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Abstract

Domain adaptation is a key strategy for enhancing the
generalizability of deep learning models in real-world sce-
narios, where test distributions often diverge significantly
from the training domain. However, conventional ap-
proaches typically rely on prior knowledge of the target do-
main or require model retraining, limiting their practicality
in dynamic or resource-constrained environments. Recent
test-time adaptation methods based on batch normalization
statistic updates allow for unsupervised adaptation, but they
often fail to capture complex activation distributions and
are constrained to specific normalization layers. We pro-
pose Adaptive Quantile Recalibration (AQR), a test-time
adaptation technique that modifies pre-activation distribu-
tions by aligning quantiles on a channel-wise basis. AQR
captures the full shape of activation distributions and gener-
alizes across architectures employing BatchNorm, Group-
Norm, or LayerNorm. To address the challenge of estimat-
ing distribution tails under varying batch sizes, AQR incor-
porates a robust tail calibration strategy that improves sta-
bility and precision. Our method leverages source-domain
statistics computed at training time, enabling unsupervised
adaptation without retraining models. Experiments on
CIFAR-10-C, CIFAR-100-C, and ImageNet-C across mul-
tiple architectures demonstrate that AQR achieves robust
adaptation across diverse settings, outperforming exist-
ing test-time adaptation baselines. These results highlight
AQR’s potential for deployment in real-world scenarios
with dynamic and unpredictable data distributions.

1. Introduction

Deep neural networks have demonstrated remarkable
success across numerous computer vision tasks, including
image classification, object detection, and segmentation.
However, these models often suffer significant performance
degradation when deployed in real-world environments that
differ from their training conditions. This phenomenon,
known as distribution shift or domain gap, poses a ma-
jor challenge for the practical deployment of deep learning

systems in applications where reliability and robustness are
critical.

Several domain adaptation methods have been proposed
to address this issue, although they often assume prior
knowledge of the target domain or require retraining, which
hinders their applicability across different tasks and scenar-
ios. Test-time adaptation (TTA) techniques have emerged
as promising approaches that adapt models to target distri-
butions during inference, relying solely on test data batches.
These techniques are particularly suitable for real-world ap-
plications where distribution shifts may occur unexpectedly
or evolve over time [11].

A popular approach to TTA is based on test-time nor-
malization (TTN), where batch normalization statistics are
modified to match the target data distribution. This method
has been demonstrated to be particularly effective for con-
volutional neural networks (CNNs) [15,18,19], and recently
has achieved notable success when applied to vision trans-
formers (ViTs) [8, 9, 14, 21]. However, TTN implicitly as-
sumes the neuron-level activations approximate a Gaussian
distribution, which may not hold for complex, multi-modal
distributions encountered in practice. Furthermore, TTN
is limited to architectures that employ batch normalization
layers (BatchNorm [6]), making it inapplicable to models
using other normalization schemes such as group normal-
ization or layer normalization (GroupNorm [24] and Layer-
Norm [2]).

We thus propose Adaptive Quantile Recalibration
(AQR), a novel TTA method that aligns the distributions of
internal features between source and target domains, with-
out relying on parametric distribution assumptions. Our ap-
proach leverages nonparametric quantile-based transforma-
tions to map target domain activations to their correspond-
ing source domain distributions on a channel-by-channel
basis. Unlike methods that only adjust the mean and vari-
ance of pre-activations, AQR captures and preserves the
complete shape of pre-activation distributions, making it
effective for handling complex distribution patterns com-
monly found in deep neural networks (Figure 1). A crit-
ical advantage of our method is that it does not degrade
over time, as we are adapting to source activations that are
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Figure 1. Comparing AQR and TTN in preserving complex distri-
bution shapes at test-time using synthetic data.

precomputed and remain fixed throughout testing. Unlike
entropy-based methods that continuously update model pa-
rameters and can drift toward suboptimal solutions [28],
AQR provides a stable reference point derived from the
source domain statistics, ensuring consistent and stable
adaptation performance even in challenging test scenarios.
Our key contributions are as follows:

• We propose a novel method that calibrates pre-
activations at test-time to align with train-time pre-
activations by leveraging statistics computed at the end
of model training.

