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Abstract. Multi-expert models have become the dominant paradigm
for long-tailed learning, largely attributed to their presumed ability to
benefit from expert diversity. However, we revisit this central assump-
tion and reveal that diversity induced by logit adjustment or explicit
regularizers does not guarantee better ensemble accuracy. Our work sug-
gests that multi-expert models benefit more from variance reduction than
diversity maximization. We introduce VICAL, a VIcinal Consistency
ALignment framework that improves long-tailed recognition not by en-
forcing expert diversity, but by reducing prediction variance. Specifically,
our approach comprises two key components: Self-Consistency Learn-
ing and Deep Ensemble Distillation. Self-Consistency Learning discour-
ages reliance on unstable high-frequency information, smoothing the lo-
cal loss landscape and mitigating overfitting, especially for tail classes.
Deep Ensemble Distillation promotes cross-expert low-frequency seman-
tic agreement using a low-resolution view, thereby sidestepping opti-
mization conflicts with established knowledge. Extensive experiments on
CIFAR-LT, ImageNet-LT, and iNaturalist 2018 show that VICAL consis-
tently outperforms state-of-the-art methods, validating the effectiveness
of our consistency-driven design. Our code is available at VICALL

Keywords: Long-Tailed Visual Recognition - Multi-Expert Models -
Consistency Learning

1 Introduction

Computer vision has witnessed remarkable progress over the last decade, largely
driven by the construction of large-scale and high-quality datasets such as Ima-
geNet [30] and MS COCO [22]. However, many of these benchmarks implicitly
assume a balanced label distribution, which does not reflect real-world data dis-
tributions. In practice, data typically follow a long-tailed distribution, where a
few head classes dominate the data volume while the majority of tail classes
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Fig. 1: We use three different diversity metrics, i.e., Q-statistics, correlation, and di-
versity accuracy, to measure the relationship between model diversity and ensemble
accuracy on CIFAR-100-LT. Each point denotes an independently trained model, and
A controls the differences in logit adjustment strength across experts. A larger A indi-
cates more diverse experts by controlling the logit adjustment intensity for each expert.
Varying A\ changes expert agreement but produces no clear improvement in ensemble
accuracy. (The Pearson correlation coefficients are 0.11, 0.11, and —0.13 for Q-statistics,
correlation, and diversity accuracy.)

suffer from extreme data scarcity. Deep neural networks trained on such data
exhibit a pronounced bias toward the head classes [17,/50], limiting applicability
in domains such as medical diagnostics [15] and autonomous driving |28].

To address the imbalance, numerous approaches have been proposed [3,8,
17,125[(50,51]. Among them, logit adjustment |25] is an effective approach to ad-
just the classification boundary and achieve Fisher consistency. More recently,
multi-expert models [1,36}45}/47] have received significant attention due to their
superior performance. This success is largely attributed to their ability to simul-
taneously mitigate both model variance and bias [36], thereby reducing predic-
tion uncertainty [39]. Some works [1},45,/47] also hypothesize that this success
derives from model diversity, which maximizes expert specialization by forc-
ing each expert to focus on different data distributions. These approaches have
achieved strong empirical performance, advancing long-tailed visual recognition.

However, the fundamental premise of these diversity-driven methods, the re-
lationship between explicit expert diversity enforcement and ensemble prediction
accuracy, remains systematically unverified. In this paper, we re-evaluate this
core assumption using multiple ensemble diversity metrics and surprisingly re-
veal that expert diversity induced by logit adjustment or explicit loss regularizers
does not universally yield better ensemble accuracy. More formally, the expected
test error for ensemble models can be approximately decomposed as 37|

Error = Noise + Bias + Variance — Diversity (1)

Eq. [[] states diversity is an entangled hidden dimension in the bias-variance
decomposition of ensemble learning rather than an independent variable [37].
Current expert diversity-enforcing methods [361|47] in long-tailed learning may
overlook this crucial coupling. As shown in Fig. [I] we can obtain diverse out-
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puts with lower Q-statistics and correlation coefficients by controlling the logit
adjustment intensities for each expert, but without a notable improvement in
ensemble accuracy. We provide results on diversity induced by explicit regu-
larizers [36] in the Supplementary Material, which show that explicitly forcing
diversity degrades individual expert representation quality. These observations
prompt us to reconsider the underlying factors that truly determine the effec-
tiveness of multi-expert models.

Guided by this insight, we propose the Vicinal Consistency Alignment frame-
work, VICAL, for variance reduction rather than explicit expert diversity con-
straints. Our approach is grounded in a key insight: a robust model should ex-
hibit minimal prediction variation against both localized high-frequency per-
turbations and global resolution shifts, especially for tail classes. Specifically,
VICAL comprises two complementary components operating across decoupled
frequency domains: Self-Consistency (SC) Learning and Deep Ensemble Distilla-
tion (DED). First, SC enforces intra-expert prediction invariance by construct-
ing a localized vicinity through the interpolation of strong augmented views.
By aligning predictions between the original views and these heavily corrupted
interpolations, SC penalizes the exploitation of unstable high-frequency pat-
terns, effectively smoothing the local loss landscape of tail classes. Second, DED
promotes inter-expert consistency by utilizing a low-resolution view to extract
resolution-invariant semantics. Because this downsampled input inherently lacks
high-frequency details, DED strictly confines the cross-expert alignment to low-
frequency semantic agreement. This decoupling averts optimization conflicts,
preserving the robust, individual features established by SC while filtering con-
flicting knowledge. Together, these components significantly reduce prediction
variance both within and across experts.

Our main contributions can be summarized as follows:

— Our work first empirically re-evaluates the hypothesis that expert diversity
induced by logit adjustment or explicit regularizers directly correlates with
ensemble accuracy in long-tailed recognition. Our study reveals that utilizing
logit adjustment or explicit regularizers to maximize diversity can compro-
mise individual expert accuracy, thereby undermining the overall ensemble.

— We propose Vicinal Consistency Alignment (VICAL), a novel consistency
learning framework that moves beyond explicit diversity constraints to im-
plicit variance reduction.

— We implement VICAL through two core and complementary components:
Self-Consistency Learning, which enables individual experts to discourage
reliance on unstable high-frequency patterns, and Deep Ensemble Distilla-
tion, which facilitates cross-expert alignment through low-frequency seman-
tic agreement.

