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Abstract

Long-tailed out-of-distribution learning aims to reduce performance
bias in long-tailed in-distribution (ID) data while rejecting out-of-
distribution (OOD) samples, which are often mistaken for under-
represented tail classes. To achieve OOD detection, existing meth-
ods incorporate an outlier exposure (OE) term into the long-tailed
recognition (LTR) loss. However, as we prove in this paper, the OE
term induces a gradient conflict with the ID objectives, especially
for tail classes, thereby contradicting the core motivation of LTR. To
avoid the ID-OOD dilemma, we propose Dynamic Ambiguity-aware
Recalibration for Logits (DARL), an ambiguity-guided long-tailed
OOD learning approach, grounded on two theoretical insights. First,
we show that the mixed ID data can mitigate the conflict in OE
training and exhibits higher intrinsic ambiguity than the original
ID data, thus able to serve as a surrogate for real OOD data. Second,
we introduce an ambiguity-aware logit adjustment that can dynam-
ically calibrate the class margins using energy-based ambiguity
metrics, effectively reducing early-stage bias while avoiding late-
stage overfitting. Extensive experiments show that DARL achieves
the overall state-of-the-art performance of long-tailed OOD learn-
ing. Moreover, compared with the OE methods, DARL trains solely
on the ID data, which can reduce the data requirements by 80%.
The code is available here.
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1 Introduction

Real-world deployment of deep learning models remains challenged
by the coexistence of long-tailed data and out-of-distribution (OOD)
samples. It can fail catastrophically if these two issues are addressed
in isolation. On the one hand, long-tailed distributions bias models
toward over-represented head classes, suppressing correct recogni-
tion of under-represented in-distribution (ID) tail classes. On the
other hand, OOD samples (i.e. samples far from the training distribu-
tion) induce overconfident mispredictions that jeopardize reliability
in safety-critical applications [49]. Crucially, these two issues are
not independent: Tail-class samples, already scarce in training, can
be easily misclassified as OOD due to their low-confidence features,
while OOD samples can be misclassified into head classes due to
their overconfidence obtained in classification [32]. This duality
stems from a fundamental dilemma: (a) Long-tailed recognition
(LTR) requires increased sensitivity to tail-class features, but (b)
OOD detection demands reduced sensitivity to rare features.
Existing methods for joint LTR and OOD detection typically
follow the outlier exposure (OE) paradigm, which trains the model
with known OOD samples via a regularization term. Early OE meth-
ods push OOD logits toward a uniform distribution to model uncer-
tainty [26], while recent approaches use metric learning to better
separate tail and OOD features [32, 44], or introduce absence classes
to identify OOD [49]. These designs, however, overlook two practi-
cal pitfalls: (1) the absence of real OOD samples to train the model,
due to the difficulty of attaining them [3, 54]. (2) shared features
or spurious correlations between ID and OOD samples, causing
gradient conflict. Specifically, when ID and OOD samples exhibit
overlapping features, e.g., cars (ID) and trucks (OOD) sharing com-
mon features such as tires and exhibiting similar backgrounds, the
OE and ID training objectives simultaneously assert their influence
on the shared feature representation. This results in the ID-OOD
trade-off, where the optimization for OOD detection interferes with
the learning of accurate classification boundaries, especially for
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tail classes that are already under-represented. Consequently, this
conflict undermines the primary goal of long-tailed learning, which
is to balance performance across all classes, thereby limiting the
overall efficacy of conventional OE methods in LTR tasks.

To address these limitations, we propose Dynamic Ambiguity-
aware Recalibration for Logits (DARL), an ambiguity-guided method
for long-tailed OOD learning that seamlessly integrates three key
components with no need for real OOD samples for training: (1)
the use of mixed ID data as effective pseudo-OOD samples, (2)
Ambiguity-Aware Logits Adjustment (ALA) that dynamically recal-
ibrates classification margins based on model training dynamics,
and (3) a gradient-driven OOD detection mechanism that leverages
ODIN.

More specifically, we reinterpret mixed data not merely as a data
augmentation strategy but as viable pseudo-OOD samples. Our
theoretical analysis from an energy perspective shows that mixed
samples inherently exhibit higher energy than pure ID data, thus
serving as a credible proxy for OOD inputs. Moreover, we show that,
compared with conventional OE, mixed data induce substantially
less gradient conflict between ID and OOD objectives, effectively
mitigating the inherent trade-off in joint optimization.

We also introduce Ambiguity-Aware Logits Adjustment (ALA),
which dynamically recalibrates the traditional static class priors
by incorporating an energy function (see Eq. 6). ALA harnesses
the model’s training dynamics (posterior information) to adjust the
predefined class priors on the fly, thereby establishing clear and
adaptive decision margins for both under-represented classes and
pseudo-OOD samples.