• We demonstrate our method’s applicability across di-
verse model architectures, independent of specific
types of normalization layers.

• We identify and address challenges associated with
varying batch sizes in computing statistical informa-
tion and propose strategies for the accurate estimation
of distribution tails.

• Our experiments on three datasets across four architec-
tures show that our method outperforms current state-
of-the-art approaches and shows potential for real-
world applications.

2. Related Work
TTA methods frequently operate by updating the param-

eters associated with BatchNorm layers in response to co-
variate shifts in the input distribution [3,4,12,15,16,18,20,
23,26], as is the case of the popular approach TTN [15,18].
This strategy is closely related to the unsupervised domain
adaptation technique AdaBN [10], and has demonstrated ef-
fectiveness in mitigating the effects of varying degrees of
image corruption. However, a key limitation lies in their de-
pendency on BatchNorm, which restricts their applicability
to architectures using this specific normalization scheme.

Additionally, BatchNorm is considered a major contributor
to instability in standard TTA pipelines [17].

The rising use of alternative normalization layers like
GroupNorm and LayerNorm necessitates the development
of TTA algorithms compatible with various architectures.
Addressing these challenges, sharpness-aware and reliable
entropy minimization (SAR) [17] was developed as an on-
line TTA method that supports all types of normalization
layers.

Another popular approach, often combined with TTN,
requires adapting the affine parameters of normalization
layers using entropy minimization loss, as seen in previ-
ous research [17, 20]. However, these methods face stabil-
ity challenges in wild test scenarios. Specifically, they can
produce faulty feedback if an incorrect selection of samples
is used to calculate the loss and may suffer performance
degradation over time.

For easier deployment across multiple architectures,
marginal entropy minimization with one test point (MEMO)
[27] was proposed as an approach needing only the trained
model and a single test input. However, it is computa-
tionally expensive due to per-sample backpropagation and
test-time augmentation, making it unsuitable for latency-
sensitive tasks.

Neuron editing [1] addresses the problem of generat-
ing transformed versions of data based on the pre- and
post-transformation versions observed of a small subset of
the available data. Rather than learning distribution-to-
distribution mappings, it reframes the problem as learn-
ing a general edit function that can be applied to other
datasets. The method applies piecewise linear transforma-
tions to neuron activations in autoencoder latent spaces,
computing percentile-based differences between source and
target distributions. This nonparametric approach preserves
data variability and avoids issues like mode collapse seen
in generative models. Inspired by this approach, we adapt
their percentile-based transformation strategy to the test-
time adaptation setting while making it applicable to di-
verse neural network architectures independent of specific
normalization layers.

3. Methodology
In the current work, we propose a TTA method based on

aligning the distributions of the intermediate features of a
neural network. Our key insight is that distribution shifts
between training and testing data manifest as shifts in the
distributions of intermediate features of neural networks.
By transforming these internal distributions to match those
observed during training, we can improve the model’s per-
formance on out-of-distribution test data without requiring
access to training data or modifying the training process.
Our method consists of two phases: First, in the setup phase,
we compute the statistical information of the internal lay-
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Figure 2. Overview of the Adaptive Quantile Recalibration (AQR) method. During the setup phase (top), source data is processed to
extract pre-activations and compute percentiles per channel, which are saved as reference statistics. During inference (bottom), target
data pre-activations are similarly processed, and AQR transforms target percentiles to match source percentiles using piecewise linear
transformation, enabling distribution alignment without architectural constraints.

ers of the model when given the source data. Second, in
the inference phase, we transform the model’s internal pre-
activation values to correct for distribution shifts that occur
when processing test data.

3.1. Setup Phase: Source Distribution Statistics

Let fθ denote a neural network with parameters θ trained
on source distribution P (x). After training is complete and
before any inference, we perform a one-time setup phase to
capture the statistical information of the source distribution.
In this phase, we apply the following steps:

1) Process a subset of source/training data S through the
trained model.