— VICAL showcases its superiority and generalizability through extensive ex-
periments on popular long-tailed benchmarks, including CIFAR-LT, ImageNet-
LT, and iNaturalist 2018, achieving significant gains over existing state-of-
the-art methods.
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2 Related Work

Long-Tailed Visual Recognition Conventional strategies for mitigating class
imbalance primarily include re-sampling, re-weighting, and logit adjustment.
Re-sampling [3}/17] techniques typically over-sample instances of tail classes or
under-sample head classes, while re-weighting |3}/9] typically assigns higher loss
weights to tail classes. Logit adjustment [2529] further refines this idea by ex-
plicitly modifying decision boundaries to accommodate class imbalance. On the
other hand, a large body of contrastive learning methods [8,/10,/51] has been
adopted to enhance representation quality by learning a balanced feature space.
Multi-Expert Models Recently, multi-expert models [1,/21,/33}|36}|45./47] have
become the dominant paradigm in long-tailed recognition. These methods typ-
ically train multiple experts independently or cooperatively, and aggregate pre-
dictions of all experts during testing. A common hypothesis underpinning these
approaches is that encouraging expert diversity can improve ensemble perfor-
mance by allowing each expert to specialize in different categories. For example,
RIDE [36] enforces diversity by penalizing the similarity of expert predictions
using the explicit diversity regularizer. SADE [45], MDCS [47], and BalPoE |[1]
use varying logit adjustment intensities across experts, compelling each expert
to specialize in distinct categories. However, the validity of this foundational
premise has rarely been scrutinized. Our work initiates from this critical gap.
Consistency Learning Consistency learning is a powerful regularization tech-
nique in semi-supervised learning [32,[34,/47], typically leveraging unlabeled data
by enforcing output stability under input perturbations. These perturbations
are commonly generated through varying data augmentation strategies, such
as the strong-weak pair employed in FixMatch [32]. Beyond FixMatch, Mean
Teacher [34] also uses generic consistency to propagate pseudo-labels to unla-
beled data. Consistency learning has also been shown to improve model robust-
ness and representation learning [14]. Mixup [43| creates vicinal samples by mix-
ing instances from different classes, yielding more robust decision boundaries.
GLMC [11] utilizes Mixup and CutMix [42] to achieve global and local mix-
ture consistency for long-tailed learning. In contrast, VICAL adopts frequency-
decoupled consistency, which acts as a spectral bottleneck to suppress high-
frequency overfitting and enforce a robust, low-frequency consensus. This design
reduces variance within and across experts in long-tailed recognition.

3 Do More Diverse Experts Yield Better Performance?

A line of recent methods [1}2,[24]45,/47,/49] has been proposed to improve the
output diversity of multi-expert models by enabling each expert to focus on
different categories. However, one premise for these practices to be effective is
that diverse experts are beneficial for long-tailed learning, and this simple as-
sumption has not been verified. In this section, we first provide preliminaries for
long-tailed recognition and then evaluate whether improving the expert diver-
sity through logit adjustment and an explicit regularizer in existing long-tailed
learning approaches enhances recognition performance.
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3.1 Preliminaries

The goal of long-tailed visual recognition is to train on skewed data while achiev-
ing promising performance on the balanced test set. Formally, let D = {z;, y; }}¥,
be the training set where z; denotes the ¢-th image sample and y; is the corre-
sponding label. For an ensemble model with M experts, given the input xz;, the
prediction probability of j-th class in m-th expert parameterized with 6,, is

~eap(])
T <C
2 k=1 eap(2iy)

where 27 is the logit for class j of sample ¢, and C is the number of classes.

The posterior in Eq. 2] does not account for the train-test class prior shift. After
calibration by logit adjustment |25[29], Eq. [2| can be reformulated as

(2)

_exp(z]] + T log(Fy))
Eg’;l exp(2 + T log(Pk))’

(3)

Dj (.131‘; om)

‘CZZ = 710g(pj(xi;9m))- (4)

Here, P; is the class prior of class j, the hyperparameter A controls calibration
strength, and L] denotes the basic classification loss of individual experts. A
large value of 7,,, (>1) will render the prediction biased towards the tail class and
a small value (<1) towards the head class. Previous works [1}[24}/45,47] assign
small and large As for head and tail experts, focusing on head and tail classes,
respectively. Following the common setup [1,45,47], we set M = 3 in subsequent
sections unless otherwise mentioned.

3.2 Statistical Analysis

In our work, we find that expert diversity induced by logit adjustment (See
Fig. [I)) or an explicit loss regularizer (See Supplementary Material) has no pos-
itive correlation with ensemble performance. Specifically, we train multi-expert
models on CIFAR-100-LT (IF=100) under varying logit adjustment intensities:
(t1,72,73) = (1 =X, 1, 1+ X) (A €{0,0.5,1,1.5,2}) for the long-tailed, uniform,
and reversed experts, respectively. We measure diversity using Q-statistics [41]
and the correlation coefficient p, with the diversity factor o [47] as an auxiliary
accuracy metric. As shown in Fig. [1} larger A values yield lower Q-statistics and
p, indicating that more diverse predictions are obtained. However, this induced
diversity fails to yield ensemble accuracy gains. Furthermore, when applying ex-
plicit regularizers (See Supplementary Material), we observe a strong positive
correlation between Q-statistics and ensemble accuracy. This indicates that arti-
ficially pushing experts to be diverse harms overall performance, motivating our
shift in focus from pursuing diversity to reducing model variance.
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4 Vicinal Consistency Alignment

In this paper, we emphasize that reducing the variance of the multi-expert model
is more effective than enforcing diversity in Eq. [[} To this end, we present a
complementary and tiered consistency-learning framework, VICAL, to achieve
vicinal consistency alignment, with two key components: Self-Consistency (SC)
Learning and Deep Ensemble Distillation (DED). Specifically, we construct a
vicinity for each instance using an interpolation of two strongly augmented full-
resolution views, together with a separate low-resolution view. The vicinity is
strictly confined to transformations of the same input. First, SC acts as the local
smoother and stabilizes the individual expert’s prediction within the vicinity of
each sample. Second, DED aligns the individual output of the low-resolution view
with the global semantic consensus based on SC. Notably, by separating these
objectives across different input resolutions, VICAL successfully reduces model
variance both within and across experts while avoiding knowledge conflicts. In
the following section, we will describe our proposed VICAL in greater detail.