Finally, we show that ODIN [28]’s adversarial perturbation mech-
anism naturally aligns with our DARL training strategy by amplify-
ing gradients in high-energy regions that correspond to ambiguous
pseudo-OOD samples, thus creating a self-supervised mechanism
for enhanced OOD separation.

In summary, our principal contributions are as follows.

e We provide theoretical insights demonstrating that outlier
exposure can induce gradient conflicts with the ID objectives
in LTR.

o We prove that mixed ID data alleviates the inherent trade-off
in OE training and exhibits higher intrinsic ambiguity than
raw ID data, making it a viable substitute for real OOD data.

e We propose ambiguity-aware logit adjustment, introducing

model’s ambiguity to enhance the logit adjustment and OOD

detection.

Extensive experiments demonstrate that our DARL achieves

overall state-of-the-art performance in both LTR and OOD

detection, while reducing data requirements by 80%.

2 Related Work
2.1 Long-Tailed Recognition (LTR)

Current approaches to LTR focus on two aspects: data and algo-
rithms. Data-focused strategies aim to rebalance the data distri-
bution through either resampling [4, 16, 19, 29, 35, 47] or data
augmentation[9, 10, 15, 62]. Algorithm-focused approaches include
category-sensitive learning and transfer learning. Most category-
sensitive learning methods adjust the training loss for each category,

6869

Xuan Zhang, Sinchee Chin, Jing-Hao Xue, Xiaochen Yang, and Wenming Yang

using techniques such as reweighting [2, 7, 13, 27, 37, 38, 51] or
remargining (logit adjustment) [2, 16, 18, 31, 35, 40, 51, 57].
Transfer learning, on the other hand, leverages knowledge from
one area to strengthen model training in another, including three
main tactics: (a) Two-stage training [24, 63], which starts with
training the model on an imbalanced dataset and then retrains the
classifier on a balanced dataset. (b) Model ensemble [12, 12, 39, 40,
46, 50, 60, 61, 64], which merges insights from various experts with
distinct capabilities to produce a more balanced output. (c) Head-
to-tail transfer [6, 55, 62], which aims to leverage the knowledge of
the head classes to improve the performance of the tail classes.

2.2 Out-of-Distribution (OOD) Detection

Existing OOD detection methods for classification can be broadly
categorized into two types: post-hoc methods and outlier exposure
methods. Post-hoc methods detect OOD samples using features or
logits without altering the training process [21, 28, 30, 34, 36, 43].
MSP [21] uses the maximum softmax probability to distinguish ID
and OOD samples. ODIN [28] enhances separation via temperature
scaling and input perturbations. EBO [30] replaces softmax with
an energy-based score, reducing overconfidence on OOD inputs.
kNN-OOD [36] introduces a non-parametric approach using deep
nearest neighbors, while NNGuide [34] adjusts confidence scores
based on similarity to training samples. ViM [43] combines feature
residuals and logits to compute a virtual OOD logit, addressing
limitations of relying solely on logits or features. In contrast, out-
lier exposure methods incorporate auxiliary OOD samples during
training to improve detection [22]. EBO [30] extends its energy-
based approach with energy regularization to separate ID and OOD
energy scores. ATOM [5] mines harder outliers to better shape
the decision boundary. FSOOD [53] addresses both semantic and
covariate shifts by constructing a semantic score based on deep
and shallow features. DAL [45] models a Wasserstein ball around
auxiliary OOD data and optimizes performance against worst-case
OOD distributions within this ball. However, these methods may
degrade ID classification performance [26], and collecting OOD
datasets is often costly or impractical [3].

2.3 Joint LTR and OOD Detection

Current long-tailed OOD learning often combine conventional
long-tailed learning methods with outlier exposure. Some of them
explicitly separate OOD samples from tail classes. For instance,
PASCL [44] disentangles tail classes from OOD data through asym-
metric contrastive learning. COCL [32] enhances tail-OOD separa-
tion via debiased margin allocation and anomaly-aware logit calibra-
tion. [23] models OOD likelihood using ID class priors instead of uni-
form assumptions. [17] introduces a three-branch framework with a
dedicated “missing class” branch and prototype-guided contrastive
loss to improve tail-OOD separability. Other methods leverage OOD
data to enrich tail-class representations. Open-Sampling [48] dy-
namically samples OOD data similar to ID tail classes. COLT [1]
selects OOD samples via neighborhood sparsity in feature space
and employs distribution-aware contrastive learning. EAT [49] in-
troduces multiple “missing classes” and augments tail samples using
CutMix [58]. PATT [20] employs von Mises-Fisher semantic aug-
mentation, temperature scaling for confidence enhancement, and
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attention-based calibration to differentiate tail features from OOD
data.