2) For each layer l, and each channel c within that layer,
store the pre-activation values denoted as alc (outputs of nor-
malization layers before activation function).

3) Compute percentiles pSi where i ∈ {0, 1, . . . , 100}
from the stored pre-activation values alc, doing this sepa-
rately for each channel in each layer.

These stored percentiles (pSi ) serve as a memory of the
distribution characteristics of the model’s internal values
when processing in-distribution data, and will be used dur-
ing inference to guide the adaptation process.

3.2. Inference Phase: Distribution Alignment

During inference, when out-of-distribution test samples
are processed through the network, the distribution of pre-
activation values (alc) deviates from what was observed dur-
ing training. We propose to transform these values to match
their training-time distributions.

Our method is agnostic to the specific type of normaliza-
tion layer used in the network (batch, layer, or group nor-
malization). For each batch of test samples, we: 1) compute
percentiles pTi of the pre-activation values for each channel,
2) transform these values using a piecewise linear transfor-
mation adapted from [1] that we denote AQR. This trans-
formation is applied as follows:

AQR(x) = pSi +

(
x− pTi
∆T

i

)
·∆S

i for x ∈ [pTi , p
T
i+1) (1)

where, ∆T
i = pTi+1−pTi and x represents the pre-activation

values of a specific channel and a specific layer, pTi repre-
sents the i-th percentile of the test samples’ pre-activation
values (computed on-the-fly), and pSi represents the i-th
percentile of the source/training pre-activation values (pre-
viously computed during the setup phase). This transforma-
tion uses 100 percentile intervals, with i ∈ {0, 1, 2, ..., 99}
covering the entire distribution range from the 0th to the
100th percentile, and maps the test-time distribution back
to the distribution observed during training. This transfor-
mation is applied to all channels of a given model.

3.3. Calibrating the Tail of Distribution

The size of the source dataset can affect how accurately
the source distribution is estimated. More samples lead to
better overall estimation, but can produce extreme values in
the distribution tails. Figure 3 demonstrates the instability
of tail percentile estimation using small batches. We drew
20 different batches of 128 samples from the source/training
distribution and computed percentiles for each batch. For
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Figure 3. Distribution of deviations between small-batch (128) and
reference (10,000) percentiles across 20 trials.

each percentile level, we calculated the deviation from the
source/training percentile computed using 10,000 training
samples. Each boxplot shows the distribution of these de-
viations across the 20 batches. The results reveal that tail
percentiles show substantial variability: the 0th percentile
(minimum) consistently overestimates the true minimum,
while the 100th percentile (maximum) consistently under-
estimates the true maximum. This bias and high variabil-
ity in tail estimation motivate our tail calibration strategy.
Instead of using actual minimum and maximum values of
the source data, we estimate the first and last percentiles
through sampling. We compute these statistics over a batch
of 100, repeat the sampling 1,000 times, and then average
the results. This approach provides more reliable estimates
of the distribution tails. We evaluate the impact of this strat-
egy in the following section.

3.4. Analysis of a One-Hidden-Layer Model

In this section, we provide a simple theoretical motiva-
tion under a simplified architecture and corruption model
for advantages of AQR’s piecewise-linear transformation.
This proof holds under specific assumptions and is intended
to provide intuition for how AQR works compared to TTN
and similar methods that only update affine parameters. In
App. ??, we present a complementary analysis under finite
samples and quantile discretization.

Main objective. We compare two adaptation strategies,
AQR and TTN, which attempt to recover the source hid-
den representation hS from the corrupted test-time hT . We
measure adaptation quality using the total mean squared er-
ror (MSE)

MSE(T ) :=

m∑
i=1

E
[
(Ti(h

T
i )− hS

i )
2
]
.

Our goal is to show that under the assumptions below,

MSE
(
TAQR

)
= 0, MSE

(
TTTN

)
> 0 for non-affine ki.

Setting. We consider a one-hidden-layer MLP on the
source domain. Let the input be a random vector x ∈ Rd

with
x ∼ P on Rd, supp(P ) = Rd.

