a dual-path approach: (Top) The main path
feeds z; into the baseline classifier to obtain the original logits. (Bottom) The
parallel FMAM path uses z; to online-estimate the intra-class feature variance,
thereby calculating the manifold complexity V. and the final adaptive margin
me. Finally, m. refines the original logits via the logits calibration module.
This design highlights FMAM’s lightweight and universal nature, allowing
seamless integration with any baseline method (e.g., cRT [1], LOS [9]).

are comparable. Consequently, frequency-based calibration
proves insufficient, necessitating a shift toward remodeling
class difficulty through the lens of representation geometry.

B. Estimating Class-wise Feature Manifold Complexity

Directly modeling the geometric complexity of high-
dimensional feature manifolds is computationally expensive
and often unstable in practice. Instead, we adopt a lightweight
and robust proxy by characterizing the intra-class feature
dispersion in the frozen representation space.

For each class ¢, we maintain a running estimate of its
feature mean p, and intra-class variance o2. During second-
stage training, these statistics are updated online using an
exponential moving average.

Given a feature vector z; belonging to class ¢, the update
rules are

Mo < (1 - U)Hc + Nz, (3)
o« (L=n)a? +nllzi — p.|, 4)

where 7 is the momentum coefficient.

To reduce scale discrepancies across classes, we apply a
logarithmic transformation followed by normalization, yield-
ing the class-wise feature manifold complexity score

V. = Norm(logo?), V. € [0,1]. (5)

We emphasize that our goal is not to precisely model the full
geometry of the feature manifold. Instead, intra-class feature
variance serves as a computable, interpretable, and training-
dynamics-independent proxy that captures relative structural
complexity across classes in the frozen representation space.

C. Feature Manifold-Aware Margin

Based on the estimated class-wise geometric complexity, we
introduce Feature Manifold-Aware Margin (FMAM) to impose
representation-aware constraints during second-stage classifier
retraining, as illustrated in Fig. 1.

For each class ¢, the margin is defined as

me :a‘/c"'_ﬁscy (6)

Specifically, the data scarcity term S, is formulated as (N%)V,
where NN, denotes the number of training samples for class
c. The exponent ~y serves as a scaling factor to control
the sensitivity of the margin to sample frequency. While
V. captures the intrinsic representation difficulty from the
feature space, S. addresses the external imbalance in data
distribution. By incorporating both terms, the total margin
m. provides a multi-dimensional characterization of class-
wise learning difficulty. This hybrid design ensures that classes
with either limited samples or dispersed feature distributions
are prioritized through stronger logit constraints. In scenarios
with strong baseline regularizers like LOS [9], we typically
deactivate the scarcity term by setting 5 = 0, allowing the
module to isolate and address the orthogonal dimension of
representation geometry.

In strong baseline settings such as LOS [9], we set 3 =0
to isolate the effect of representation geometry and highlight
its orthogonality to sample-frequency-based modeling.

During training, FMAM calibrates the logits by subtracting
the class-specific margin from the ground-truth class:

J=Y
i7#Y
where y denotes the ground-truth label.

This formulation enforces stronger discriminative con-
straints on classes with higher geometric complexity, encour-
aging the classifier to learn more stable decision boundaries.
Conversely, classes with simpler and more compact feature
distributions are not over-regularized, avoiding unnecessary
performance degradation.

FMAM operates exclusively during second-stage training
and does not modify the classifier architecture or loss function.
To ensure training stability, we adopt a warm-up strategy
during which the FMAM margins are temporarily disabled.
Specifically, during the first Ty,m epochs, we set « = 3 =0,
allowing the classifier to converge under the baseline optimiza-
tion dynamics. After warm-up, FMAM is gradually activated
together with a cosine annealing learning rate schedule with
warm restarts, enabling stable adaptation to the geometry-
aware margins. The overall training schedule with warm-up
is summarized in Fig. 2.
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Fig. 2. Schematic of the two-stage training strategy with warm restarts

After training, the learned margins are absorbed into the
classifier bias terms, leaving inference-time computation un-
changed.



TABLE I
MAIN RESULTS ON LONG-TAILED RECOGNITION BENCHMARKS (TOP-1 ACCURACY %). WE SHOWCASE FMAM’S PLUG-AND-PLAY EFFECTIVENESS ON
BOTH CRT [1] AND THE STRONG LOS [9] BASELINE ACROSS DIFFERENT BACKBONES.

