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Abstract. Long-tailed semi-supervised learning (LTSSL) represents a practical
scenario for semi-supervised applications, challenged by skewed labeled distri-
butions that bias classifiers. This problem is often aggravated by discrepancies
between labeled and unlabeled class distributions, leading to biased pseudo-labels,
neglect of rare classes, and poorly calibrated probabilities. To address these issues,
we introduce Flexible Distribution Alignment (FlexDA), a novel adaptive logit-
adjusted loss framework designed to dynamically estimate and align predictions
with the actual distribution of unlabeled data and achieve a balanced classifier by
the end of training. FlexDA is further enhanced by a distillation-based consistency
loss, promoting fair data usage across classes and effectively leveraging under-
confident samples. This method, encapsulated in ADELLO (Align and Distill
Everything All at Once), proves robust against label shift, significantly improves
model calibration in LTSSL contexts, and surpasses previous state-of-of-art ap-
proaches across multiple benchmarks, including CIFAR100-LT, STL10-LT, and
ImageNet127, addressing class imbalance challenges in semi-supervised learning.
Our code is available at https://github.com/emasa/ADELLO-LTSSL.

Keywords: Distribution Alignment · Confidence Calibration · Long-tailed · Semi-
supervised Learning

1 Introduction

Solving computer vision tasks with limited labeled data is a challenging problem that
has motivated the development of semi-supervised learning (SSL) [10]. Training models
on a mix of labeled and unlabeled data allows costly labeling to be circumvented, though
unlabeled data has been shown to complicate training when the distribution of classes
is highly imbalanced or follows a long-tailed distribution [53], as depicted in Fig. 1a.
Notably, common SSL techniques, namely pseudo-labelling [38] and high-confidence
thresholding [58], can lead to imbalanced pseudo-label distributions even in balanced
settings [64], producing classifiers that are biased towards head classes [64, 67].

Distribution alignment (DA) [3, 37] aims to mitigate these issues by aligning pseudo-
label distributions with actual label priors in balanced [3, 64] and, more generally,
long-tailed (LT) settings [64, 68]. Despite recent progress in long-tailed semi-supervised
learning(LTSSL) [16, 29, 35, 51], most DA methods assume that labeled and unlabeled
data follow the same distribution [3, 64, 68], though in practical or low-label applica-
tions, the unlabeled class distribution is more likely to be unknown and distinct from
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Fig. 1: Long-tailed semi-supervised learning considers a challenging scenario, where a labeled
dataset with a skewed class distribution, PL(y), see (a), can bias the model towards frequent
classes. This challenge is exacerbated by the use of a larger unlabeled dataset with an unknown
class distribution, Q(y), see (b), risking the reinforcement of data biases, which in turn leads
to uncalibrated probabilities. Our evaluation focuses on misclassification error (complement
of accuracy) and expected calibration error to test generalization and calibration. Our approach
shows consistent improvements in both respects, as shown in (c) and (d).

the labeled distribution, as illustrated in Fig. 1b. This mismatch between labeled and
unlabeled data, or label distribution shift [24], can lead to low data utilization, where
models fail to effectively leverage the breadth of available data, especially samples from
minority classes [29, 68]. Therefore, incorporating the correct data prior is critical for
improving model performance [24,29,80]. Previous DA approaches either require access
to the ground truth prior or an approximation from balanced holdout data in advance for
SSL training [3, 29, 37], conditions that are often challenging to fulfill. Anchor distribu-
tions [46, 69] aim to sidestep these requirements, but challenges remain due to implicit
assumptions about the class prior and the increased complexity of these approaches.

Model calibration, which guarantees that model predictions align with actual out-
comes [20], has gained recent attention for both enabling effective pseudo-labeling in
SSL [44] and facilitating distribution alignment in LT fully-supervised scenarios [1,
48, 74]. Beyond mitigating confirmation bias [44], calibration is crucial when using
logit adjustment to address label shift [1]. This highlights the importance of further
investigating the influence of proper calibration on distribution alignment within LTSSL.

In this work, we tackle distribution misalignment in LTSSL, focusing on the shift be-
tween labeled and unlabeled class distributions. We present the following contributions:

– Flexible Distribution Alignment (FlexDA): introduces novel supervised and consis-
tency logit-adjusted losses to dynamically align the model with the class distribution
of unlabeled data during training, boosting performance across diverse unlabeled
class distributions. It integrates a progressive scheduler to adjust the target prior
towards a balanced classifier gradually, crucial to accurate debiasing at inference.

– Complementary Consistency Regularization: augments FlexDA by distilling
underconfident samples, optimizing the utilization of data often ignored due to
low-confidence pseudo-labels.

– Study of Model Calibration in LTSSL: We delve into the relationship between
calibration and generalization in LTSSL, corroborating that improved calibration is
highly correlated with enhanced model generalization across various datasets and
different degrees of label shift.
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The effectiveness of our methodology is showcased in settings with both controlled and
unknown label shifts, such as CIFAR100-LT and STL10-LT, where it excels in LTSSL
contexts, see Fig. 1d and Fig. 1c. Under matching distributions, it surpasses state-of-
the-art (SOTA) approaches in the large-scale dataset ImageNet127. Finally, ADELLO
presents significant advances in calibration compared to previous LTSSL approaches, see
Fig. 1c. These contributions form the foundation of Align and Distill Everything All at
Once (ADELLO), outlined in Fig. 2, a versatile framework adept at handling distribution
shifts, efficiently overcoming LTSSL challenges, and enhancing model calibration.