4.1 Self-Consistency Learning

Vanilla Self-Distillation Self-distillation (SD) is an elegant and efficient ap-
proach to reducing model variance and improving prediction consistency |[12|
34.|44]. Here, we consider an exponential moving average (EMA) model as the
teacher to produce soft labels, which are more informative than hard labels. For
simplicity, let p° and p7 denote the predicted probability of the student and
teacher model, respectively. The vanilla SD [34] of the i-th sample in the m-th
expert can be expressed as:

Lsa=KL(p" (5:0m)|[p° (25 01)), (5)

where KL(-||-) represents the Kullback—Leibler divergence and 6, denotes the
EMA model of m-th expert, updated from the online model 6,,. We omit the
parameters 6,,, and 6,, in the following sections for simplicity.

Inconsistent Loss Landscape We find vanilla SD inadequate for enforcing
robustness within the vicinity of each training sample. Specifically, we construct
an interpolated view v = yvy + (1 — «y)vy within the vicinity, where vi and vs
are two strong augmentations of the same image x, and v ~ Beta(a, «), with

€ [0,1]. Since vy and v are semantically correlated, the loss of the convex
combination v for the tail class is expected to be as smooth as that of the head
class when varying with ~. However, as shown in Fig. [2a] the vanilla SD exhibits
high sensitivity to v for the tail class, suggesting a sharp loss landscape and
substantial prediction uncertainty.

Local and High-frequency Perturbations To mitigate sharp loss varia-
tions within the vicinity, we propose a self-consistency (SC) objective as the local
smoother that penalizes prediction divergence across interpolated views. Specifi-
cally, we employ two strong augmented views v; and vo, and introduce unstable
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Fig. 2: Loss landscapes as a function of the interpolation factor v € [0,1] between
two augmented views vi and ve on CIFAR-100-LT (IF=100) with a single expert:
(a) vanilla self-distillation, (b) SC. SC induces a smoother loss curve as «y varies,
especially for the tail classes. (¢) Accuracy gains over the SC baseline when DED uses
a full-resolution or low-resolution input.

high-frequency perturbation via the interpolated view v, which creates unnatu-
ral edges, ghosts, and textural artifacts. By feeding this heavily corrupted view
v into the online student network, we compel the model to align its prediction
with the EMA teacher of the original views. Due to data scarcity, tail classes are
highly sensitive to vicinal perturbations, thereby receiving stronger regulariza-
tion during consistency alignment. Consequently, SC penalizes the exploitation
of unstable high-frequency patterns and achieves prediction consistency within
the vicinity for each expert. By suppressing these brittle features, SC alleviates
overfitting in the tail classes and yields flatter local minima (See Fig. .

As illustrated in Fig.|3| the interpolated view v is fed into the online network
to produce the prediction ps(z%”) of the m-th expert as the student distribution.
The views v; and vy are fed into the target network to calculate the mean logits
Z™ to serve as the stable teacher. Formally, the modified objective function of
the m-th expert can be expressed as

= KLpT @) (), (6)
where z" = (2 + z) is the mean of EMA logits for v; and v, and serves as

the stabilized target.

4.2 Deep Ensemble Distillation

Global and Low-frequency Alignment Ensemble distillation offers a promis-
ing approach for variance reduction [36]. While SC improves robustness to high-
frequency perturbations introduced by interpolation, unconditionally forcing the
student to align with the global ensemble consensus poses a severe risk of opti-
mization conflict with established knowledge of SC. Concretely, if an extra full-
resolution view were employed for distillation, ensemble averaging inherently
blurs individual features established by SC, leading to degraded performance
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Fig. 3: The framework of our proposed VICAL, consisting of Self-Consistency (SC)
Learning and Deep Ensemble Distillation (DED). SC utilizes the interpolated view
v to discourage reliance on unstable high-frequency patterns, significantly improving
robustness of tail classes. DED strictly confines the cross-expert alignment to low-
frequency semantic agreement via a low-resolution view v, avoiding optimization con-
flicts with the SC objective. DED further filters conflicting transfers while retaining
complementary expert knowledge through the Conflicting Knowledge Filter.

compared to using SC alone (See Fig. . To sidestep this conflict, our Deep
Ensemble Distillation (DED) module restricts the distillation objective strictly
to a low-resolution view v,. Because the downsampled v, lacks high-frequency
information, this resolution asymmetry confines the ensemble alignment strictly
to low-frequency semantics. Consequently, the DED module offers complemen-
tary signals based on SC, and our design decouples the SC and DED objectives
across different frequency domains.

As shown in Fig. [3] the low-resolution view v, is fed into the online network
and produces logits 2y of the m-th expert. The outputs of all target models are
averaged to obtain Z, which provides the global semantic consensus. The logits
2y are forced to align with the mean 7 of full-resolution views, which enhances
low-frequency consistency and improves overall robustness.

Conflicting Knowledge Filter To further ensure that each expert gains
complementary knowledge, we introduce the Conflicting Knowledge Filter (CKF)
that sidesteps incorrect knowledge transfer, preventing individual knowledge
from degenerating into uncertain global consensus. The final ensemble distil-
lation formulation can be expressed as

1
Lo = D] > KL @) (=), (7)
¢ vs€EDY
D, = {z|argmax(p’ (%)) # y and argmax(p® (")) = y} (8)

where Z denotes the aggregated logits across experts, and DS denotes the com-
plement of D, i.e., the non-conflict knowledge set, excluding samples that the
student correctly predicts but the teacher fails. The CKF maintains individual
experts’ specialized knowledge while enforcing semantic-level agreement.
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Method CIFAR-100-LT CIFAR-10-LT ImageNet-LT
200 100 50 10 | 200 100 50 10 | 256
LDAM-DRW (3] | 38.5 42.0 46.6 58.7 | 74.7 77.0 81.0 88.2 45.8
BCL! |51] - 519 566 64.9| - 843 87.2 91.1 57.1
PaCot [§] 47.8 52.0 56.0 642|823 854 88.0 91.5 57.2
ProCo* [10] - 528 571 655| - 859 882 91.9 58.0
RIDE [36] 44.6 48.0 51.7 61.8|77.8 812 83.7 86.3 56.8
SADE [45] 44.7 49.8 53.9 63.6 | 78.0 829 858 90.0 58.8
NCL* [21] 49.5 54.2 582 63.8|82.2 855 87.3 911 60.5
BalPoE* |1] - 559 60.1 68.1| - 8.8 885 91.9 61.6
MDCS* |47 - 561 60.1 - - 872 883 - 60.2
ECL! [39] 514 56.3 59.9 67.3|83.6 865 88.9 91.8 61.7
PRL [49] - 528 57.3 656 | - - - - 60.7
NCL+++ [33] - 563 59.8 - - 872 888 - 60.9
ICL* 4] - 576 613 693 | - 879 89.7 91.9 60.2
Ours* |55.3 59.7 63.9 71.6|86.7 90.0 91.9 94.5 62.9