However, these methods have three main limitations: (1) they
require real OOD datasets, which are costly and often impractical
to construct; (2) as we demonstrate below, introducing outlier data
can degrade ID performance [3, 8, 26, 41, 44], particularly for tail
data, which contradicts the core motivation of LTR;

and (3) they depend on static training priors that fail to capture
training dynamics. Therefore, a method is needed that (a) detects
OOD samples without real OOD datasets and (b) accounts for train-
ing dynamics—this is precisely the focus of our work.

3 Issues of OE Methods in LTR

3.1 Notation
N

The long-tailed ID training set, denoted by Din = {x;,yi};L;,
sists of N training samples with y; representing the ground-truth
label for the image x;. The total number of training samples is
represented by N = chzl ne, in which C is the total number of
classes, and n is the number of samples for the c-th class. In accor-
dance with [40, 46, 60], we define the class prior as ® = {<pc}cc:1,
where ¢, = n./N. The imbalance ratio is calculated as the maxi-
mum n; divided by the minimum nc, i.e., max{n¢}/min{n}. Let
0 represent the model parameters. For each input x;, we denote
the final logits produced by the model as zy(x;) (or simply z;),
50) is the c-th element of the logits vector. Applying the
softmax function, the corresponding probability vector is given by

Po(xi) = softmax(zg(x;)), or simply p;.

con-

where z

3.2 Gradient Conflict Introduced by OE

In practice, ID samples and OOD samples often share some common
features (e.g., the wheels present in both cars and trucks) or exhibit
similar backgrounds. In these circumstances, the training objectives
for LTR and OOD detection incur a gradient conflict.

We use the classical OE method in [26] as an example, and denote
the overall loss by Lgverall = Lels + LoE, where L is the cross
entropy loss. For an ID sample x with ground-truth label y and
an OOD sample x’, the inner product between the gradient of the
classification loss and that of the OE loss, computed with respect
to the classification head parameters 6, is expressed as

<V9c15 Lclsa VHCIS LOE)
C
l ’ ’
= 220570 - ef) (&~ ) o2 0 Vo2 )
c=1
(1)

where e, is the the one-hot label of class y. When x” shares features
with x, the network tends to classify it towards the correct class of
x, ie., péy) (x") > % Consequently, the term %—péy) (x") becomes
negative, leading to a negative gradient inner product:

<V9cls£cls’ VQ

cls

LOE) < 0. (2)

This negative inner product between gradients, termed gradient con-
flict in this paper, indicates misalignment between standard classi-
fication and outlier exposure objectives during optimization, conse-
quently impeding effective classifier updates. More importantly, in
the long-tailed recognition setting, due to the under-representation
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of tail classes and the logit adjustment that punishes tail classes
more, the adverse impact is more pronounced for tail classes, which
goes against the core motivation of long-tailed learning.

Notably, this issue can be mitigated substantially by replacing
real OOD data used in the OE approach with mixed ID data. Let x
denote a mixture of x and another ID sample xj, associated with
a two-hot label q = Aey + (1 = )€y, where e and ey are the
one-hot labels of class y and class k, and A;, denotes the mixing
proportion; any data mixture strategy may be adopted, with two
options presented in Sec. 4.2. The loss function is defined as

Lmix(i: Q) =Am Lcls(i’ ey) + (1 - Am} Lcls(f’ ek)~ (3)

The corresponding gradient is given by
V0 Lmix (%, @) = Am Vo Leis (X, €y) + (1 = Am) Vo, Las (%, ex).
(4)

It can be shown that the inner product between the gradient of the
standard classification loss for an ID sample and that of the mixed
data loss remains positive:

(Vog, Leis(x. €y), Vo, Lmix (%, q)) > 0. ®)

Thus, the gradient contribution from mixed data is well aligned with
that of the standard classification loss, ensuring stable and effective
parameter updates. This alignment contrasts sharply with the con-
flicting gradients observed in OOD-based OE, and it helps mitigate
the harmful impact on tail classes. More detailed derivations and
analysis are provided in the Supplementary Material.

4 Methodology

4.1 Overview of DARL

The aim of DARL is to propose an ambiguity-guided joint approach
to LTR and OOD detection, leveraging only known long-tailed ID
samples. Fig. 1a illustrates the overall structure of DARL, which
mainly consists of two parts: (a) generating pseudo-OOD samples
by mixing the original ID data Dj, and its balanced version @in; the
original, balanced, and mixed datasets together form the training
set Dirain = Din U Din U Dpix; and (b) harnessing a mixture-of-
experts (MoE) backbone fy to address class imbalance through
expert-specific partitions guided by group-wise priors [40].

Fig. 1b illustrates the dynamic recalibration in the Ambiguity-
Aware Logit Adjustment (ALA) module. It combines an energy-
based ambiguity weight, which reflects sample uncertainty, with
a prior-based static logit offset capturing class imbalance. Their
product adaptively compensates ambiguous samples, addressing
both gradient conflicts and tail under-representation.