2 Related Work

Semi-supervised learning. Semi-supervised learning is a mature field, with significant
advancements made in recent decades [10, 19, 38, 47, 57, 58]. Successful techniques such
as pseudo-labeling [2, 38], consistency-regularization [49, 60], and their combinations
[2–4,34] have contributed to this progress. Encouraging consistency between weakly-
perturbed data views has shown improvements [36, 56], and further progress has been
made with the combination of weak and strong data augmentation [58, 71].

Confidence-based methods combine high-confidence thresholding and pseudo-labeling
(hard [58] or temperature-scaled [71]) to minimize confirmation bias [31]. However, a
fixed threshold can limit the utilization of unlabeled samples [12, 45], especially in low-
labeled regimes. In response, later approaches introduced progressive thresholds [73] and
class-specific thresholds [78]. Recently, SoftMatch [12] integrates adaptive thresholding
and confidence-based weighting for better sample utilization. Contrasting with these
methods is the knowledge distillation (KD) approach, characterized by the use of softened
output logits to distill information about class similarities [23]. In contexts with minimal
labeled data, self-supervised prototypes, acquired via online deep-clustering [8], are
distilled to exploit predictions below an adaptive threshold [45]. Diverging from [12,45],
our method uniquely distills soft pseudo-labels that fall below a threshold, this process
being steered by a distribution alignment loss.

To mitigate the bias induced by imbalanced pseudo-labeled distributions, some
techniques aim to align the model distribution with the labeled prior, often uniform, based
on maximum mean-entropy regularization [2, 31, 66]. Additionally, other distribution
alignment approaches involve correcting the prior directly on pseudo-labels [3, 5, 64]
and using margin-based losses to debias the classifier [64].

Long-tailed recognition. In real-world datasets, LT distributions are common, where
a few classes dominate with numerous examples, and most have significantly fewer [61,
82]. Addressing this imbalance, methods based on data resampling [11, 27, 33, 63], loss
reweighting [14, 25, 42, 59], and margin modifications [7, 50, 72] have been developed.
Theoretically-grounded logit adjustments (LA) mitigate the LT bias [48], yielding bal-
anced [48, 55] and well-calibrated classifiers [1, 75]. These adjustments can be applied
during the optimization [48, 55] or as post-hoc bias correction [24, 48]. Additionally,
expert-based models are specialized in handling either single or multiple target distri-
butions [1, 40, 80] and have the capability to adjust the test target prior by leveraging
unlabeled data transductively [80]. Lastly, KD [23] can also be applied for transferring
knowledge from head to tail classes [22, 40, 70].
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Long-tailed semi-supervised learning. SSL research has recently focused on long-
tailed scenarios by relaxing the uniform assumption [29, 68]. DARP [29] refines pseudo-
labels via convex optimization, while CReST [68] reduces class imbalance by expanding
the labeled dataset with unlabeled data across multiple generations. Class-dependent
approaches weight losses based on class difficulty [35] and varying pseudo-label thresh-
olds based on relative class-frequencies [21]. Several approaches introduce auxiliary
balanced classifiers [16, 39, 51, 69] or feature regularization [16] to address LT issues.

CReST+ [68] introduces a schedule for progressively aligning the distribution of
pseudo-labels, transitioning from long-tailed to more balanced distributions, a strategy
later incorporated as part of the training loss [37]. However, most DA approaches assume
that labeled and unlabeled data share similar marginal distributions, which may not
always hold, and often requires additional supervised pre-training to estimate distribu-
tion mismatch [29, 37]. Diverging from this, some studies have adopted re-weighting
strategies across fixed anchor distributions [46, 69]. However, these methods might inad-
vertently rely on privileged information, as they constrain the adjustment to the family
of label distributions typically used in evaluation benchmarks. In contrast, our approach
utilizes distribution alignment losses, dynamically adjusting to the class distribution of
unlabeled data. This reduces label bias and aims for an unbiased, balanced classifier
during inference, without being confined to a specific family of prior distributions. Addi-
tionally, our method leverages all data samples for regularization, enhancing both prior
estimation and distribution alignment, further detailed in Sections 4.1 and 4.2.

Confidence calibration. Over-parameterized networks tend to yield uncalibrated
and overly confident predictions, particularly in the presence of out-of-distribution
data [20, 41], a problem exacerbated by class imbalances [81]. While Mixup [79] and
its variants [62, 76] improve calibration in fully-supervised settings and adaptations for
long-tailed contexts exist [52, 74], integrating these approaches with threshold-based
methods, such as FixMatch [58], remains challenging. Nevertheless, the crucial link
between calibration and model performance in balanced SSL setups [44] underscores the
importance of calibration. Finally, fully supervised LT distribution alignment methods
critically hinge on well-calibrated probabilities [1, 24, 48], underscoring the urgency of
addressing calibration within LTSSL frameworks.

3 Preliminaries

Problem formulation. In long-tailed semi-supervised learning for classification tasks,
we address a scenario with a limited labeled dataset DL = (XL, YL) and a larger
unlabeled dataset DU = (XU , ·). The labeled dataset comprises N samples (xi, yi),
where yi ∈ {1, . . . ,K} denotes the class labels and K is the total number of classes. The
unlabeled dataset contains M (ui, ·) samples, following an unknown class distribution
Q(y). Classes are sorted by descending order of labeled sample size, i.e., N1 ≥ N2 ≥
... ≥ NK , where Nk represents the number of labeled samples for class k. The imbalance
ratio for the labeled set, γl, is defined as N1/NK . Similarly, the (unknown) imbalance
ratio for the unlabeled set, γu, is M1/MK , where Mk is the count of unlabeled samples
in class k. The objective is to train a classifier that minimizes the balanced error rate
(BER) [6, 9] on the test distribution, thus ensuring fair treatment of minority classes.
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For labeled data, the standard supervised loss [58, 71], denoted by Ls, is the average
cross-entropy, H(·, ·), between the true labels y and the model predictions p(y|x),

Ls =
1

B

∑B

b=1
H(yb, p(y|ω(xb))), (1)

where p(y|x) = σ(f(x)) denotes the prediction produced by a neural network f ,
normalized by the softmax function, σ(·); ω(·) denotes a weak data augmentation
procedure and B denotes the batch size.