Table 1: Top-1 accuracy on CIFAR-LT using ResNet-32 as backbone and on ImageNet-
LT using ResNeXt-50 as backbone. We report the results of 400 and 200 epochs for
CIFAR-LT and ImageNet-LT, respectively. { denotes models trained with strong aug-
mentation [8]. The best result is shown in bold, and the second-best result is underlined.

4.3 Training and Inference

Training The overall training objective comprises three components: cross-
entropy loss L7} of original views v, and v, self-consistency distillation L7

of v, and ensemble distillation loss of L7 . of v,. Finally, the loss is as follows:

M
L= (LI +nLl, +BLY), (9)
m=1

where n and  are two hyperparameters to control the distillation strength,
respectively. Note that each expert is trained with a uniform-aware objective to
produce class-balanced predictions.

Inference The online network’s exposure to the interpolated samples degrades
the precision of its Batch Normalization statistics. Consequently, we only keep
the target network during the inference phase to produce high-quality predic-
tions, and the online network is discarded.

5 Experiments

To validate the efficacy of our proposed VICAL, we conduct comprehensive
experiments on long-tailed CIFAR-10 [3|, long-tailed CIFAR-100 [3|, ImageNet-
LT [23|, and iNaturalist 2018 [35]. Details of these datasets and extended exper-
iments are available in the Supplementary Material.
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Method Many Med Few‘ All SC DED CKF

ME Top-1 Acc.

100 epochs Eq. |§| Eq. Eq. P
RIDE [36] 70.9 724 73.1]|72.6 v 55.6
ACE |2] - - - | 729 v v 57.8
BalPoE [1] 73.2 755 74.7 | 75.0 v v v 58.6
BalPoE* 1] - - - | 735 v oV v v 59.1
MDCS* [47]  71.8 73.1 724 | 725 Table 3: Ablation study on CIFAR-100-
Ours? 74.3 77.3 76.2|76.6 LT training for 250 epochs. ME: multi-

expert model. SC: Self-Consistency Learn-
200 epochs ing. DED: Deep Ensemble Distillation.
TS-MOF 48] 72.8 73.6 70.5 | 723  CKF; Conflicting Knowledge Filter.
ResLT 7] 73.0 726 73.1]|72.9
ML [26] - - - | 749
NCLT +f B3] 722 753 75.7|75.2 Methods Top-1 Acc.
SHIKE? |16] - - - | 754 full-resolution 58.1
ICL* [4) 749 759 76.1|75.9 + high-pass 58.1
Ours? 75.5 78.1 T7.3|77.5 + low-pass 086
Table 2: Top-1 accuracy on iNatural- low-resolution 59.1

ist 2018 using ResNet-50 as backbone. Table 4: Ablation study of applying spa-
We report the results of 100 epochs and tial frequency filters (high-pass vs. low-
200 epochs, respectively. § denotes models pass) to the full-resolution input images
trained with RandAugment [6]. for DED on CIFAR-100-LT.

5.1 Experimental Settings

Evaluation Protocol We follow the standard evaluation protocol [3}8,|50}/51]
and validate the top-1 accuracy for all categories on the corresponding bal-
anced test set. Following common practice [17], we split the classes into three
groups, i.e., many-shot (>100 images), medium-shot (20~100 images), and few-
shot (<20 images), and report the respective accuracy of each group.

Implementation Details We implement our approach with PyTorch [27] and
employ the SGD optimizer with a momentum of 0.9 by default. The models are
trained for 400, 200, and 100/200 epochs, and the batch size is set to 64, 256, and
512 for CIFAR-LT, ImageNet-LT, and iNaturalist 2018, respectively. For network
architecture and data augmentation strategy, we mainly follow [1,/47]. The initial
learning rate is 0.2 for iNaturalist 2018 and 0.1 for the other datasets. The
learning rate follows a cosine annealing schedule for ImageNet-LT and iNaturalist
2018, and is multiplied by 0.1 at epochs 320 and 360 for CIFAR-LT. We set «
to 1.0, n to 0.8, and S to 1.0 for all experiments. The momentum coefficient of
the target network is set to 0.99 by default. The resolution of the low-resolution
view is set to 16 x16 for CIFAR-LT and 96x96 for the large-scale datasets. More
details can be found in the Supplementary Material.
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Methods ‘Multi-Expert‘Intra—Expert Stabilization‘ Inter-Expert Alignment ‘ Objective Decoupling ‘Distillation Gate
X Predictive Consistency X X X
X Inter-Class Mixup X X X
X Reflective Learning X X X
v X Explicit Divergence X X
v Inter-class Mixup Explicit Divergence X X
v Vanilla Self-Distillation Explicit Divergence X Confident Sampling
' Vanilla Self-Distillation Full-Resolution Mimicry x % (Unconditional)
' X Full-Resolution Mimicry X % (Unconditional)
VICAL (Ours) ' Vicinal Interpolation ‘Low-Resolution Semantic‘Resolution Asymmetry‘ CKF

Table 5: Mechanism comparisons of VICAL against existing consistency-driven and
multi-expert methods. Unlike prior approaches that rely on explicit divergence or cou-
pled full-resolution distillation, VICAL decouples intra-expert local smoothing from
inter-expert global semantic agreement, which avoids optimization conflicts.
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Fig.4: Ablation study of the hyperparameters (a) n and (b) 8 on CIFAR-100-LT
(IF=100). We report the best results achieved by the online and target models. (c¢) By
the terminal training phase, the histogram of the conflicting knowledge set D..