CIFAR-100-LT

ImageNet-LT

Method Backbone
IR=100 IR=50 IR=10 All Many Medium  Few
Baselines on ResNet-34
cRT [1] ResNet-34 41.20 46.80 5790 49.60 61.80 46.20 27.40
cRT [1] + FMAM (ours) ResNet-34 43.87 49.40 59.78 5143 63.16 48.38 30.39
LOS [9] ResNet-34 52.47 56.67 64.88 5440  63.20 50.70 42.30
LOS [9] + FMAM (ours)  ResNet-34 53.14 57.07 65.06 54.88  63.57 51.17 43.08
Baselines on ViT-B/16 [13]
cRT [1] ViT-B/16 [13] — — — 77.54  79.60 77.69 73.47
cRT [1] + FMAM (ours) ViT-B/16 [13] — — — 81.33  84.87 82.69 74.42
IV. EXPERIMENTS TABLE 11
. PERFORMANCE GAIN OF THE FMAM MODULE ON DIFFERENT
A. Experimental Setup BASELINES
a) Datasets: We evaluate FMAM on two representa- A Overall _ Few-shot
. . .. Baseline Method
tive long-tailed recognition benchmarks: CIFAR-100-LT and Acc. (%)  Acc. (%)
_ cRT [1] 41.2 26.33
ImageNet-LT. , . , CRT [1] + EMAM (ours)  43.87 27.80
CIFAR-100-LT is constructed by applying exponential Gain (&) .67 1147
downsampling to CIFAR-100, resulting in controlled imbal- LOS [9] 52.47 27.60
ance ratios (IR = 10, 50, 100). This dataset allows systematic LOS [9] + FMAM (ours) 53.14 3147
R . . . Gain (A) +0.67 +3.87
evaluation under varying degrees of long-tailed severity.
ImageNet-LT is a real-world long-tailed dataset with a
TABLE IIT

much larger number of classes and a highly skewed sample
distribution, serving as a challenging benchmark for large-
scale evaluation.

b) Backbone architectures and baselines: To demon-
strate the generality of FMAM across different inductive
biases, we adopt two representative architectures: ResNet-34
and ViT-B/16 [13].

For second-stage classifier retraining, we adopt cRT [1]
and LOS [9] as baseline methods. cRT [1] is a widely
used and stable decoupled-training baseline, while LOS [9]
represents one of the strongest recent approaches for second-
stage classifier optimization. Our goal is to verify whether
FMAM can consistently improve performance on top of such
strong baselines.

c) Implementation details: All experiments follow the
standard decoupled training protocol. The feature extractor is
trained in the first stage and frozen thereafter. In the second
stage, only the classifier is retrained using class-balanced
sampling. The retraining stage lasts for 30 epochs, with the
first 15 epochs serving as a warm-up period. We adopt a
cosine annealing learning rate schedule with warm restarts.
All experiments are conducted on a single NVIDIA RTX 4090
GPU.

B. Main Results

Table I summarizes the overall performance of FMAM on
CIFAR-100-LT and ImageNet-LT. To highlight the plug-and-
play nature of FMAM, we report results when integrating it
into both cRT [1] and LOS [9] baselines.

Several observations can be drawn from the results:

COMPARISON WITH REPRESENTATIVE SOTA METHODS ON
IMAGENET-LT.

Method All (%) Few (%)
cRT [1] 49.60 27.40
EWB-FDR [14] 53.20 35.10
LTWB [15] 53.90 41.50
LOS [9] 54.40 42.30
LOS + FMAM(ours) 54.88 43.08

a) Consistent performance gains: FMAM yields consis-
tent improvements over both cRT [1] and LOS [9] across
different imbalance ratios. The gains become more pronounced
as the long-tailed severity increases (e.g., IR = 100), indi-
cating that FMAM effectively complements existing second-
stage strategies under challenging imbalance conditions. These
results suggest that FMAM does not rely on a specific loss
function or architecture and can serve as a general enhance-
ment module.

b) Improvements on medium- and few-shot classes: The
overall accuracy gains mainly come from medium-shot and
few-shot categories. For example, on CIFAR-100-LT with IR
= 100, FMAM improves the few-shot accuracy of LOS [9]
by 3.87%. The detailed performance gains across different
baselines are summarized in Table II.This suggests that incor-
porating representation-level difficulty is beneficial for classes
with more complex feature distributions.

c) Cross-architecture  generalization: ~ Results  on
ImageNet-LT show that FMAM also benefits ViT-based [13]
architectures. Compared with convolutional models, Vision
Transformers tend to be more sensitive to variations in



TABLE IV
SENSITIVITY ANALYSIS OF COMPLEXITY WEIGHT @ AND SCARCITY
WEIGHT 8 (BASED ON LOS [9] BASELINE)

C 3 Overall Few-shot
ase « Acc. (%) Acc. (%)
LOS [9]
(Bowlng 0 0 52.47 27.60
+ Scarcity
Marsin Oty 10 0 5240 (-0.07) 2690
+1\}I{yb,“d 05 05 5287 (+040)  29.97
argin
+ Complexity 03  53.14 (+0.67) 3147

Margin Only (ours)

class-level feature distributions. In this setting, FMAM yields
more noticeable overall improvements, indicating that it
remains effective across different types of representation
spaces.

C. Comparison with Related Margin and Calibration Methods

To contextualize FMAM within existing approaches, we
further compare it with representative margin- and calibration-
based methods, including LDAM [2] and MiSLAS [3].