For unlabeled data, we are interested in threshold-based consistency regularization
approaches [58, 66, 71, 78]. Following [58, 71], we employ weak and strong data aug-
mentations, denoted by ω(·) and Ω(·), respectively. The unsupervised loss is defined as

Lu =
1

µB

∑µB

b=1
M(ub) · H(ŷb, p(y|Ω(ub))), (2)

where M(ub) = 1(max(p(y|ω(ub)) ≥ τ) denotes a sample mask relative to a thresh-
old τ , ŷb = argmax p(y|ω(ub)) is a one-hot pseudo-label [58]. µ determines the relative
sizes of labeled and unlabeled data in a batch.

Distribution alignment in SSL. Table 1 contrasts various methods of distribu-
tion alignment tailored for SSL in scenarios with class imbalance. Originally intro-
duced for the balanced setting, ReMixMatch [3] aligns the marginal distribution of
predictions on unlabeled data, estimated by an exponential moving average (EMA),
Q̂(y) ≈ Eu∼XU

[p(y|ω(u))], with the labeled prior distribution PL(y), via pseudo-label
adjustment (PL). CReST+ [68] adopts a more flexible multi-generational training ap-
proach for LT scenarios, controlling the rate and extent of PL debiasing to preserve
the model precision and recall for unlabeled data. However, using only pseudo-label
correction in long-tailed data scenarios can bias the classifier towards head classes, even
with correct pseudo-labels, as noted in fully-supervised settings [28, 48].

Table 1: Comparative overview of distribu-
tion alignment methods under class imbal-
ance. “PL” denotes pseudo-label adjustment;
“S loss” refers to supervised logit-adjusted loss;
“U loss” indicates unsupervised logit-adjusted
loss; “LT” denotes long-tailed labeled prior;
“Progressive” describes gradual smoothing of
the target prior throughout training.
Method Strategy Target Prior Progressive

ReMixMatch [3] PL LT ✗
CReST+ [68] PL LT ✓
LA [48, 55] S loss Uniform ✗
DebiasPL [64] PL & U loss Uniform ✗
UDAL [37] S & U losses LT ✓
ADELLO (ours) S & U losses Adaptive ✓

In the fully-supervised case, logit-
adjusted losses [48, 55] correct the long-
tailed label bias by aligning the distribu-
tion towards a uniform prior. DebiasPL [64]
combines pseudo-label generation with a
margin-based unsupervised loss, controlled
by a static hyper-parameter. UDAL [37], in-
spired by CReST+, progressively adjusts
its losses to target a smooth long-tailed
prior Pαt

(y), achieving a more effective
alignment. These methods typically presup-
pose that the unlabeled marginal distribu-
tion Q(y) is similar to the labeled distribu-
tion PL(y). In situations where the target
distribution Q(y) is unknown, previous research [29, 37] has proposed modifying the
consistency loss to include a predefined target distribution. However, this approach can
be challenging, particularly in the absence of prior knowledge about the true distribution
or when a balanced, labeled hold-out dataset for estimating the prior [43] is not available.
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Fig. 2: Method overview: Our flexible distribution alignment (FlexDA) aligns the classifier with
the correct prior, dynamically estimated from unlabeled data. This approach extends FixMatch with
a bias-adjusted supervised loss ((4), Sec. 4.1) and a bias-adjusted consistency loss ((5), Sec. 4.1)
to debias high-confidence hard pseudo-labels. We also introduce a bias-adjusted complementary
consistency loss to learn from low-confidence soft pseudo-labels (Sec. 4.2). A progressive scheduler
steadily smooths the target prior, Q̂αt , leading to a balanced classifier by the conclusion of training.

Aiming to resolve these challenges, ADELLO aligns the target distribution to the
unknown unlabeled data and fosters robust consistency by distilling even low-confident
predictions simultaneously to counter the class imbalance.

4 ADELLO Framework

As illustrated in Fig. 2, the key idea of ADELLO is to conduct progressive distribution
alignment on unlabeled data via consistency regularization using high-confidence and
low-confidence pseudo-labels. We propose the following objective,

L = LFlexDA
s + LFlexDA

u + LFlexDA
uC , (3)

where LFlexDA
s denotes the supervised loss (4), LFlexDA

u denotes the unsupervised consis-
tency loss (5), and LFlexDA

uC denotes the complementary consistency loss (Sec. 4.2) within
FlexDA. This framework facilitates model alignment with an adaptive target distribution
and effective use of labeled and unlabeled data, ensuring robust model training through
comprehensive data utilization. We will now provide a detailed description of the losses
introduced in ADELLO.

4.1 Flexible Distribution Alignment

In the training of modern SSL frameworks, we typically observe two learning phases:
1) a supervised phase where the model is trained on a small labeled dataset using weak
data augmentation, and 2) a phase where pseudo-labeling and consistency regularization
are employed to learn from strongly-augmented unlabeled data.