5.2 Main Results

Comparison with state-of-the-art We compare VICAL with previous state-
of-the-art methods such as NCL++ , MDCS and BalPoE . BalPoE
serves as a representative baseline that integrates Mixup during training. Tab.
lists the results on CIFAR-LT and ImageNet-LT, and Tab. [2] shows the compar-
ison on iNaturalist 2018. Our VICAL framework consistently achieves state-of-
the-art performance across all datasets. Tab. [f] lists the core mechanism differ-
ences of VICAL against existing consistency-driven and multi-expert approaches.
Compared to NCL++ and MDCS , which employ full-resolution views
for distillation, VICAL achieves substantial improvement, validating the efficacy
of our vicinal consistency alignment.

Component Analysis Tab. [3] presents the ablation study of all components of
our VICAL on CIFAR-100-LT. The baseline achieves 55.6% top-1 accuracy. Each
module provides a substantial improvement, indicating that the components are
complementary: SC aligns predictions within each expert, while DED achieves
low-frequency semantic agreement across experts.

Effect of Hyperparameters Fig. [fa] and Fig. [4D] present the ablation studies
of hyperparameters n and 3. The target model achieves the best accuracy at
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Fig. 5: Model sensitivity to additive noise aligned with different Fourier basis vectors
on the CIFAR-100-LT validation set: (a) Head and (b) Tail. The center represents
low-frequency, while the edges represent high-frequency. For head classes, VICAL
is slightly more sensitive to extreme high-frequency noise. In contrast, VICAL substan-
tially improves tail class robustness in the low-frequency region.

pT S Ratio(%) Many Med Few All
- - - 743 59.1 36.6 57.7
All All 100 74.8 59.8 384 58.6
Correct - 73 74.6 59.8 379 584
Wrong  Wrong 25 73.6 59.3 384 58.0
Wrong  Correct 2 67.7 551 34.2 53.2
Ours Ours 98 75.5 60.1 387 59.1

Table 6: We compare the results of several Conflicting Knowledge Filters on the
CIFAR-100-LT (IF=100). The baseline is VICAL w/o DED. The Ratio denotes the
percentage of samples used for DED throughout the training.

1 = 0.8 while the online network peaks at 7 = 0.6. Similarly, the optimal value
of B for the target model is 1. The superior performance of the target model
is attributed to its clean inputs. In contrast, exposure to corrupted samples
introduces noise into the online network and degrades its Batch Normalization
statistics. Consequently, we use the target network during inference.

5.3 Further Analysis

Frequency-based Analysis Fig. [2d shows the results when using views at
different resolutions for DED. Tab. [] further shows the results of applying dif-
ferent filters, which confirms that discarding unstable high-frequency patterns
effectively mitigates cross-expert knowledge conflicts. To validate our frequency-
decoupled mechanism, Fig. [5| visualizes the model’s error rate on the CIFAR-
100-LT validation set against Fourier basis noise, following . VICAL signifi-
cantly expands the low-frequency robustness region for tail classes, while increas-
ing sensitivity to extreme high-frequency noise for head classes. This asymmet-
ric shift demonstrates that VICAL restricts the exploitation of unstable high-
frequency shortcuts, compelling the model to establish robust dependencies on
low-frequency structures.
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Method All Many Med Few

Acc. Bias Var | Acc. Bias Var | Acc. Bias Var | Acc. Bias Var
CE 31.6 0.60 0.47|57.3 0.28 0.35|28.2 0.61 0.51| 6.3 0.94 0.57
RIDE |36] 40.5 0.50 0.42|60.5 0.28 0.30|38.7 0.50 0.44]20.1 0.74 0.52
MDCS [47| 46.1 - 036 - - 024 - - 0.38] - - 0.46
MDCs't 48.2 0.43 0.37|68.9 0.22 0.24(55.1 0.34 0.34]30.4 0.63 0.48
A=2 49.9 0.42 0.35|74.6 0.16 0.19(57.0 0.33 0.31]29.3 0.65 0.48
A=0 49.9 0.42 0.35|74.4 0.17 0.20|56.8 0.32 0.32]29.5 0.65 0.48
+ Mixup [43] |49.7 0.41 0.36|69.4 0.22 0.23|56.1 0.34 0.32|32.7 0.59 0.47
+AugMiX|14| 49.3 0.42 0.36|71.7 0.19 0.22(55.7 0.33 0.32]30.7 0.62 0.48

Ours 52.3 0.39 0.33]73.6 0.18 0.19(59.3 0.31 0.29/33.9 0.59 0.45
Table 7: Comparisons of the mean accuracy, bias, and variance of baselines and our
proposed method on CIFAR-100-LT (IF=100), following the previous setup [36,[47]. T
represents our reproduced results using the official code on the specified datasets for a
fair comparison. A = 0 refers to our proposed method without SC and DED.

Identifying Conflicting Knowledge We provide Tab. [f] to identify which
teacher-student prediction pairs create conflicts. Specifically, we divide the sam-
ples into several groups based on whether the teachers’ and students’ predictions
are correct. Although samples where the teacher is incorrect and the student is
correct account for only 2%, they can cause a significant performance drop and
must be removed. In Fig. we provide the histogram of the conflicting knowl-
edge set D.. During the terminal training phase, for misclassified samples from
difficult head classes, the ensemble consensus tends to predict them as another
head class. CKF safeguards valuable individual expert knowledge from being
compromised by uncertain consensus.

Heatmaps of Entropy Profiles To validate the efficacy of SC in improving
consistency and reducing prediction uncertainty, we present heatmaps to show
how the entropy of interpolated samples on the test dataset varies with respect to
7 in Fig. [6] Specifically, we train three ResNet-32 networks independently using
Balanced Softmax [29] (BS) loss, BS jointly with vanilla SD, and BS jointly
with our SC module on CIFAR-100-LT. The entropy of tail samples on the test
set is typically higher than that of head samples. SC significantly reduces the
uncertainty and induces a smoother entropy profile, especially for tail classes.