Network parameters are W ∈ Rm×d and b ∈ Rm. The
pre-activations and post-activations are

aS = Wx+ b ∈ Rm, hS = ϕ(aS) ∈ Rm,

with final prediction yS = w⊤hS for some w ∈ Rm.
The activation ϕ : R → R is strictly increasing and con-
tinuous (e.g., identity or leaky-ReLU with positive slope),
so ϕ−1 is well-defined on its image. Index neurons by
i ∈ {1, . . . ,m}. For each i, the source hidden hS

i has
marginal distribution Pi with continuous density and strictly
increasing CDF FPi

.

Corruption model. Test-time corruptions are mod-
eled as strictly increasing transformations that, al-
though induced by the input shift, are observed at pre-
activations/activations. Concretely, for each i there exists
strictly increasing gi : R → R such that

aTi
d
= gi(a

S
i ).

Since ϕ is strictly increasing, we define

ki := ϕ ◦ gi ◦ ϕ−1,

which is strictly increasing. Then the corrupted hidden rep-
resentation satisfies

hT
i = ki(h

S
i ), (2)

and has target marginal Qi = (ki)#Pi (pushforward of Pi

through ki). If FQi is the CDF of Qi, then for all x ∈
supp(Qi),

FQi(x) = FPi

(
k−1
i (x)

)
.

Comparison of methods. AQR uses the exact CDFs to
define the quantile transform

TAQR
i (z) := F−1

Pi

(
FQi

(z)
)
.

Applying this to hT
i gives

TAQR
i (hT

i ) = F−1
Pi

(
FQi

(hT
i )

)
= F−1

Pi

(
FPi

(k−1
i (hT

i ))
)

= k−1
i (hT

i )

= k−1
i

(
ki(h

S
i )
)

by Eq. (2)

= hS
i .
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Table 1. Comparing the performance of test-time adaptation methods on ImageNet-C at corruption severity level 3 and batch size 128.
Results show classification accuracy (%) per corruption type. Bold indicates best performance per model. ”NA” denotes the non-adapted
(original) model. Standard Error does not exceed 0.27.

M
od

el Method Noise Blur Weather Distortion Digital Average

Gauss. Impul. Shot Speck. Defoc. G.Blur Motion Zoom Bright. Contr. Satur. Fog Elastic Frost Glass Pixel Snow JPEG Spatt. Avg

R
es

N
et

50
(B

N
) NA 27.6 25.1 25.1 31.7 38.0 41.6 37.7 35.2 69.6 46.0 71.4 46.6 55.6 32.1 16.9 46.2 35.2 59.3 49.4 41.6

TTN 45.5 44.5 43.2 47.4 37.2 42.3 50.2 51.2 72.1 64.1 73.8 62.2 66.4 41.6 32.4 64.4 47.5 63.0 59.4 53.1

TENT 45.5 44.5 43.2 47.4 37.2 42.3 50.3 51.2 72.1 64.1 73.8 62.3 66.4 41.6 32.4 64.4 47.5 63.0 59.4 53.1

SAR 45.6 44.6 43.3 47.5 37.4 42.5 50.4 51.3 72.1 64.1 73.8 62.3 66.5 41.7 32.6 64.5 47.6 63.0 59.5 53.2

AQR 48.3 47.2 47.4 50.2 35.1 39.6 51.3 52.1 72.1 64.8 73.3 63.1 68.0 45.5 33.8 65.0 51.0 64.6 61.5 54.4

R
es

N
et

50
(G

N
)