Let us assume that the first phase yields a scorer function gL(x) that perfectly fits the
labeled distribution, represented as gL(x) ∝ PL(y|x). In the second phase, we want to
find the classifier that maximizes the number of correct pseudo-labels. The Bayes-optimal
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classifier emerges as a solution: ŷ = argmaxy Q(y|x) = argmaxy Q(x|y) · Q(y).
Under label shift [24], where priors might differ, i.e. PL(y) ̸= Q(y), yet the likelihood
remains the same, i.e. PL(x|y) = Q(x|y), we can define an adjusted scorer for pseudo-
labeling: gU (x) = gL(x) · Q(y)

PL(y) , and show that gU (x) ∝ Q(y|x). Furthermore, this
indicates that gU (x) is the best scorer for the unlabeled data in terms of Bayes optimality.

The definition of gU (x) suggests that, in practice, obtaining a good classifier in-
volves two challenges: neutralizing bias from the skewed labeled data and adjusting
for the marginal distribution Q(y). However, for inference, our goal is to achieve a
balanced classifier that treats all classes equally. This classifier should minimize the bal-
anced error, which is independent of training or test priors: ŷ = argmaxy Pbal(y|x) =
argmaxy Pbal(x|y) · Pbal(y). Here, Pbal(y) =

1
K denotes the uniform prior. A balanced

scorer can thus be defined as gB(x) = gU (x) · Pbal(y)
Q(y) ∝ Pbal(y|x), aligning with the

Bayes-optimal rule for minimizing the BER [48].
Reconciling training demands with inference realities presents a challenge, as Q(y)

is often unknown. Even under consistent scenarios, PL(y) may be a biased estimate of
the correct distribution, particularly with limited labeled samples. To address these chal-
lenges, we introduce the Flexible Distribution Alignment (FlexDA) approach. FlexDA
dynamically adapts to the characteristics of unlabeled data by aligning the model with
a target distribution based on the EMA of the pseudo-labels during optimization. It
employs a smoothed target prior, Q̂αt

(y) = Q̂(y)αt∑
j Q̂(j)αt

, with a time-updated decay factor

αt. Our approach progressively smooths the target prior, starting from the unlabeled
prior Q̂1(y) = Q̂(y), and gradually transitioning to a (near) balanced prior Q̂0(y) =

1
K

by the end of the training process.
In the FlexDA approach, our proposed logit-adjusted supervised loss is defined as

LFlexDA
s =

1

B

∑B

b=1
H(yb, σ(f(ω(xb)) + log

PL

Q̂αt

)), (4)

while our unsupervised consistency loss is defined as

LFlexDA
u =

1

µB

∑µB

b=1
M(ub) · H(ŷb, σ(f(Ω(ub)) + log

Q̂

Q̂αt

)), (5)

where αt = 1.0− (1.0− αmin)(
t

ttotal
)d defines a schedule. Here, t is the current training

step, ttotal the total number of training steps, and d and αmin are hyper-parameters con-
trolling the speed of the debiasing schedule and the minimum bias allowed, respectively.

Statistical perspective. For simplicity, let us assume αmin = 0, i.e. a uniform
target prior by the end of training. When αt → 1, our supervised loss compensates for
the distribution shift between labeled and unlabeled data. While the unadjusted scorer

might effectively classify labeled data, as in σ(f(x) + log PL

Q̂αt

)
αt→1
≈ gL(x), the model

(adjusted scorer) aims to emulate the Bayes-optimal classifier for unlabeled data, i.e.,

σ(f(x))≈gL(x) ·
Q̂αt

PL

αt→1
≈ gU (x). As Fig. 3 shows, the estimated model prior Q̂ aligns

closely with the ground-truth unlabeled prior Q from the beginning of training under
various levels of label shift, as shown by the KL divergence between these distributions.
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Fig. 3: Prior estimation under label shift. A comparison of KL divergence shows 1) a small
difference between the estimated prior, Q̂, and the ground-truth prior, Q, during most of the
training (blue curve), and 2) a larger disparity between Q̂ and the uniform prior, Pbal, (orange
curve). The progression of a quadratic scheduler (d = 2) is shown in (d) (green curve). Label shift
settings: (a) forward, (b) balanced, and (c) reversed long-tailed, computed for CIFAR10-LT100.

Throughout the training, both supervised and unsupervised losses progressively
reduce the bias induced by the unlabeled data, modulated by αt (refer to Fig. 3d). By the
end of the training, as αt → 0 and Q̂αt → Pbal(y), FlexDA steers the model towards

a (more) balanced distribution, leading to σ(f(x))≈gU (x) ·
Q̂αt

Q̂(y)

αt→0
≈ gB(x). This

dual loss structure effectively counters the bias introduced by labeled and unlabeled
data samplers and adapts to the dynamic target prior. It provides a holistic approach for
training semi-supervised models in the presence of class imbalance.

4.2 Complementary Consistency Regularization

The lack of ground-truth labels for tail classes complicates the generation of accurate
pseudo-labels early in training, leading to a reduced supervisory signal when high-
confidence thresholds are applied [45]. Furthermore, (progressive) distribution alignment
can decrease the confidence of pseudo-labels as training progresses [68], further weak-
ening the supervisory signal. To utilize all available unlabeled data, we enhance the
conventional consistency objective (2) with a complementary consistency regulariza-
tion (CCR) technique. We implement a masked-distillation loss that makes use of soft
pseudo-labels that fall below the confidence threshold:

LuC =
1

µB

∑µB

b=1
MC(ub) · H(p

1
T (y|ω(ub)), p

1
T (y|Ω(ub))), (6)

where MC(ub) = 1−M(ub) denotes the complementary mask, T is the temperature
scaling factor, and p

1
T (y|x) = σ( 1

T f(x)) represents the temperature-scaled predictions.
When combining our distribution alignment with complementary consistency, we

obtain LFlexDA
uC which is defined the same as LuC but replacing p

1
T (y|Ω(ub))) with

p̄
1
T (y|Ω(ub)) = σ( 1

T (f(Ω(ub)) + log Q̂

Q̂αt

)), where p̄
1
T denotes temperature-scale

unadjusted predictions. For simplicity, we denote p̄(y|x) = p̄
1
T (y|x) when T = 1.