4.2 Mixed ID Data Serving as Pseudo-OOD Data

In this section, we provide both qualitative and quantitative evi-
dence to show that mixed data are highly suitable as pseudo-OOD
samples. The t-SNE visualization of mixed data and source data is
shown in Fig. 2. The features of mixed data reside in proximity to
the ID manifold, rendering it a highly suitable option of near-OOD.

Mixup. Mixup generates synthetic samples by ¥mixup = Amxi +
(1= Am)xj, where i # j, x;,xj ~ Djn, and Ap, ~ Beta(a, ). These
linear interpolations position the synthesized features in transi-
tional regions between two distinct ID classes, as illustrated in Fig. 2a.



MM °25, October 27-31, 2025, Dublin, Ireland

Train Data MoE Backbone

[0

i,K
N

Xuan Zhang, Sinchee Chin, Jing-Hao Xue, Xiaochen Yang, and Wenming Yang

Ambiguity Weight

il
]
il

(b) Ambiguity-Aware Logits Adjustment.

Static Adjustment

Ensembled
Output

[TTT1]

creerf]]

Figure 1: The overview of our framework DARL.
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Figure 2: Effect of varying A,, on the positions of MixUp [59]
and CutMix [58] samples relative to original data.

Specifically, the star-shaped markers denote Mixup-generated fea-
tures corresponding to varying A, values. As A, transitions from
0 to 1, the generated feature smoothly migrates between the two
original classes.

CutMix. In contrast, CutMix synthesizes samples according to:
Xeutmix = MO x;+(1—-M) ©xj, where M is a binary mask and © de-
notes element-wise multiplication. Unlike Mixup, CutMix produces
semantically inconsistent samples, thus violating the smoothness
prior inherent in natural images. As depicted in Fig. 2b, CutMix-
generated features do not lie along a direct interpolation between
two source features. Due to random cropping, their representation
in the feature space does not exhibit linear movement from one
class to another, but rather random displacement within proximity
to the original features.

For quantitative analysis, we further examine the ambiguity of
mixed data through the decomposition of the energy function (for
detailed deduction, please refer to the supplementary material):

—E(zx) = 7KL(qllpp(x))+ tH(q) +  Eqlzx] . (6)
— ~— N——
Training Label Ground Truth
Objective ~ Uncertainty Logit Magnitude

where 7 is the temperature parameter, zy is the logits of data, KL
term is the loss function of ID data, pg(x) is the output possibility,
and the label entropy term H(q) quantitatively reflects the intrinsic
uncertainty of mixed data labels. While for original ID samples with
one-hot label H(q) = 0, for mixed data with two-hot label H(q) > 0.
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Figure 3: Trend of the ambiguity E(z) for head, mid, and tail
classes on CIFAR10-IR100.

Therefore, the ambiguity of mixed data is inherently higher than that
of ID data, validating the role of mixed data as effective pseudo-OOD
samples.

4.3 Ambiguity-Aware Logit Adjustment

Traditional logit adjustment methods combat class imbalance by
rebalancing classifier outputs through a static prior ¢, reflecting
training-set frequencies. This manifests as a fixed margin term
T(c) = log(¢c) in the softmax logits:

exp (zl(yi) +T (yl-))

2 o (49 +7(0)

p(xi) = )

While this static rebalancing offers a straightforward solution to
class imbalance, it fails to adapt to the training dynamics.

Fig. 3a reveals that during early training the head classes (blue
curve) exhibit a rapid decrease in energy, indicating strong learning,
while the tail classes (green curve) remain with relatively high
energy, reflecting limited learning progress. This suggests that at the
beginning, tail classes require additional compensation to catch up.
However, the static prior based on constant training-set frequencies
fails to provide sufficient adjustment (i.e., it under-compensates the
tail classes). In contrast, as training advances and the tail classes
begin to improve, the same static prior provides an excessive level
of compensation, leading to over-compensation. This dynamics
illustrates the inherent limitation of fixed margins, which cannot
adapt to the evolving learning state of different classes.
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Figure 4: The wunder-compensation (left) and over-
compensation (right) of existing logit adjustment methods.
‘H’ and ‘T’ represent the head and tail, respectively.
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Figure 5: The calibration factor of ALA on CIFAR10-IR100.
The horizontal axis is the index of the classes, sorted by the
number of samples in each class. The vertical axis is E(2), but
subtracting 1 for optimal visualization, i.e., E(z) — 1.

This dynamics is also illustrated in Fig. 4, where the blue line
(representing the ideal decision boundary) is flanked by head- and
tail-biased separations (green and pink dashed lines, respectively).
Consequently, incorporating a dynamic adjustment, which can
leverage real-time model feedback, becomes essential to achieve
balanced, context-sensitive compensation throughout the training.

