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Abstract

Deep learning classifiers deployed in real-world scenarios frequently suffer perfor-
mance degradation under domain shift due to mismatches in low-level appearance
statistics. Existing test-time adaptation methods often require modifying model
parameters or per-instance optimization, limiting applicability to black-box mod-
els. Test-time augmentation (TTA) avoids model updates but traditionally relies
on geometric or photometric transformations that fail to bridge appearance gaps.
This thesis investigates whether training-free style transfer, driven by semantically
retrieved source-domain reference images, can serve as an effective input-based TTA
strategy. We propose STyle-TTA, a framework operating entirely at inference time.
STyle-TTA uses a self-supervised vision encoder (DINOv3) to retrieve semantically
compatible source-domain style references in a label-agnostic manner. It then ap-
plies a training-free style transfer operator—primarily evaluated via diffusion-based
style injection (StyleID) alongside a lightweight baseline (AdaIN)—to generate style-
conditioned observations of the target input, aggregating predictions across trans-
formed views without modifying the classifier. We evaluate STyle-TTA across nat-
ural image, remote sensing, and computational pathology benchmarks (ImageNet-
R, EuroSAT → UCMerced, Camelyon17-WILDS, MIDOG2022, and Epithelium-
Stroma). Empirical results demonstrate that StyleID-based STyle-TTA yields sub-
stantial accuracy gains for convolutional neural networks (CNNs) and standard vi-
sion transformers—achieving Top-1 accuracy improvements of up to 12.32 percent-
age points on ImageNet-R and up to 14.67 percentage points on remote sensing data.
However, its effectiveness depends heavily on classifier architecture: while standard
CNNs and ViTs benefit significantly, pre-trained Foundation Models (CLIP and DI-
NOv2) possess existing appearance invariance, making geometric TTA the superior
strategy.

Evaluation and method code can be found on GitHub:

https://github.com/Ikechukwue/STyle-TTA
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Notation

The following notation is used throughout this thesis.

Domains and Datasets

DS Source domain dataset

DT Target domain dataset

DC
S Source domain restricted to the shared classes

DC
T Target domain restricted to the shared classes

CS Set of source-domain classes

CT Set of target-domain classes

C Shared class set, CS ∩ CT
x Input image

y Ground-truth class label
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1 Introduction

Deep learning has enabled substantial advances in visual recognition through the
learning of hierarchical representations from data LeCun et al. (2015). In prac-
tice, however, deployed classifiers frequently encounter domain shift : the statistical
properties of the target data differ from those observed during training, causing per-
formance to degrade substantially (Zhou et al., 2022). This problem arises across a
wide range of applications, from natural images captured under varying weather and
lighting conditions to medical images acquired with different scanners or protocols,
and to satellite imagery collected by sensors with divergent spectral characteristics.

A large body of research has addressed domain shift through model-level adaptation,
where the classifier’s internal weights or their statistics are updated after observing
target-domain samples. While effective, these adaptation methods require access
to model parameters and often involve per-instance optimization during inference.
This limits their applicability when the classifier is deployed as a frozen or black-box
model whose weights cannot be modified after training.

An alternative strategy is test-time augmentation (TTA), which preserves the clas-
sifier parameters and instead improves robustness by aggregating predictions from
multiple transformed views of each test image. Existing TTA approaches predom-
inantly rely on manually designed transformations such as geometric crops, flips,
and photometric perturbations. Although these augmentations increase prediction
diversity, they do not explicitly align the appearance of target inputs with the source-
domain characteristics the classifier was trained on, leaving a substantial gap when
source and target differ in low-level style statistics.

A complementary line of research has explored style manipulation as a mechanism for
domain robustness. Methods in this space range from closed-form feature-statistic
matching and learned feed-forward stylization networks to deep generative models
that resynthesize inputs under a source-domain prior. What unites these approaches
is that the style-transfer mechanism itself is fitted specifically to the source domain,
whether through calibration, dedicated training, or generative modeling and its
benefits cannot be transferred to a new classifier without repeating that source-
specific step.