Contrasting with recent methods that sharpen (hence low temperature) low-confidence,
less reliable pseudo-labels [3, 12, 78], increasing the risk of confirmation bias, we ap-
ply bias-corrected distillation-based consistency (hence high temperature) to uncertain
samples, boosting model accuracy and reliability for LTSSL, as observed in Fig. 1.
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Imbalance-aware temperature selection. Determining the optimal temperature
for distillation can be critical, particularly when confronted with LT settings. While a
temperature of T=1 is shown to be effective for balanced (unlabeled) datasets, see Fig. 6,
this may not hold for imbalanced ones, as observed in fully-supervised settings [22]. In
response to this, we calculate the temperature to accommodate the class imbalance:

T = exp(KL(Pbal∥Q̂)), (7)

by initiating distillation after a warm-up period. This temperature, once set, is kept con-
stant throughout the remainder of the training. This strategy ensures that our distillation
process is fine-tuned to the unlabeled data from the start and remains stable against
minor changes in the pseudo-label distribution. We validate its effectiveness in Sec. 5.4.

5 Experiments

5.1 Setup

Datasets. We evaluate the performance of our approach on multiple benchmarks, assess-
ing its robustness under varying degrees of class imbalance, labeled data availability,
and class distribution mismatch.

CIFAR10-LT and CIFAR100-LT are based on CIFAR10 and CIFAR100 [32], each
originally containing 60k 32×32 color images across 10 and 100 classes, split into
50k for training and 10k for testing. Following the standard protocol [29], we sample
these datasets to create their long-tailed versions, using a head class size N1 and an
imbalance ratio γl. γu denotes the imbalanced ratio for unlabeled data. The number of
images per class for labeled and unlabeled data is determined by Nk = N1 · γ−κ

l and
Mk = M1 · γ−κ

u , respectively, where κ = (k − 1)/(K − 1). We use two labeled data
settings with 1/3 and 1/9 of the total data [51].

STL10-LT is derived by downsampling the labeled portion of the STL10 dataset [13],
akin to the procedure used for the CIFAR long-tailed variants. STL10 consists of 5k
training and 8k test images, each 96×96 in resolution, spread across 10 classes. This
is augmented by an extra 100k unlabeled images that include both in-distribution and
related out-of-distribution (OOD) classes from the ImageNet [15] taxonomy.

ImageNet127 [26], a naturally imbalanced large-scale dataset with γl ≈ γu ≈ 286,
groups the 1k classes of ImageNet [15] into 127 classes based on the WordNet hierarchy.
We evaluate under 32×32 and 64×64 image resolution using 10% of labeled data [16].

Training and evaluation. Our framework is based on FixMatch [58] with a confi-
dence threshold of 0.95 [58]. Our experiments use Wide-ResNet-28-2 [77] for CIFAR10-
LT, CIFAR100-LT, and STL10-LT, while ResNet-50 is used for ImageNet-127, following
[16, 29, 51]. For CIFAR{10,100}-LT and STL10-LT, we train for 256 epochs of 1024
steps each, using SGD, Nesterov momentum of 0.9, and weight decay of 5e-4 [51]. The
base learning rate (LR) is set to 0.03. ImageNet-127 experiments use Adam [30] with
a base LR of 0.002 for 500 epochs of 500 steps each, following [16]. Batch sizes are
64 for labeled and 128 for unlabeled data. We set αmin to 0.1 and d to 2, following [37].
A warm-up period of 50k steps is used with CIFAR{10,100}-LT, while STL10-LT and
ImageNet127 skip it. Following common practices [29, 37, 58, 68], we define equally
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Table 2: Test accuracy (%) on CIFAR10-LT and CIFAR100-LT under label shift. †: labeled prior
as target. ‡: results from prior work [51]. Best scores bold, second-best underlined.

CIFAR10-LT CIFAR100-LT Friedman Final

γl → 100 100 100 50 50 50 Rank Rank

γu → 100 1 0.01 50 1 0.02
N1 → 1500 1500 1500 150 150 150
M1 → 3000 3000 30 300 300 6

Supervised 63.8±0.3 63.8±0.3 63.8±0.3 36.3±0.3 36.3±0.3 36.3±0.3 - -

FixMatch [58] 75.5±1.1 86.1±1.1 81.0±4.2 44.4±0.6 48.6±1.0 45.4±1.6 8.67 9
+DARP† [29] 76.6±1.0 68.8±0.7 63.3±1.3 44.7±0.4 43.3±0.6 40.4±0.7 9.50 10
+CReST+ [68] 78.1±0.6 92.6±0.2 68.5±0.5 44.9±0.2 56.5±0.5 40.5±0.4 6.17 7
+ABC [39] 82.3±0.7 89.0±0.2 87.0±0.4 47.2±0.6 52.4±1.5 48.7±2.0 4.00 3
+DASO [51] 79.1±0.7‡ 88.8±0.6‡ 80.3±0.6‡ 44.7±0.2 51.7±2.0 48.5±2.1 7.00 8
+DebiasPL [64] 80.5±0.1 88.6±0.2 83.8±0.2 46.8±0.3 52.5±0.8 50.8±1.9 5.00 6
+CoSSL [16] 84.6±0.1 88.8±0.6 84.2±0.2 47.6±0.8 50.4±1.2 46.8±0.6 4.67 5
+UDAL† [37] 83.0±0.3 89.1±0.2 80.9±0.7 48.6±0.5 52.6±1.0 48.7±1.3 4.00 3
+ADELLO (ours) 83.8±0.3 91.9±0.3 86.1±0.4 49.2±0.6 57.5±1.3 53.0±0.9 1.50 1