Model Bias and Variance We aim to enhance model robustness and reduce
variance through the proposed VICAL. To validate the effectiveness, we follow
the prior setup [36,/47] and train 20 independent models on subsets of CIFAR-
100-LT. Tab. [7] shows the comparison results. Increasing A enhances output di-
versity as shown in Fig. [T} yet yields no corresponding improvement in model
bias or variance. Mixup [43| and AugMix |14] enhance model robustness by inter-
polating inputs across different classes and combining multiple random pertur-
bations into a single input, respectively. Although Mixup and AugMix effectively
mitigate bias in tail classes, this advantage comes at the cost of significant per-
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Fig. 6: Heatmaps of the entropy profiles as a function of the interpolation factor v €
[0,1] between two full-resolution views vi and vz on the CIFAR-100-LT test set with
a single expert. Head samples (Top) are more susceptible to -, whereas tail samples
(Bottom) have higher entropy overall. SC reduces the entropy of interpolated samples,
particularly for tail classes.

formance degradation in the head. In contrast, VICAL not only reduces variance
and bias on tail classes but also preserves the head’s performance, demonstrating
its superior regularization effect on long-tailed learning.

6 Conclusion

In this paper, we critically re-evaluate the prevailing hypothesis in long-tailed
learning that assumes a positive correlation between model diversity and ensem-
ble accuracy. We unveil that diversity induced by logit adjustment or explicit
regularizers does not universally guarantee better ensemble accuracy. Motivated
by these findings, we introduce Vicinal Consistency Alignment (VICAL), a novel
framework that shifts the focus from explicit diversity constraints to implicit
variance reduction. By penalizing reliance on unstable high-frequency patterns
and enforcing low-frequency semantic agreement, VICAL improves the stabil-
ity within each expert and sidesteps optimization conflicts through views at
asymmetric resolutions. Extensive experiments show that VICAL consistently
achieves state-of-the-art performance across benchmarks. More importantly, it
effectively reduces both variance and bias, particularly for tail classes. Our work
demonstrates that vicinal consistency alignment offers a powerful alternative for
improving generalization in long-tailed recognition.
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VICAL: Vicinal Consistency Alignment for
Long-Tailed Visual Recognition

Supplementary Material

1 Datasets and Training Details

1.1 Datasets

Long-tailed CIFAR We conduct experiments on CIFAR-10-LT and CIFAR-
100-LT [3], the long-tailed variants of CIFAR-10 and CIFAR-100 [19], contain-
ing 10 and 100 classes, respectively. Following common practice [3,/9,50], we
adopt standard long-tailed splits for fair comparison. The imbalance factor is
Niaz/Nmin and reflects the degree of imbalance in the data. The imbalance
factors used in our experiments are 200, 100, 50, and 10.

ImageNet-LT ImageNet-LT [23] is a long-tailed version of the original Ima-
geNet dataset, constructed by sampling a subset according to a Pareto distribu-
tion with power value o = 6. The resulting dataset contains 115.8K images from
1000 categories, with 1280 to 5 images per class.

iNaturalist 2018 The iNaturalist 2018 dataset [35] is a large-scale, real-world
fine-grained benchmark with a natural long-tailed distribution. It consists of
437.5K images across 8,142 categories, exhibiting a high imbalance factor of 500.
This dataset presents dual challenges of severe class imbalance and fine-grained
visual recognition.

1.2 Training Details

Backbone For CIFAR-LT, we follow [1] and use ResNet-32 |13] as the backbone,
which shares the first block across experts and does not reduce the expert’s chan-
nel dimension. We find it is necessary to achieve high performance on CIFAR-LT,
and we reproduce BalPoE [1| and MDCS [47] using the same backbone for fair
comparison. For ImageNet-LT and iNaturalist 2018, we utilize ResNeXt-50 [3§]
and ResNet-50 as the backbones. The first two shallow blocks serve as a shared
net, and the deeper blocks form the expert-specific branches. The channel di-
mension is reduced by 1/4, following common practice [26,136}{45,/47]. Note that
BalPoE does not adopt the channel-reduction architecture and consequently has
more trainable parameters (See Tab. . We implement our method on CIFAR-
LT, ImageNet-LT, and iNaturalist 2018 using 1, 4, and 8 NVIDIA RTX 3090
GPUs, respectively.

Data Augmentation For data augmentation, we mainly follow [8,47,/51] to
implement strong augmentation, i.e., AutoAugment |5] for CIFAR-LT and Ran-
dAugment [6] for large-scale datasets. The views v and vy are generated by inde-
pendently applying strong augmentation twice. The low-resolution view under-
goes the same augmentation pipeline, varying only in spatial resolution, 16x16
for CIFAR-LT and 96x96 for large-scale datasets.
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Top-1 Acc.

0.81 0.83 0.85 0.88 0.90 092 0.62 0.67 071 075 0.80 084 647 65.0 653 655 658 66.1
Q-Statistics Correlation Diversity Acc.

Fig. 1: We use three different diversity metrics, i.e., Q-statistics, Correlation, and Di-
versity accuracy, to measure the relationship between model diversity and ensemble
accuracy on CIFAR-100-LT with an explicit diversity regularizer. Each point rep-
resents an independently trained multi-expert model. k controls the explicit diversity
regularizer intensities. A larger x value encourages each expert to align with the en-
semble prediction p, while a negative x forces predictions to diverge from this ensemble
consensus. Ensemble accuracy shows a positive correlation with both Q-statistics and
the correlation coefficient p. (The Pearson correlation coefficients are 0.76, 0.76, and
—0.31 for Q-statistics, Correlation, and Diversity accuracy.)

2 Experimental Setup of Section 3

2.1 Diversity Measures

In this paper, we employ two commonly used pairwise metrics, i.e., Q-statistics [41]
and correlation coefficient p, to measure the diversity of multi-expert models.
Q-statistic The Q-statistic quantifies the correlation between two classifiers in
terms of classification predictions, ranging from [—1, 1]. Let N1 (N%) represent
the number of samples that can be recognized by both classifiers correctly (incor-
rectly). Similarly, N'° and N°! are defined as the number of samples recognized
correctly by only one of the classifiers and incorrectly by the other classifier. The
Q-statistic value of classifiers ¢ and j can be calculated as follows:

NllNOO _ N01N10

Qij = NILIN00 { NOINIO® (1)

The overall Q-statistic is the average of the Q-statistic value over all pairs of
classifiers, i.e.,

1 K K
Q K(K*l)ZZth ()
i jFEi

where K is the number of classifiers and equals the number of experts M in
our setting. For independent classifiers, the expectation of @ is 0. A positive
Q-statistic indicates that the classifiers tend to be correct or incorrect on the
same samples, whereas a negative value indicates that one classifier tends to be
correct when the other is incorrect [20].
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Fig. 2: (a) Ensemble accuracy and mean individual expert accuracy across different
k. A large positive k yields better individual accuracy, thereby leading to an improved
ensemble performance. (b) Inter-expert logit variance on the CIFAR-100-LT test set.
We compute the variance of logits across experts. Lower values indicate stronger cross-
expert consistency.