To resolve this, we propose Ambiguity-Aware Logit Adjustment
(ALA) to dynamically recalibrate the static prior via an energy
function as follows:

E(z;) = —Tlogi exp (Zi(j)/l') , 8)
j=1

where 7 is a temperature scaling factor and E(z;) measures the
model’s ambiguity through the log-sum-exp of the feature embed-
dings. Higher energy E(z;) corresponds to greater uncertainty, as
the log-sum-exp term diminishes when logits lack a dominant class.

Specifically, we replace the logit adjustment T (j) with T(j, z) as

E(zi) logge . )
N—— N——

Ambiguity Weight Static Adjustment

T(c,zi) =

in which E(z;) = 1 + softmax (E(z;)), where the softmax operation
normalizes energy scores across samples, while the +1 offset ensures
head classes retain non-vanishing margins. The E(z;) scales the
margin proportionally to the sample’s ambiguity.
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Fig. 5 demonstrates the dynamic process by which ALA adjusts
the decision boundary on CIFAR100-LT. It plots the ambiguity
weight, E(z) — 1, on the vertical axis against class indices sorted by
sample count on the horizontal axis, with classes 0-99 spanning
from head (frequent) to tail (rare). At initialization, tail-class sam-
ples (right side of the horizontal axis) exhibit significantly higher
E(2), reflecting their under-representation and the model’s initial
inability to align logits with labels. This aligns with the energy
decomposition (Eq. 6):

—E(zx) = tKL(qllpo(x)) + Eq[2x] (10)

where the KL divergence dominates due to poor logit alignment
(Eqlzx] = 0). High E(zx) amplifies margins for tail classes, pri-
oritizing their learning. Notably, some head classes also benefit
marginally, as their proximity to tail regions induces ambiguity.
As training progresses, logits align more with labels (Eq[zx]
increases), reducing KL divergence. The energy distribution con-
verges to uniformity (Fig. 5, bottom right), signifying a balanced
alignment margin, where the ambiguity weights equilibrate across
all class groups, preventing over-compensation for tail or head sam-
ples. This convergence of E(z) values demonstrates ALA’s ability to
mitigate under-representation during early training, leveraging am-
biguity weighting to counteract tail-class bias. During late training,
the model achieved a stable state, where the ambiguity function ap-
proximates a uniform distribution, preventing over-compensation.
This process is also shown in Fig. 3b. Besides, the stabled energy
function signifies the model is well-trained for ID samples, enhanc-
ing the ability of OOD detection of ODIN, as described in Sec. 4.4.

4.4 Leveraging Ambiguity-Aware Energy for
OOD Detection

The ambiguity-aware energy function E(z) derived from ALA nat-
urally bridges ID classification and OOD detection. During train-
ing, this energy function explicitly encodes uncertainty within the
feature space, exhibiting lower values for confident ID samples
and higher values for ambiguous or pseudo-OOD samples. Con-
sequently, E(z) effectively distinguishes well-learned ID regions
from ambiguous (potentially OOD) regions, inherently making it
suitable for gradient-based OOD detection methods like ODIN [28].
ODIN detects OOD samples by employing adversarial perturba-
tions to maximize the softmax confidence of the predicted class:

(11)

where € controls the perturbation magnitude, and log p(y|x) is the
log-softmax probability for the predicted class y. By decomposing
log p(y|x), we obtain

X =x—¢€-sign(—Vxlogp(x)),

C
log p¥) (x) = 2(¥) — logz exp(z(%), (12)

c=1
which allows substituting the energy function, simplifying the
gradient to

Vylog pl© (x) = Vez¥) — V., E(2). (13)

This reveals that ODIN’s perturbation direction is governed by two
opposing gradients: the class-specific logit gradient V,z(¥), and
the ambiguity-driven energy gradient V,E(z).
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Table 1: Comparison with LTR methods on CIFAR10-LT. The best is in bold; the second best is underlined.