This thesis investigates whether training-free style transfer can serve as a general
test-time augmentation strategy. We find that its effectiveness is fundamentally con-
ditioned on the target classifier’s sensitivity to low-level appearance statistics. The
proposed Style-Based Test-Time Augmentation (STyle-TTA) framework operates
entirely at inference time: it retrieves semantically compatible source-domain im-
ages based on visual similarity in a pre-trained embedding space, uses them as style
references to generate source-like observations of the target input via a training-free
style-transfer operator, and aggregates the classifier’s predictions over these aug-
mented views. The framework requires no modification of the classifier, no target-
domain labels, and no training or fine-tuning of the style-transfer mechanism itself.

The central research question addressed in this work is therefore:
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Can training-free style transfer, driven by semantically retrieved source-
domain references, serve as an effective test-time augmentation strategy
for improving image classification under domain shift?

To answer this question, the thesis makes the following contributions:

1. A novel test-time augmentation framework. We propose STyle-TTA,
which generates style-conditioned views of target inputs using training-free
style transfer and aggregates their predictions to improve robustness under
domain shift without modifying the classifier.

2. A label-agnostic retrieval strategy. We introduce a retrieval mechanism
based on a pre-trained self-supervised vision encoder (DINOv3) that selects
source-domain style references by semantic visual similarity rather than class
label, allowing style information to be drawn from semantically related but
potentially different classes.

3. An empirical evaluation across diverse domains. We evaluate STyle-
TTA on natural image benchmarks (ImageNet-1K and ImageNet-R) as well
as domain-specific datasets from medical imaging and satellite imagery.



2 THEORETICAL BACKGROUND 3

2 Theoretical Background

2.1 Distribution Shift

Distribution shift refers to the situation in which the distribution of data encoun-
tered at deployment differs from that observed during training. Machine learning
models are typically optimized under the assumption that training and test samples
are drawn from the same underlying distribution, an assumption that is frequently
violated in real-world applications (Quiñonero-Candela et al., 2008). It can arise
from changes in the objects, environments, acquisition conditions, or visual charac-
teristics represented in the data. At the level of the object itself, shift can arise from
attributes the classifier was not adequately exposed to during training as illustrated
in Figure 1.

Target Domain Source Domain

Legend:
Target Class
Non-Target Class

Classifier Decision Boundary

Source Domain Samples

Out-of-Distribution Samples

Figure 1: Illustration of class-space distri-
bution and domain gap. The feature space
demonstrates the decision boundary between
the target class (triangle) and other classes
(circle). Blue and green markers highlight
samples affected by domain shift relative to
the decision boundary.

A well-documented example is re-
duced detection accuracy for pedes-
trians with darker skin tones in ob-
ject detection systems trained on
unbalanced data (Wilson et al.,
2019). At a more nuanced level, au-
tonomous driving systems must rec-
ognize roads and pedestrians con-
sistently across weather conditions,
e.g. sunny, foggy, or rainy, de-
spite substantial low-level appear-
ance changes (Chen et al., 2017).
In the medical domain, imaging
hardware differs across hospitals
and scanners, introducing system-
atic differences in noise, color tone,
or texture even where the under-
lying anatomical structure is iden-
tical (Koh et al., 2021; Aubreville
et al., 2024; Li et al., 2022a). Simi-
larly, satellite imagery classifiers en-
counter severe domain shifts driven
by temporal, geographic, and envi-
ronmental variations—such as seasonal land cover changes, architectural differences
across regions, or sensor and atmospheric interference (Koh et al., 2021). In many
of these cases, the task-relevant semantics are intended to remain stable, while nui-
sance factors such as texture, color statistics, illumination, or sensor noise vary across
domains. A robust classifier should therefore distinguish task-relevant information
from source-domain-specific appearance characteristics. This distinction is particu-
larly relevant for image classifiers that rely heavily on texture-based cues. (Geirhos
et al., 2022) demonstrated that ImageNet-trained convolutional neural networks ex-
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hibit a strong texture bias, often relying on local texture information rather than
global object shape for recognition. Their findings suggest that changes in texture
and appearance can substantially influence classification decisions even when the
underlying object identity remains unchanged.