Correlation Coefficient We also use the Pearson correlation coefficient p to
quantify the dependency of two classifiers ¢ and j. Specifically, for each class
ke {1,...,C}, we calculate the Pearson correlation between the two classifiers’
predicted probability vectors across all test samples. The p;; is obtained by
averaging these class-wise coefficients of classifiers ¢ and j,

C
1 L
Pij = & > Pearson(Ply,, P2y), (3)
k=1

where P? and P’ are probability matrices of two classifiers ¢ and j, respectively.
The overall correlation coefficient p is averaged over all classifier pairs.
Diversity Factor In addition to pairwise measures, we also employ the diversity
factor [47] as an auxiliary metric, which is a kind of accuracy and is calculated
as follows:

M
‘Um:l Sm’ . m
o= S = {ilagmaxpl(z) =y, (@iy) €D}, (4)
|Du| ¢
where S, is the set of all correctly recognized samples in the uniform test set
D,, by the m-th expert. The diversity factor o equals the top-1 accuracy when
all experts’ outputs are identical, and attains its maximum when every sample
is correctly classified by at least one expert.

2.2 Explicit Diversity Regularizer

In addition to varying logit adjustment intensities, we also provide a standard
explicit constraint used in RIDE [36] to enforce diversity among experts directly.
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Fig. 3: Ablations of (a) the teacher logit aggregation weight ¢ and (b) the Beta-
distribution parameter o on CIFAR-100-LT (IF=100).

Let p™ denote the m-th expert’s prediction probability. The diversity can be
achieved by

M
Liiw =K Z KL(?| ‘pm)’ (5)

m=1

where p refers to the ensemble prediction probability and s is the hyperparam-
eter that controls explicit diversity intensity. A large positive k encourages each
expert to align with the ensemble consensus p, while a negative x enforces di-
vergence from this ensemble prediction. We jointly optimize the model using the
diversity loss alongside Balanced Softmax loss [29] for each expert.

RIDE [36] aims to achieve better performance via a negative k; however,
our experiments unveil an unexpected result. As shown in Fig. a negative
value of k leads to lower Q-statistics and correlation coefficient p, indicating in-
creased prediction diversity but at the cost of degraded ensemble performance.
Furthermore, ensemble accuracy exhibits a slight negative correlation with di-
versity accuracy o. We hypothesize that enforcing diversity via an explicit regu-
larizer inadvertently damages the learned representation quality of each expert.
Conversely, positive ks enable each expert to reduce diversity while benefiting
from ensemble consensus, thereby improving overall performance. Fig. [2a] con-
firms our hypothesis: a large positive k yields superior individual experts. At
k = —0.6, ensemble accuracy incurs only marginal degradation while individ-
ual expert performance suffers substantial deterioration. In summary, explicit
diversity enforcement proves suboptimal, motivating our shift to a consistency
alignment framework.
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3 Extended Experiments

Inter-Expert Variance Analysis We directly measure the variance among
expert logits on CIFAR-100-LT, as shown in Fig. 2B} The baseline exhibits the
highest variance of 1.85. Introducing DED and SC reduces it to 1.49 and 1.31, re-
spectively. The complete VICAL framework achieves the lowest variance of 1.21.
These results confirm that both components improve cross-expert consistency
and jointly provide the strongest variance reduction.

Effect of SC Hyperparameters We first vary the aggregation weight in
2™ = @z + (1 — @)z to form the mixed teacher target. As shown in Fig.
equal averaging (¢ = 0.5) minimizes the loss for both head and tail classes,
whereas extrapolative weights outside [0, 1] increase the loss. Fig. shows that
performance is stable for o € [0.25,1.0]. We use o = 1.0 in all experiments.
Effect of SC on Individual Experts We further validate our proposed Self-
Consistency Learning module on a single expert. We compare several self-distillation
variants using the same backbone and strong data augmentation strategy. As
listed in Tab. [2] our proposed SC achieves the best results among these consis-
tency alignment approaches.

Effect of the Number of Experts The VICAL framework demonstrates inher-
ent scalability without additional hyperparameter tuning. Fig. [4] illustrates the
performance of VICAL compared to NCL++ [33] on CIFAR-100-LT (IF=100)
under varying numbers of experts. Our framework consistently outperforms
NCL++ across all expert configurations and exhibits superior prediction sta-
bility in the head and medium classes.

Computation Cost The VICAL framework is a multi-expert model with mul-
tiple views as input, which inevitably incurs additional computation cost. For
a fair comparison, we assess the performance of VICAL against NCL++ [33]
and MDCS [47] at an equivalent computation cost. Specifically, we quantify
the forward FLOPs for the online network per sample with multiple views
as input. Tab. [I] demonstrates that VICAL consistently surpasses MDCS and
NCL++ under equivalent computation cost, demonstrating the efficacy of our
consistency-driven approach. We further compare model parameters and corre-
sponding performance on ImageNet-LT. As shown in Tab. 3] BalPoE [1] and
NCL++ [33] partly benefit from having more trainable parameters, whereas our
method achieves significant gains under comparable model capacity.

Results on Multiple Test Distributions Following the previous setup |1}
45|, we compare model generalization under multiple test distributions. Tab.
and Tab. [f] report the compared results on CIFAR-100-LT and ImageNet-LT,
respectively. Our proposed VICAL surpasses other methods across different test
distributions by a large margin, demonstrating the benefits of vicinal consistency
alignment.