The results show that FMAM achieves competitive or
superior performance across multiple settings, particularly on
medium- and few-shot categories. It is worth noting that these
competing methods primarily modulate classifier behavior
based on sample frequency or prediction-level calibration. In
contrast, FMAM focuses on class-wise geometric structure
in the frozen feature space. This difference in modeling
perspective explains why FMAM can complement, rather than
replace, existing methods and still provide additional gains
without introducing complex architectural changes.

D. Ablation Studies and Analysis

a) Plug-and-Play Property of FMAM: We first examine
the effectiveness of FMAM as an independent module under
different baseline frameworks. As shown in Table IV, FMAM
consistently improves performance when integrated into both
cRT [1] and LOS [9], without requiring any modification to the
original model architecture or training pipeline. This confirms
the plug-and-play nature of the proposed method.

b) Effects of Different Difficulty Modeling Factors: To
analyze the respective roles of geometric complexity and
data scarcity, we conduct ablation studies by varying the
coefficients a and g in Eq. (4).

Under strong regularization baselines such as LOS [9],
relying solely on sample-frequency-based margins can be sub-
optimal. In contrast, incorporating geometry-aware calibration
results in more stable performance gains across settings.

On ViT [13] backbones, jointly considering geometric com-
plexity and data scarcity yields the best performance, suggest-
ing that different architectures may emphasize different aspects
of class difficulty.Quantitative results on ViT backbones are
reported in Table V.

¢) Relationship Between Geometric Complexity and Per-
formance Gain: We analyze the relationship between class-
wise geometric complexity and the performance gains intro-
duced by FMAM.

TABLE V
ABLATION STUDY ON VIT [13] BACKBONE
C 3 Overall Few-shot
ase « Acc. (%) Acc. (%)
ViT [13]
(Baseline) 0 77.54 73.47
+ Scarcity
Margin Only 0.2 0 81.23 74.13
+ Hybrid
Margin (ours) 0.2 05 81.33(+3.79) 74.42(+0.95)
+ Complexity = 5 81.22 74.11

Margin Only

Classes with higher complexity scores generally show larger
improvements, while those with more compact feature dis-
tributions exhibit smaller changes. This pattern is consistent
with the role of intra-class feature dispersion as an indicator
of representation-level complexity.

In addition, FMAM introduces no additional learnable pa-
rameters, and its computational overhead during training is
negligible. At inference time, the learned margins are absorbed
into the classifier bias, leaving the test-time cost unchanged.

E. Qualitative Analysis of Feature Manifold Complexity

To further interpret the estimated feature manifold complex-
ity, we conduct a qualitative analysis on ImageNet-100, as
shown in Fig. 3.

Classes with higher estimated complexity generally show
larger appearance variation, more diverse materials, and more
heterogeneous backgrounds, whereas low-complexity classes
tend to exhibit more stable visual structures and consistent
discriminative patterns.

This observation supports our motivation that the proposed
complexity estimate captures meaningful intra-class variability
in the learned feature space.

We also observe a counter-intuitive case for small objects
such as safety pin, whose high dispersion is driven primarily
by background variation rather than object geometry.

This is likely because ImageNet contains complex back-
grounds, and classification-oriented training may be less ef-
fective when the object occupies only a small image region.

V. CONCLUSION

In this work, we revisit the second-stage classifier retrain-
ing problem in long-tailed recognition and propose Feature
Manifold-Aware Margin, a representation-aware calibration
strategy grounded in the geometry of the frozen feature space.
Compared with approaches that rely on sample quantity or
optimization dynamics, FMAM focuses on modeling class-
wise difficulty in the frozen representation space using intra-
class feature dispersion. Experiments on CIFAR-100-LT and
ImageNet-LT show that FMAM integrates well with a range
of second-stage baselines and improves performance across
different architectures. For example, on CIFAR-100-LT with
IR = 100, FMAM improves the few-shot accuracy of LOS by
3.87%. On ImageNet-LT with a ViT backbone, it achieves a
3.79% gain in overall accuracy, indicating its effectiveness in
representation spaces with weaker inductive bias.



High Complexity Classes

purse

large appearance variation,
diverse backgrounds, and unstable
object configurations.

Low Complexity Classes

tabby

stable visual patterns with
consistent structure and
concentrated discriminative cues.

Counter-intuitive Case

safety pin

although the object itself
is simple, the estimated
dispersion is dominated by
background variation when the
object occupies a small region
in the image.

Fig. 3. Qualitative analysis of class-wise feature manifold dispersion on ImageNet-100. Left (high complexity): classes such as lampshade, purse, and chime
exhibit large intra-class variation due to diverse appearances, materials, and backgrounds. In particular, the category of chime includes visually distinct objects
(e.g., wind chimes and metal chimes), resulting in substantial feature dispersion. Middle (low complexity): classes such as robin, pickup, and tabby cat show
relatively stable visual patterns. For example, robins share consistent color distributions on the chest and head, pickup trucks have similar geometric structures
with characteristic cargo beds, and tabby cats exhibit comparable stripe patterns across images. Right (counter-intuitive case): although the structure of safety
pin is visually simple and consistent, its estimated dispersion is high, mainly because the object occupies a small region in the image and the surrounding
background varies significantly.
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