SoftMatch [12] 79.6±0.2 89.6±0.4 83.0±0.8 46.4±0.9 57.5±0.8 51.2±1.2 3.83 2

weighted losses. An ablation study in Appendix A supports this choice. Appendix E
includes pseudo-code for ADELLO and Appendix F details our hyperparameter settings.

To assess our method, an EMA network updates parameters at each step with a decay
of 0.999 [3, 51]. We report the average of the test balanced accuracy over the final 20
epochs [16]. We provide the mean and standard deviation from three independent runs.
Friedman ranking [17, 18] is used to fairly assess algorithms across different settings,
subsequently determining the final ranking from the Friedman scores, following the
methodology in [65]. All experiments were conducted on a single Nvidia V100-32GB
GPU within a local cluster. A discussion on running times is deferred to Appendix B.

5.2 Main Results

In this section, we present extensive experiments to evaluate the performance of our
approach against several SOTA approaches. These methods include a supervised baseline
(using only labeled data), FixMatch [58] (SSL baseline), SoftMatch [12] (stronger
SSL baseline), as well as representative LTSSL algorithms, including DARP [29],
CReST+ [68], ABC [39], DASO [51], DebiasPL [64], CoSSL [16], and UDAL [37].
To demonstrate the effectiveness of our method across diverse scenarios, we assess its
performance under varying levels of label shift in Table 2, different degrees of class
imbalance under low-label regimes in Table 3, and an exceptionally challenging scenario
on ImageNet127 in Table 4. Furthermore, we investigate model calibration in Section 5.3.

Results under (unknown) label shift. To address scenarios where the unlabeled
class distribution differs from or is unknown relative to the labeled prior, we vary the
unlabeled class distribution for CIFAR{10,100}-LT to obtain three evaluation settings:
forward long-tailed (γu = γl), balanced (γu = 1

K ), and reversed long-tailed (γu = 1
γl

).
Table 2 demonstrates the robustness of ADELLO in handling unknown distribution

mismatches, particularly evident on CIFAR100-LT (see also Fig. 1d), which contains
a larger number of classes. The rightmost columns of the table show the Friedman
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Table 3: Test accuracy (%) on CIFAR{10,100}-LT and STL10-
LT under low-label regimes. †: labeled prior as target. ‡: results
from prior work [51]. Best scores bold, second-best underlined.

CIFAR10-LT CIFAR100-LT STL10-LT Friedman Final

γl → 100 150 10 20 10 20 Rank Rank

γu → 100 150 10 20 N/A N/A
N1 → 500 500 50 50 150 150
M1 → 4000 4000 400 400 N/A N/A

Supervised 46.6±0.9 43.4±1.9 27.7±1.8 25.1±1.1 46.4±0.6 40.8±0.6 - -

FixMatch [58] 69.8±1.6 65.6±1.5 47.0±0.9 42.2±0.6 64.1±2.3 54.5±4.3 9.67 10
+DARP† [29] 72.9±1.3 67.2±2.0 47.7±0.7 42.8±1.2 62.1±1.4 54.7±2.6 9.00 9
+CReST+ [68] 77.6±0.2 72.1±2.9 46.6±0.6 43.2±1.0 66.9±1.0 62.6±2.6 7.33 8
+ABC [39] 78.9±0.9 72.0±2.4 49.7±1.3 44.1±0.3 71.2±1.0 65.7±2.3 4.83 6
+DASO‡ [51] 80.1±1.2 70.6±0.8 49.8±0.2 43.6±0.1 70.0±1.2 65.7±1.8 5.83 7
+DebiasPL [64] 76.4±4.3 72.0±1.8 50.3±1.1 45.4±0.5 70.1±0.8 66.6±2.1 4.50 4
+CoSSL [16] 80.8±0.5 76.8±0.7 48.8±1.0 44.4±0.7 70.6±0.5 66.0±1.4 3.67 3
+UDAL† [37] 80.8±0.5 76.4±2.6 50.4±1.1 46.5±0.1 69.8±1.1 65.0±2.3 3.50 2
+ADELLO (ours) 81.3±0.4 76.0±1.7 51.8±0.7 46.5±0.2 75.7±0.7 74.6±0.4 1.33 1

SoftMatch [12] 77.1±0.8 71.0±1.4 50.2±0.7 43.8±0.5 72.6±0.3 70.6±0.4 4.67 5

Table 4: Large-scale datasets.
Test balanced accuracy (%) on
ImageNet127 at 32 × 32 and 64
× 64 image resolution. †: results
from prior work [16]. Best scores
bold, second-best underlined.
Method 32 × 32 64 × 64

FixMatch [58]† 29.7 42.3
+DARP [29]† 30.5 42.5
+DARP +cRT [29]† 39.7 51.0
+CReST+ [68]† 32.5 44.7
+CReST+ +LA [68]† 40.9 55.9
+CoSSL [16]† 43.7 53.8
+UDAL (αmin=0.55) [37] 40.2 49.4
+UDAL (αmin=0.1) [37] 44.1 52.3
+ADELLO (ours) 47.5 58.0

scoring and the final rank over test accuracies for each method. ADELLO secures the
top position, showcasing its superior performance. Consistently ranking first or second
in all settings, it demonstrates remarkable adaptability to degrees of label shift. The
effectiveness of ADELLO becomes evident in both forward and reversed LT scenarios on
CIFAR100, outperforming SoftMatch significantly. Distinctly outperforming previous
SOTA approaches like ABC, DASO, and CoSSL, ADELLO delivers robust LTSSL
performance without depending on auxiliary classifiers or data re-sampling.