NA 54.5 53.1 52.8 57.7 44.3 49.8 49.7 39.2 75.4 69.8 76.9 55.8 59.6 54.0 21.2 59.7 54.8 66.3 63.3 55.7

TENT 54.5 53.1 52.8 57.7 44.3 49.8 49.7 39.2 75.4 69.8 76.9 55.8 59.6 54.0 21.2 59.7 54.8 66.3 63.3 55.7

SAR 54.5 53.1 52.9 57.7 44.3 49.8 49.7 39.2 75.4 69.8 76.9 56.1 59.6 54.0 21.3 59.8 54.8 66.3 63.2 55.7

AQR 50.9 48.0 48.1 50.1 41.7 45.4 59.2 55.5 74.9 71.3 76.1 68.7 71.1 51.4 36.9 67.9 57.1 64.9 65.0 58.1

V
iT

-B
as

e
(F

T
) NA 62.7 62.0 60.9 63.3 51.9 54.6 58.2 45.0 72.6 76.8 75.4 71.0 67.9 34.4 37.1 69.2 45.3 67.8 64.1 60.0

TENT 53.8 53.1 50.1 53.8 48.6 51.6 53.3 40.8 68.4 74.3 71.0 67.7 64.9 31.6 35.4 65.4 35.8 64.7 59.5 54.9

SAR 62.7 58.5 60.3 63.3 52.0 54.7 58.3 45.1 72.6 76.8 75.4 71.0 67.3 34.5 37.2 69.0 45.6 67.7 64.1 59.8

AQR 63.9 63.3 62.3 64.9 55.2 57.8 59.7 52.2 75.1 77.7 77.5 72.9 73.5 41.8 48.1 72.6 52.6 71.7 69.7 63.8

V
iT

-B
as

e
(T

S) NA 39.3 37.9 36.5 43.8 42.5 46.1 48.8 40.8 64.9 66.7 67.9 56.5 67.9 30.2 37.6 68.0 31.5 64.6 53.8 49.7

TENT 39.3 37.9 36.5 43.7 42.5 46.1 48.8 40.8 64.9 66.7 67.9 56.5 67.9 30.2 37.6 68.0 31.5 64.6 53.8 49.7

SAR 39.4 37.9 36.5 43.8 42.5 46.1 48.8 40.9 64.9 66.7 67.9 56.5 67.9 30.3 37.6 68.0 31.6 64.6 53.8 49.8

AQR 43.8 43.2 41.6 47.7 44.9 48.3 51.1 44.7 65.6 67.9 68.3 58.5 68.9 35.3 42.4 68.7 37.7 65.4 57.3 52.7

TTN applies the affine transform

TTTN
i (z) = µS

i + σS
i

z − µT
i

σT
i

,

where (µS
i , σ

S
i ) and (µT

i , σ
T
i ) are the (population) mean and

standard deviation of Pi and Qi, respectively. This matches
first and second moments, and exactly inverts the corrup-
tion only when ki is affine; for nonlinear ki, TTN leaves a
nonzero distortion.

Result. From the AQR derivation above,

MSE
(
TAQR

)
=

m∑
i=1

E
[
(TAQR

i (hT
i )− hS

i )
2
]
= 0.

In contrast,

MSE
(
TTTN

)
> 0 whenever some ki is non-affine.

Therefore, AQR achieves perfect recovery under these ide-
alized conditions, whereas TTN cannot unless each ki is
affine. A complementary finite-sample/discretization anal-
ysis is provided in App. ??.

Remark (MSE aggregation). We sum MSE across neu-
rons; equivalently, one may average by m or write
E
[
∥T (hT )− hS∥22

]
. The conclusions are unchanged.

4. Experiments and Results
4.1. Datasets and Models

We evaluate our methods on CIFAR-10, CIFAR-100,
and ImageNet-1K together with their corresponding cor-
ruption benchmarks, CIFAR-10-C, CIFAR-100-C, and
ImageNet-C [5, 7]. Each corruption suite contains 19 cor-
ruption types, and each type is provided at five severity lev-
els. We report results at severity levels 1, 3, and 5. CIFAR-
10 and CIFAR-100 each contain 50,000 training images and
10,000 test images at a resolution of 32 × 32, with 10 and
100 classes respectively. ImageNet-1K contains 1,280,000
training images and 50,000 validation images at a resolution
of 224× 224 across 1,000 classes.