Method LTR: ACC () OOD Detection: AUROC () OOD Detection: FPR95 (])
IR10 IR50 IR100 1IR10 IR50 IR100 1IR10 IR50 IR100
Focal Loss [37] 90.91 83.10 79.43 71.10 63.15 63.02 74.61 87.36 87.91
LDAM+DRW [2] 89.16 83.10 79.41 54.64 53.23 53.07 100.0 100.00 100.00
RIDE [46] 90.18 84.53 80.91 59.82 56.75 56.34 96.47 97.06 95.32
SADE [60] 93.03 89.84 87.92 75.81 71.68 69.30 66.52 73.46 75.57
LGLA [40] 92.86 90.20 87.80 75.91 71.92 68.95 64.29 72.49 76.87
Ours 94.10 90.97 89.06 97.28 91.08 89.76 10.78 38.60 40.35
Table 2: Comparison with LTR methods on CIFAR100-LT.
Method LTR: ACC (1) OOD Detection: AUROC (T) OOD Detection: FPR95 (])
1IR10 IR50 1R100 1IR10 IR50 IR100 1IR10 IR50 IR100
Focal Loss [37] 62.65 50.38 45.02 65.29 62.86 62.85 80.31 82.05 81.84
LDAM+DRW [2] 60.15 48.93 42.67 59.28 60.00 58.26 95.33 93.84 90.73
RIDE [46] 64.47 52.38 47.01 63.06 62.94 60.84 94.32 90.40 88.42
SADE [60] 69.39 58.93 54.12 68.20 65.15 62.28 74.03 77.01 81.26
LGLA [40] 69.88 60.60 56.50 67.22 66.32 64.77 75.75 75.25 78.65
Ours 71.25 62.19 57.58 80.85 79.60 80.62 53.62 55.06 55.32

With ALA training, the energy function intrinsically encodes
feature-space ambiguity, which is low in confident ID regions but
high in ambiguous OOD regions, resulting in a tension between
these gradients. Specifically, for ID samples, the gradient V,ez(¥)
dominates, guiding perturbations towards class prototypes. In con-
trast, for OOD samples, the gradient VyE(z) dominates, pushing
perturbations away from the ID manifold. This gradient-based
mechanism naturally enhances the separation between ID and
OOD samples, thereby effectively resolving the ID-OOD dilemma
without requiring external OOD samples.

5 Results and Analysis

5.1 Experimental Setups

Datasets. We compare our LTR results on the CIFAR10-LT and
CIFAR100-LT datasets [2] across different imbalance ratios (IR) of
10, 50, and 100. Note that these datasets also serve as the ID data
in OOD detection. For OOD detection, we also use six datasets:
SVHN [33], Texture [11], Places365 [65], Tiny ImageNet [25], iNat-
uralist2018 [42], and LSUN [56] (for LSUN, two distinct variants are
used: LSUNCropped and LSUNResized). For results of ImageNet-
LT [14] and ImageNet-Extra [44], please refer to the supplementary
material. Note that we only use ID data to train, which reduces the
data requirement by approximately 80% compared to OE methods.

Baselines. We compare our approach with state-of-the-art meth-
ods in both conventional LTR and long-tailed OOD detection. For
conventional LTR, we include simple loss reweighting approaches
(Focal Loss [37] and LDAM [2]) and more sophisticated multi-expert
methods (RIDE [46], SADE [60], and LGLA [40]). For long-tailed
OOD, we benchmark against state-of-the-art approaches including
PASCL [44], COCL [32], and EAT [49]. We employ ODIN [28], a
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standard and widely-used detector, to assess OOD detection perfor-
mance during testing.

Evaluation protocols. Following [52], we use standard metrics
for evaluating OOD detection and ID classification: FPR95, AUROC,
and ACC, the classification accuracy on ID data. Note that only
average OOD detection results are shown in the main text. We cat-
egorize the classes into three distinct groups: head, middle, and tail
classes. For CIFAR10-LT and CIFAR100-LT, we set the thresholds
based on the 1/3 and 2/3 points of the class number list, follow-
ing [32, 49]. For ImageNet, the thresholds are set at 100 and 10
samples, respectively.

Implementation details. Following LGLA [40], we train our
method on CIFAR10-LT and CIFAR100-LT using three ResNet-32
expert networks, and on ImageNet-LT using a ResNet-50 expert
network. The initial learning rate is set to 0.1, scaled by 0.1 during
a warm-up period of the first 5 epochs. We train the model for 400
epochs with the SGD optimizer (momentum=0.9), using 8 Nvidia
RTX 3090 GPUs. All LTR baselines are rerun under the setting same
as ours. For long-tailed OOD baselines, we retained their original
configurations due to significant structural differences. To ensure
fairness, we substituted the auxiliary dataset with Gaussian noise, as
our approach does not use auxiliary data.

5.2 Comparison with Current Methods

Comparison with Current LTR Methods. Table 1 and Table 2
present comprehensive comparisons with current LTR baselines on
CIFAR10-LT and CIFAR100-LT. For CIFAR10-LT, our method sur-
passes the state-of-the-art LGLA [40] by approximately 1.2, 0.8, and
1.3 for IR10, IR50, and IR100, respectively. Similarly, on CIFAR100-
LT our approach achieves improvements of roughly 1.4, 1.6, and 1.1
over LGLA. Notably, our approach delivers dramatic gains in OOD
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Table 3: Comparison with LT-OOD methods on CIFAR10-IR100. Methods marked with * indicate that the auxiliary dataset in

the original method is replaced with Gaussian noise.