We also compare the classification performance of ADELLO with ACR [69], a recent
LTSSL approach. Fig. 4 shows that ADELLO outperforms ACR under label shift, with
the performance gap widening as the distribution mismatch increases.

50 20 10 1 .1 .05 .02
Imbalance Ratio (γu)

48
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CIFAR100-LT γl=50

UDAL ACR Ours

Fig. 4: Varying label shift.

Results with limited labeled data. Table 3 highlights
the effectiveness of ADELLO on CIFAR{10,100}-LT and
STL10-LT, particularly in scenarios with limited labeled data
and significant class imbalance. In STL10-LT, where only
150 labels are available for the head class amid a range of
OOD data, ADELLO shows marked improvements. It notably
surpasses CoSSL with a +8.0 gain in accuracy and ABC with
a +4.5 increase at imbalance ratios of 20 and 10, respectively,
while outperforming SoftMatch, a strong SSL baseline. Oddly,
SoftMatch mistakenly classifies OOD data as known classes using hard PLs with targeted
weights. Conversely, our method uses CCR to predict soft PLs on potential OOD samples,
enhancing robustness.

Under consistent CIFAR{10,100}-LT settings, the performance of ADELLO matches
or exceeds that observed in established methods like CoSSL and UDAL, reinforcing the
effectiveness of correct prior estimation even with a low amount of labels and without
reliance on strong assumptions. Notably, ADELLO outperforms SoftMatch by a large
margin as imbalance ratios increase without using any adaptive thresholding technique.
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Fig. 5: Trade-off between Generalization and Calibration Performance. We report misclas-
sification error (%) vs. expected calibration error (%), computed on the test split. The first row
contrasts different datasets, and the second row examines various degrees of label shift.

Results on ImageNet127. The performance of various methods on the ImageNet127
dataset, a challenging variant of standard ImageNet featuring 127 classes and an imbal-
ance ratio of 286, is summarized in Table 4. Due to its extensive sample size (1.28M),
ImageNet127 serves as a unique testbed for assessing large-scale imbalanced datasets.
ADELLO notably excels in balanced accuracy, surpassing the previous state-of-the-art,
CoSSL, with gains of +3.8 at 32×32 resolution and +4.2 at 64×64 resolution. Com-
pared to UDAL, accuracy increases of +3.4 and +5.7 are observed, respectively, at
these resolutions. The advantage of ADELLO over UDAL and CReST+, both using
consistent priors for distribution alignment, highlights the benefits of marrying FlexDA
with complementary consistency for superior performance in large-scale settings.

5.3 Study of Model Calibration

Model calibration [20, 44], vital for accurately reflecting predictive uncertainty in SSL,
is a focal point of our study [44]. We examine the impact of calibration on LTSSL by
comparing expected calibration error (ECE) with misclassification error. Our findings
align with [44], showing that better-calibrated models improve SSL performance, even
with class imbalances, as Fig. 5 illustrates. ADELLO demonstrates a superior trade-off
in reducing misclassification and calibration errors compared to other LTSSL methods,
across CIFAR{10,100}-LT and STL10-LT datasets. Fig. 5 (first row) reveals that while
most LTSSL methods surpass FixMatch, ADELLO further improves generalization
and, particularly, calibration in scenarios where distributions align. The superiority of
ADELLO is significantly highlighted in the STL10-LT benchmark, characterized by an
unknown label shift and a substantial presence of unlabeled OOD samples. Section 5.4
attributes these improvements to our flexible distribution alignment and the significant
role of complementary consistency regularization in such contexts.

In scenarios with controlled label shift, as illustrated in Fig. 5 (second row), certain
LTSSL methods, such as DARP, CoSSL, and CReST+ to a degree, face difficulties with
large label shifts where the bias in labeled data fails to accurately represent the charac-
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Table 5: Influence of ADELLO components on
model generalization (Test accuracy).
Components CIFAR100-LT50 ↑ STL10-LT20 ↑

γu → 50 1 0.02 N/A

FixMatch 44.4±0.6 48.6±1.0 45.4±1.6 54.5±4.3

+FlexDA 48.6±0.7 53.6±1.0 51.2±0.9 67.1±1.6

+CCR 44.7±0.7 51.6±1.6 47.2±2.1 61.1±2.9

+FlexDA+CCR 49.2±0.6 57.5±1.3 53.0±0.9 74.6±0.4

+FlexDA+KD 49.1±0.6 58.2±1.1 52.8±1.1 74.4±0.5

Table 6: Influence of ADELLO components on
model calibration (ECE/MCE).
Components CIFAR100-LT50 ↓ STL10-LT20 ↓

γu → 50 N/A

FixMatch 37.4±0.4 / 57.3±1.1 37.8±4.5 / 55.1±4.9

+FlexDA 31.4±0.4 / 52.0±2.4 23.6±1.4 / 49.5±4.5

+CCR 36.3±0.7 / 56.8±1.8 22.2±2.3 / 38.5±4.2

+FlexDA+CCR 26.1±0.9 / 46.2±0.6 6.9±0.3 / 25.9±1.0

+FlexDA+KD 33.4±0.6 / 57.5±2.0 10.0±0.5 / 31.3±7.5

Table 7: Ablation of
scheduler speed (d).

d γu = 50

0 46.6±0.6

1 49.1±0.4

2 49.2±0.5

3 49.1±0.8

Table 8: Ablation of
minimum bias (αmin).