We evaluate four architecture families per dataset:
ResNets with BatchNormalization (BN) or GroupNormal-
ization (GN), and Vision Transformers (ViT) with Layer-
Normalization (LN). For ViTs, we consider two regimes:
trained from scratch (TS) on the target dataset and fine-
tuned (FT) after pre-training on a larger corpus. All fine-
tuned ViTs are pre-trained on ImageNet-21K and then fine-
tuned on the dataset at hand. We denote ViT-Base-patch16-
224 as ViT-Base and ViT-patch4-32 as ViT-Small. Below
we list, for each dataset, the specific models and the ViT
training regime (TS/FT).

• CIFAR-10: ResNet-18 (BN); ResNet-26 (GN); ViT-
Small (TS); ViT-Base (FT).

• CIFAR-100: ResNet-50 (BN); ResNet-50 (GN); ViT-
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Small (TS); ViT-Base (FT).

• ImageNet-1K: ResNet-50 (BN); ResNet-50 (GN);
ViT-Base (trained from scratch with Sharpness Aware
Minimization); ViT-Base (FT).

Each set of experiments is evaluated over three random
seeds to ensure statistical significance.

We obtain pre-trained ResNet-26 (GN) weights from
[27] and ImageNet models from the PyTorch model zoo and
the timm library [22]. ViT-Small models are trained from
scratch using the approach described in [25]. For ResNet
models on CIFAR-100, we used pre-trained ResNet-50
(BN) and ResNet-50 (GN) models and fine-tuned them on
CIFAR-100, achieving test accuracies of 78.3% and 72.6%
following the training methodology of [13]. For the ViT-B
(FT) models, images were resized to 224×224. We fine-
tuned these models that were pre-trained on ImageNet21K,
reaching test accuracies of 98.6% for CIFAR-10 and 90.5%
for CIFAR-100.

4.2. Experiment Setup

For experiments with AQR, we used 10,000 training
samples from each dataset to estimate the source per-
centiles. These statistics are frozen for all test-time eval-
uations. We experimented with applying AQR transforma-
tion throughout the network as well as in just the top half.
For more complex datasets (Imagenet) with ViT, we found
it was beneficial only to include it in the top half. See ab-
lations in Appendix ??. We hypothesize that for ViT, the
layer normalization is placed at the beginning of the block
without influencing the residual stream. Therefore, placing
AQR after layer normalization can leave the residual stream
unadapted. This could pass noisy input to subsequent layers
through the residual stream, even with AQR placed within
the block; thus, limiting the use of AQR towards the top of
the network can be beneficial.

Episodic Setting of TTA: We compare AQR to TTN
[15, 18], TENT [20], and SAR [17], along with the un-
adapted source models. Since AQR is designed for state-
less test-time use, we evaluate all methods in an offline
(episodic) mode. Specifically, the inference on each batch
is independent; This is an ideal setting for when distribution
shift is highly variable.

For TENT and SAR, we reset model weights after every
batch to their pre-trained values. Within each batch, a single
forward–backward step is used for adaptation, followed by
a second forward pass for evaluation. This approach ensures
these parameter-updating methods have the opportunity to
adapt before evaluation. This explains why in some cases,
the models that have been adapted with SAR or TENT per-
form worse than the model that has not been adapted. TTN
is applied as originally proposed. However, TTN is only ap-
plicable to model architectures that use BatchNorm, there-

fore TTN is excluded from experiments with ViTs or with
ResNets that use GroupNorm.

4.3. Main Results

Our experimental evaluation shows the effectiveness of
AQR across multiple architectures, datasets, and corrup-
tion severities. On the challenging ImageNet-C dataset, Ta-
ble 1 highlights the key ImageNet-C experiments (severity
3, batch size 128), where AQR consistently surpasses TTN,
TENT, and SAR across corruption types and architectures.
The detailed experimental results, including comprehensive
per-dataset summaries across all batch sizes and severity
levels, are provided in the Appendix ?? (Tables ??, ??, ??).

Cross-Dataset Performance Our method consistently
outperforms existing approaches across all three benchmark
datasets. As illustrated in Figure 4, AQR’s advantage in-
creases substantially with corruption severity, demonstrat-
ing its robustness to challenging test conditions. At severity
level 1 (mild corruptions), AQR maintains competitive per-
formance with existing methods. However, as corruption
intensity increases to severity 3 and 5, AQR provides in-
creasing improvements over baselines. Since TTN is not
applicable to all architectures, it is omitted from this figure;
a corresponding plot limited to ResNet models with Batch-
Norm is provided in the Appendix (Figure ??).