ID Af D A
Method e OOD AUROC (1) 00D FPR ()
Overall Head Middle Tail Overall Head Middle Tail
COCL* [32] 72.37 93.90 71.22 52.37 81.16 91.36 78.76 74.17 53.56
PASCL* [44] 77.51 92.63 73.38 67.90 76.61 84.58 74.17 71.89 63.53
EAT* [49] 75.99 90.87 72.05 66.37 78.07 84.79 74.64 75.93 70.17
LGLA [40] 87.87 90.97 86.30 85.30 68.95 74.16 66.20 67.40 76.87
Ours 89.06 94.93 86.52 86.57 89.76 84.70 94.41 88.63 40.35
Table 4: Comparison with LT-OOD methods on CIFAR100-IR100.
ID Af
Method DACCO OOD AUROC (1) 00D FPR ()
Overall Head Middle Tail Overall Head Middle Tail
COCL* [32] 41.17 69.94 39.62 12.25 64.98 74.06 66.24 54.61 77.33
PASCL* [44] 44.55 65.65 43.29 23.47 59.37 69.30 59.55 49.25 82.46
EAT [49] 37.43 57.62 37.35 16.06 60.71 63.46 62.54 56.09 82.61
LGLA [40] 56.15 68.58 56.76 43.09 64.77 71.81 64.77 57.72 78.65
Ours 57.58 76.24 58.65 37.82 80.62 81.06 83.76 76.94 55.32

Figure 6: t-SNE on CIFAR10-IR10. (L) LGLA; (R) DARL.

detection on CIFAR10-LT: it attains AUROC (%) of 97.28, 91.08, and
89.76 for IR10, IR50, and IR100—corresponding to improvements of
approximately 21, 19, and 21 from LGLA’s 75.91, 71.92, and 68.95.
Moreover, our method substantially lowers FPR95 (%) from 64.29,
72.49, and 76.87 down to 10.78, 38.60, and 40.35 for IR10, IR50, and
IR100, respectively. These results affirm that our method effectively
enhances both ID recognition and OOD detection, mitigating the
gradient conflict discussed in Sec. 3.2 and yielding more discrimina-
tive and compact feature representations. This conclusion is further
corroborated by t-SNE in Fig. 6, where our ALA produces markedly
more distinct clusters than those generated by LGLA [40].

Comparison with Current LT-OOD Methods. Tables 3 and
4 compare our DARL with recent long-tailed OOD methods on
CIFAR10-LT and CIFAR100-LT with an imbalance ratio of 100. On
CIFAR10-LT, DARL significantly improves the overall OOD AU-
ROC by approximately 8.6% over the previous best method (COCL),
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clearly demonstrating the effectiveness of leveraging mixed pseudo-
OOD samples for enhanced ID-OOD separation. Notably, DARL
consistently outperforms other approaches across middle and tail
scenarios, underscoring the robustness and efficacy of our ALA in
dynamically recalibrating class boundaries based on logits ambigu-
ity. Similar trends emerge on CIFAR100-LT, where DARL achieves
a remarkable enhancement in overall OOD AUROC by approxi-
mately 15.6%, surpassing prior methods across all class shots. This
substantial improvement validates the potency of our mixed data
strategy and ALA’s role in mitigating the traditional dilemma be-
tween ID classification accuracy and OOD detection capability,
aligning perfectly with our previous theoretical assertions.

Analysis for Different Class Groups. ALA effectively attains
fairness across different class groups by dynamically adapting mar-
gins based on logits ambiguity, as evidenced in Tables 3 and 4. ID
Accuracy: DARL sets a new state-of-the-art ID accuracy across
all class groups, surpassing all prior methods. On CIFAR10-LT,
DARL achieves an overall ID accuracy of 89.06%, outperforming
LGLA with notable gains in head (+3.96%), middle (+0.22%), and
tail (+1.27%) classes. This improvement arises from ALA’s adap-
tive calibration strategy, which prevents under-representation of
tail classes during early training and avoids overcompensation in
later stages. Conversely, OE-based methods such as COCL, PASCL,
and EAT significantly lag behind DARL and LGLA in ID accuracy
(by over 11%). OOD Detection: DARL notably closes the AUROC
gap between tail and OOD samples, unlike LGLA, which suffers a
significant tail-class disadvantage. While COCL achieves slightly
better many-shot OOD detection, DARL substantially surpasses
all methods overall (+8.6% AUROC improvement on CIFAR10-LT),
showecasing the effectiveness of ambiguity-aware margins in en-
hancing OOD discrimination across all class groups.
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Figure 7: Ablation study of @ in ALA on CIFAR100-IR100.