Visualization Results VICAL processes both full and low-resolution views:
the low-resolution view ensures semantic consistency (consistent label), while
the full-resolution view preserves the experts’ ability to capture diverse details.
We use Grad-CAM |31] to visualize each expert’s capability of capturing different
patterns, as shown in Fig. 5}
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Methods Top-1 Acc.
Method Many Med Few All MFLOPsxEpochs BS

50.6
MDCS - - - 561 204 %400 Vanilla SD 51.7
MDCS' 74.8 59.0 34.5 57.1 321400 MDCS' 47 51.6
NCL++ 70.8 55.5 40.7 56.3 561x400 NCL++1 53.1
Ours  73.4 59.2 37.4 57.6  522x155 sC 53.6
Ours  75.5 60.1 38.7 59.1 522x250 Table 2: Ablation study of
Ours 76.0 61.7 39.2 59.7 522x400 variants of self-distillation

Table 1: Computation cost on CIFAR-100-LT with a single expert on
(IF=100). { refers to our reproduced results. We CIFAR-100-LT training for

compare the performance of our method against 200 epochs. BS: Balanced
MDCS and NCL++ at an equivalent computation Softmax. { refers to our
cost. The same color indicates comparable compu- reproduced results using a
tation cost. single expert with intra-expert
distillation.
All Many
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Fig. 4: Comparisons of our method and NCL++ on CIFAR-100-LT (IF=100) with
different numbers of experts. While NCL++ achieves superior accuracy in the tail
classes, this is accompanied by a high cost in many and medium-shot performance.
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Expert 1 (cls 4000) Expert 2 (cls 4000) Expert 3 (cls 4000)

Fig. 5: Grad-CAM visualizations for three experts on iNaturalist 2018.

Method ‘Params‘Many Med Few‘ All
BalPoE [1] | 66.1M | 68.2 57.2 44.9(59.8
BalPoE* 1] |66.1M| - - - |61.6

50.1M 60.9

383M | 67.6 53.5 35.9|56.4
38.3M | 66.5 57.0 43.5|58.8
38.3M | 70.2 56.7 39.1|59.5
383M | - - - 160.2

Ours’ | 38.3M | 72.8 60.8 42.6|62.9
Table 3: Top-1 accuracy on ImageNet-LT using ResNeXt-50 as backbone. We report
the results of 200 epochs and the trainable parameters of all compared multi-expert
models. { denotes models trained with Rand Augment @
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Method Prior _

Forward-LT Uni. Backward-LT

50 25 10 5 2 1 2 5 10 25 50

LADE
RIDE
SADE
BalPoE
BalPoE '
MDCS'
Ours

56.0 55.5 52.8 51.0 48.0 45.6 43.2 40.0 38.3 35.5 34.0
63.0 59.9 57.0 53.6 49.4 48.0 42.5 38.1 35.4 31.6 29.2
58.4 57.0 54.4 53.1 50.1 49.4 45.2 42.6 39.7 36.7 35.0
65.1 63.1 60.8 58.4 54.8 52.0 48.6 44.6 41.8 38.0 36.1
71.4 69.4 66.1 63.6 59.7 56.4 53.0 49.0 46.2 41.9 39.5
71.8 69.5 66.7 64.4 60.2 57.1 53.4 49.3 46.2 41.8 40.3
73.3 71.6 69.1 66.4 62.5 59.7 56.2 52.6 49.7 45.4 43.6

LADE
BalPoE
BalPoE '
MDCS'
Ours

NSNS [ X X X X X X X

62.6 60.2 55.6 52.7 48.2 45.6 43.8 41.1 41.5 40.7 41.6
70.3 66.8 62.7 59.3 54.8 52.0 49.2 46.9 46.2 45.4 46.1
74.1 71.1 67.1 64.0 59.5 56.4 53.7 51.4 50.7 49.7 50.8
75.3 72.1 68.0 64.8 59.8 57.1 54.4 52.1 51.2 50.7 51.4
75.8 72.7 69.3 66.0 62.3 59.7 56.8 55.4 54.7 54.3 55.6

23

Table 4: Top-1 accuracy on multiple test distributions for ResNet-32 trained on
CIFAR-100-LT (IF=100). Prior denotes whether the test set prior is used. { refers
to our reproduced results, and other results are from [1].

Method Prior

Forward-LT Uni. Backward-LT

50 25 10 5 2 1 2 5 10 25 50

LADE
RIDE
SADE
BalPoE
Ours

63.4 62.1 59.9 57.4 54.6 52.3 49.9 46.8 44.9 42.7 40.7
67.6 66.3 64.0 61.7 58.9 56.3 54.0 51.0 48.7 46.2 44.0
65.5 64.4 63.6 62.0 60.0 58.8 56.8 54.7 53.1 51.1 49.8
67.6 66.3 65.2 63.3 61.5 59.8 58.1 55.7 54.3 52.2 50.8
72.1 70.9 69.3 67.3 65.0 62.9 60.7 57.7 55.8 53.3 51.3

LADE
SADE
BalPoE
Ours

NN * N X X X X X

65.8 63.8 60.6 57.5 54.5 52.3 50.4 48.8 48.6 49.0 49.2
69.4 67.4 65.4 63.0 60.6 58.8 57.1 55.5 54.5 53.7 53.1
72.5 70.2 67.3 64.6 61.8 59.8 58.3 57.2 56.6 56.6 56.9
74.7 72.8 70.1 67.3 64.8 62.9 61.4 60.0 60.0 59.8 59.7

Table 5: Top-1 accuracy on multiple test distributions for ResNeXt-50 trained on
ImageNet-LT. Prior denotes whether the test set prior is used, and * refers to implicit

test prior estimation.
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4 Broader Impact and Limitations

Our proposed VICAL demonstrates its superiority in imbalanced classification,
suggesting its potential for fairness and reliability of vision systems in criti-
cal applications. VICAL can also be directly applied to semi-supervised visual
recognition tasks without requiring complex modifications. The framework’s em-
phasis on stability and variance reduction may also contribute to more robust
and trustworthy Al systems in real-world deployments.

Despite remarkable efficacy, our VICAL framework has several limitations
that suggest valuable future directions. The multi-expert architecture with vic-
inal views increases training time compared to single-model baselines, although
inference cost remains comparable. Moreover, the precise theoretical relation-
ship between consistency learning and variance reduction in long-tailed settings
deserves further formal analysis.
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