Architecture-Specific Analysis Figure 5 reveals that the
effectiveness of AQR spans diverse architectural designs.
For Vision Transformers, which do not employ batch nor-
malization layers, AQR provides improvements through its
quantile-based normalization approach. ResNet architec-
tures benefit significantly from AQR across both batch nor-
malization and group normalization variants.

Batch Size Effects Our analysis reveals that AQR’s
advantages are particularly pronounced with larger batch
sizes, which provide more robust estimation of quantiles for
the incoming batch. At batch size 512, the performance
gaps between AQR and baselines are consistently larger
than at batch size 128 across all datasets.

This observation adds more evidence for the need to use
the tail calibration strategy, as the batch size gets smaller
and insufficient for estimating the target distribution tails.

Robustness Across Corruption Types The per-
corruption analysis in Table 1 shows AQR’s consistent ef-
fectiveness across diverse corruption categories. It performs
particularly well on noise-based corruptions (Gaussian, im-
pulse, shot noise) and distortion-based ones (elastic trans-
form, pixelate). For digital corruptions (JPEG compression,
spatter) and weather distortions (fog, brightness, contrast),
AQR remains competitive.

4.4. Ablation on Mechanisms to Calibrate the Tail

We conducted an ablation study to evaluate different
strategies for calibrating extreme tails. The standard AQR
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Figure 4. Performance comparison across corruption severity levels. AQR consistently outperforms baseline methods on all datasets,
with larger performance gains at higher severities. Results averaged across all corruption types, batch sizes, and architectures. Error bars
represent the standard error of the mean for different experimental conditions.

method serves as our baseline approach.
Average Sample Tails. We tested our proposed en-

hancement, AQR with the average of samples of tails, which
uses the sampling technique described in the previous sec-
tion to better estimate extreme percentiles. Specifically,
we sample batches of 100 points, compute the minimum
(p0) and maximum (p100) for each batch, repeat this 1,000
times, and average the results to obtain stable tail estimates.
Subsequently, at inference time, these estimated values will
be used to perform the recalibration.

AQR without Tail Adaptation. We also explored a sim-
pler alternative: AQR with no tail adaptation, which we de-
note Not Calibrated. Since the extreme ends ([p0, p1] and
[p99, p100]) contain only 2% of the data, we tested whether
simply not adapting these regions would be effective. Ex-
pressed as

AQR(x) =

{
x x < pT1
x x ≥ pT99

. (3)

This approach leaves values below the first percentile or
above the 99th percentile unchanged.

Clipping. This approach implements simple threshold-
ing. Expressed as

AQR(x) =

{
pT1 x < pT1
pT99 x ≥ pT99

, (4)

it sets extreme values to fixed boundaries - values below
the 1st percentile are set exactly to the 1st percentile value,
and values above the 99th percentile are set to the 99th per-
centile value.

Gaussian Estimation. Another approach of calibrat-
ing the tails, which we call Gaussian Estimation, assumes
both source and target data follow normal distributions. In-
stead of using unreliable minimum and maximum values
from small batches, it fits Gaussian curves to the data. It
then uses these fitted curves to predict what the true 0th and

Table 2. Classification accuracy (%) of different tail calibration
strategies using ResNet50 on various ImageNet datasets. Results
are averaged over 3 random seeds with the best results in bold.