5.3 Ablation Studies

Effectiveness of ALA and Mixed Data. As shown in Table 5,
mixed data and Ambiguity-Aware Logit Adjustment (ALA) provide
distinct and synergistic contributions. Without augmentation or
ALA, the baseline shows significant limitations, achieving only
64.77% overall OOD AUROC, 56.15% ID accuracy, poor tail-class de-
tection (61.04% AUROC), and high OOD false positives (78.65% FPR).
Introducing Mixup alleviates LTR issues by reducing imbalance, as
evidenced by improvements in overall, middle, and tail AUROCs,
along with increased LTR accuracy. However, this method also
introduces over-compensation, resulting in a 1.31% decline in head
AUROC. In contrast, incorporating CutMix notably boosts OOD
detection but simultaneously the improvement in ID accuracy is
not as high as with Mixup. This trade-off underscores the limitation
in relying solely on a single augmentation technique. Combining
Mixup and CutMix resolves this issue, boosting OOD AUROC to
77.77% through complementary spatial (CutMix) and feature-space
(Mixup) ambiguities. However, they still lack the awareness of train-
ing dynamics. Finally, introducing ALA helps both OOD detection
and long-tailed recognition, offering the best performance in all cases
in Table 5, which showcases the benefit of ALA from dynamically
adapting to the training process.

Table 5: Ablation Study of ALA and Mixed Data.

Mixup Cutmix ALA OOD AUROC (1) 00D D
Overall Head Middle Tail FPR(|) ACC (1)
X X X 64.77 71.81 64.77 61.04 78.65 56.15
v X X 72.16 70.50 76.62 69.24 67.77 57.13
X v X 77.22 77.65 79.12 7481 60.94 57.01
v 4 X 77.77 7627 81.27 7564 5888  57.37
v v v/ 80.62 81.06 83.76 76.94 55.32 57.58

Effect of « on Data Mixing. The mixing ratio A, ~ Beta(a, @)
controls both the diversity of the mixed data and its deviation from
the source classes, significantly influencing model performance. (1)
When a is small (@ < 1), the Beta distribution becomes bimodal,
favoring values near 0 or 1. This results in mixed samples close to
the original ID data, enhancing the diversity of ID samples without
significant deviation from their original distribution. This setting
primarily improves ID accuracy, particularly for head classes. (2)
When a = 1, the Beta distribution becomes uniform, making all
mixing ratios equally probable. This maximizes the diversity of
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Figure 8: Ablation study of 7 in ALA on CIFAR100-IR100.

mixed samples and leads to the best AUROC across all shots, effec-
tively enhancing OOD detection. (3) For larger « (& > 1), the Beta
distribution peaks around 0.5, producing highly ambiguous mixed
samples. While this ambiguity can reduce overall ID accuracy, it
helps improve mid and tail class performance due to increased di-
versity. However, if @ becomes too large (e.g., « = 10), the samples
become overly ambiguous, degrading performance across all met-
rics as the model struggles to learn from such uncertain data. These
patterns can be observed from Fig. 7.

Effect of  on Energy Function. From Eq.8, we observe that the
temperature parameter 7 controls the dominant component within
the energy function E(z;). Thus, we analyze how varying 7 (rang-
ing from 0.1 to 100) influences model performance, as illustrated
in Fig. 8. (1) Low 7: At smaller values, the energy function primar-
ily reflects the magnitude of the ground-truth logits (Eq[zx]), i.e.,
E(zx) = —Eq[zx], favoring well-represented classes and failing to
address over-confidence in under-represented ones. (2) Medium 7:
As 7 increases, KL and entropy terms gain influence. Since they vary
inversely, they may cancel each other at an intermediate 7, making
the entropy term rH(q) dominant. Given the higher uncertainty
in our mixed data with two-hot labels, this can lead the model to
misclassify ambiguous pseudo-OOD data as ID, boosting ID accu-
racy while hurting AUROC. (3) High 7: Further increase allows the
KL term to dominate (e.g., at ¢ = 8), balancing ID accuracy and
AUROC. Yet overly large 7 leads to overfitting on ID data, again
reducing AUROC.

6 Conclusion

In this paper, we tackle two core challenges in LTOOD learning: the
scarcity of OOD training data and the gradient conflicts introduced
by OE methods. Our analysis shows that OE can cause harmful
conflicts, especially when ID and OOD samples share features—a
problem that’s more pronounced for tail classes. To address this, we
propose using mixed ID data as pseudo-OOD, which exhibits higher
ambiguity and helps ease the trade-off. Building on this, we intro-
duce DARL, a dynamic logit recalibration framework that leverages
energy-based ambiguity to align competing objectives and boost
tail performance. We further show that ODIN’s adversarial per-
turbations naturally complement our approach, enhancing OOD
detection. Extensive experiments confirm DARL’s state-of-the-art
results on both ID classification and OOD detection.
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