αmin γu = 50

0.0 49.1±0.7

0.1 49.2±0.5

0.2 49.1±1.2

0.3 48.7±0.7

Table 9: Ablation of warm-up period.

#steps γu → 50 1 0.02

no warm-up 45.6±0.6 58.4±1.3 51.3±1.9

25k steps 49.2±0.7 57.7±1.3 52.6±1.0

50k steps 49.2±0.6 57.5±1.3 53.0±0.9

100k steps 49.1±0.4 57.8±1.2 52.8±1.0

no distillation 48.6±0.7 53.6±1.0 51.2±0.9

teristics of the unlabeled distribution, a problem that ADELLO overcomes. Although
the auxiliary balanced classifier in ABC demonstrates acceptable calibration, ADELLO
showcases greater flexibility and robustness in generalization performance compared to
ABC. Appendix C presents similar trends for the maximum calibration error (MCE).

5.4 Ablation Study

Importance of the proposed losses. Our ablation studies on CIFAR100-LT50, shown
in Table 5, evaluate ADELLO objectives across imbalance ratios (γu) of 50, 1, and 0.02.
The FlexDA component in ADELLO significantly outperforms the baseline, FixMatch,
with gains of +4.2, +5.0, and +5.8 points for these γu values, underscoring its effective-
ness against class imbalance and distribution mismatch. Further, the studies indicate
that complementary consistency enhances performance, highlighting its value in SSL.
However, the synergy of FlexDA and CCR within ADELLO results in the most substan-
tial improvements, with increases of +4.8, +8.9, and +7.6 points across the 50, 1, and
0.02 imbalance ratios, respectively. While FlexDA sees advantages from indiscriminate
KD of all samples (FlexDA+KD), using masked distillation (FlexDA+CCR) more often
results in enhanced generalization in imbalanced scenarios (see γu ∈ {50, 0.02}).

Are all components in ADELLO necessary for proper calibration? Table 6
shows that both FlexDA and CCR boost calibration independently. We observe that
their synergy markedly surpasses the baseline, by correcting the label bias on the whole
data distribution, akin to fully-supervised approaches [1, 74]. Significantly, the key to
enhanced calibration in LTSSL contexts lies not just in the naive distillation of all samples
(FlexDA+KD), but in the strategic combination of soft pseudo-labels for underconfident
samples and hard pseudo-labels for those with high confidence, as depicted in Fig. 2.
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Do we need a progressive scheduler? The setup for FlexDA, as outlined in Sec-
tion 5.2, adheres to configurations proposed by Lazarow et al. [37]. Within the ADELLO
framework, this analysis investigates the effect of the speed of the scheduler (d) and the
minimum bias hyperparameters (αmin) on model performance. Table 7 suggests that a
moderate, yet progressive, scheduler, i.e. d ∈ (1, 3), leads to optimal accuracy, while an
aggressive debiasing rate (d = 0) proves detrimental. Performance peaks when the mini-
mum bias (αmin) is near zero as observed in Table 8, suggesting that this configuration
minimizes the balanced error, aligning with findings of fully-supervised approaches [48].
Generally, there is minimal sensitivity to the precise settings of these hyperparameters.
We hypothesize that the union of FlexDA with complementary consistency is key to
the effectiveness of ADELLO compared to other DA approaches, namely CReST+ and
DebiasPL, which do not engage in full classifier debiasing to retain high data utilization.
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Fig. 6: Inferred vs. tuned
temperature.

How robust is the inferred temperature T? We cali-
brate T based on the class imbalance of unlabeled data, us-
ing (7). Fig. 6 shows this strategy is nearly as effective as
custom-tuning the temperature for each dataset. A T near one
is preferred for balanced data, facilitating distillation from an
increasingly balanced classifier and leading to marked perfor-
mance gains. Under more imbalanced cases, our method takes
a more cautious approach by opting for a higher temperature.

Effect of warm-up period. Table 9 shows that beginning
complementary consistency after a warm-up stage using our temperature-selection pro-
cedure boosts performance compared to using an uninformative setting or not distilling
at all, while showing robustness to the exact starting point for CCR.

6 Conclusion

We proposed a two-faceted framework for greatly improving the performance of LTSSL
under label shift. First, our flexible distribution alignment (FlexDA) reduces the bias
caused by differing labeled and unlabeled class-distribution marginals, and subsequently,
the head-class bias intrinsic to imbalanced data. These reductions are achieved by
aligning the model prior first to a dynamic estimate of the unlabeled marginal and
gradually towards a more balanced distribution. Second, our complementary consistency
regularization leverages the soft output signals of below-threshold pseudo-labels toward
improving data utilization of minority classes. We demonstrate that this framework
is state-of-the-art when unlabeled and labeled marginal distributions are mismatched,
competitive when they are matched, and achieves better calibration than its competitors.

Limitations. All LTSSL benchmarks we are aware of focus on the closed-world
assumption [54], where every class is labeled and known during inference. For the
STL10-LT, which includes near-out-of-distribution unlabeled samples, ADELLO yields
promising results, suggesting potential in handling "unknown" classes not present in the
labeled set. Furthermore, while the proposed framework is developed for the classifi-
cation task, it may also be beneficial to address the class imbalance in more complex
visual tasks, such as object detection, instance segmentation, or tracking.
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