Tail Calibration Strategy Batch Size

128 512

AQR (standard) 30.8±16.3 33.7±16.3
Average Sample Tails 33.7±16.6 34.6±16.1
Gaussian Estimation 33.6±16.6 33.5±16.1
Not Calibrated 29.7±16.6 33.3±16.3
Interval Estimation 29.3±15.6 30.8±15.2
Clipping 3.4±4.8 3.6±4.7

100th percentiles should theoretically be. A complete map-
ping formula of this strategy is provided in Appendix ??.
Interval Estimation. This approach aims to estimate the
magnitude of extreme intervals (∆T

0 and ∆S
99). Rather than

relying on percentile intervals for scaling transformations, it
uses the standard deviation of the distribution. The interval
estimation can be expressed as follows

AQR(x) =


(
a− pT0
std(X)

· (γ)
)
+ pS0 x < pT1(

a− pT99
std(X)

· (γ)
)
+ pS99 x ≥ pT99

, (5)

where X is all points in a specific channel of a specific layer
of a batch at test time and std(X) is the standard deviation
of X . The idea is that standard deviation provides a more
stable measure of data spread and applies the remapping
rule of Eq. 5.

Table 2 reports classification accuracies for several
tail-calibration strategies evaluated with ResNet-50 (BN) on
the ImageNet-C dataset, across two batch sizes on all cor-
ruption types. The results demonstrate that precise model-
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Figure 5. Architecture-specific performance comparison at corruption severity level 3. AQR demonstrates consistent improvements across
diverse architectures on three datasets (CIFAR-10-C, CIFAR-100-C, ImageNet-C), including ResNets with different normalization schemes
(BN, GN) and ViTs (LN). Error bars represent standard error across corruption types and batch sizes

Table 3. Impact of percentile granularity on AQR performance. Comparison between using 101 percentiles (standard AQR) versus 11
percentiles on ResNet-50 (BN) on ImageNet-C.

Method Batch Size = 128 Batch Size = 512

Severity 3 Severity 5 Severity 3 Severity 5

AQR 53.92 ± 11.79 33.72 ± 16.33 54.40 ± 11.69 34.19 ± 16.37
AQR (10 qds) 46.37 ± 13.06 27.00 ± 16.07 50.68 ± 12.54 29.77 ± 16.49

ing of extreme percentiles is essential for robustness. “Aver-
age Sample Tails” attains the highest accuracy at both batch
sizes, marginally outperforming “Gaussian Estimation” and
considerably exceeding the standard AQR baseline; this gap
is most pronounced at the smaller batch size (128), where
tail statistics are most volatile. “Interval Estimation” of-
fers only a modest benefit, whereas aggressive “Clipping”
severely degrades performance. Collectively, these findings
confirm that nuanced calibrating of the values at the tails
of the distribution is required and suggest “Average Sample
Tails” as the most dependable approach.

4.5. Granularity of Percentiles

We also performed an ablation study to investigate how
the granularity of the percentiles affects AQR performance.
To this end, we computed fewer percentiles at setup phase to
understand the trade-off between computational complexity
and the performance of adaptation. Specifically, we com-
pared using 11 percentiles (p0, p10, p20, . . . , p100) and our
standard 101 percentiles (p0, p1, p2, . . . , p100) on ResNet50
(BN) with ImageNet-C. The results show that finer gran-
ularity leads to better performance, with 101 percentiles
achieving a much better accuracy.

5. Conclusion

In this study, we introduced Adaptive Quantile Recali-
bration (AQR), a novel test-time adaptation approach that
aligns the distributions of internal features between source
and target domains through nonparametric quantile-based
transformations. Our approach offers several key advan-
tages: (1) it captures the complete shape of activation distri-
butions rather than just mean and variance, enabling more
effective adaptation for complex distribution patterns; (2)
our tail calibration strategy effectively handles the chal-
lenges of estimating distribution extremes with varying
batch sizes; (3) it maintains stability during extended test
sessions by using fixed source distribution statistics as ref-
erence points. Experiments on CIFAR-10-C, CIFAR-100-C
and ImageNet-C across multiple architectures demonstrate
that AQR outperforms state-of-the-art TTA methods. How-
ever, while AQR provides stability through fixed reference
statistics, this design choice means it processes batches in-
dependently rather than accumulating knowledge across se-
quential batches, which could potentially enhance adapta-
tion in some online scenarios. Future work could explore
combining AQR with other TTA methods and extending
AQR to online settings while preserving its stability advan-
tages.
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