This gap becomes most directly observable in the feature space of a trained classifier,
typically inspected at the penultimate (pre-logit) layer. Out-of-distribution samples
may be represented less consistently with the learned source-domain structure, re-
sulting in increased class overlap and degraded predictive performance (Hendrycks
and Gimpel, 2017; Xie et al., 2023). The extent to which this occurs depends not
only on the magnitude of the distribution shift, but also on the features learned by
the model and on the relationship between the shifted attributes and the prediction
task.

Formally, following Zhou et al. (2022), a domain D is defined as a pair consisting
of a feature space X and a marginal probability distribution over that space, D =
{X , P (X)}, where X ∈ X . A task T is defined by a label space Y and a conditional
distribution P (Y | X) that the classifier is trained to approximate, T = {Y , P (Y |
X)}.
A classifier fθ is trained on samples drawn from a source domain DS = {X , PS(X)}
under task TS, and is deployed on a target domain DT = {X , PT (X)}.
Domain shift (or distribution shift) occurs when

PS(X) ̸= PT (X), (1)

while the label space is shared, YS = YT . Depending on which components of the
joint distribution change, different forms of distribution shift can be distinguished.
In label shift, the label distribution changes while the class-conditional distribution
is assumed to remain fixed, such that PS(Y ) ̸= PT (Y ) and PS(X | Y ) = PT (X |
Y ) (Saerens et al., 2002; Lipton et al., 2018). In concept shift, the conditional
relationship between inputs and labels changes, meaning that PS(Y | X) ̸= PT (Y |
X) (Lyu et al., 2026).

This thesis is concerned primarily with the setting in which the conditional distri-
bution is assumed to remain invariant,

PS(Y | X) = PT (Y | X), (2)

while the marginal input distribution changes. This setting is commonly referred to
as covariate shift (Shimodaira, 2000; Zhou et al., 2022). In the context of this the-
sis, the relevant shifts are particularly associated with changes in image appearance,
including texture, color, contrast, illumination, and other acquisition-related char-
acteristics. The underlying object identity or task-relevant semantics are assumed
to remain unchanged, while the visual realization of the input may differ between
source and target domains.
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Bridging this gap, i.e. improving generalization from DS to DT , can be approached
at several points in the pipeline. The most direct approach is to adapt the model
itself, e.g. via retraining or fine-tuning on target-domain data (Yosinski et al.,
2014). This is in many cases impractical. Going back to the previous medical
applications, target-domain data are often scarce or highly homogeneous. Similarly,
time constraints may preclude retraining or the model weights may not be accessible
at all (e.g. behind an inference API). An alternative family of methods instead
adapts the model at test time, without full retraining (Liang et al., 2024). If the
model itself cannot be modified, a further alternative is to adapt what the model is
shown instead. This is done by transforming the input at test time so that it more
closely resembles the distribution the classifier was trained on.

2.2 Test-Time Augmentation

Test-Time Augmentation (TTA) denotes a family of methods that tries to improve
a classifier’s predictive performance by modifying the inference process itself, rather
than the model’s parameters. ’Model-based ’ Adaptation methods update internal
model statistics at inference time. These methods achieve this by recalibrating
batch-normalization statistics on the test batch (Nado et al., 2020; Schneider et al.,
2020) and require access to the model’s internals. ’Input-based ’ TTA methods mean-
while leave the model untouched and instead focus on the test-time input samples.
By constructing multiple transformed views of the test instance itself, for example
through geometric transformations or color-space perturbations, and aggregating
the resulting predictions into a single output, model sensitivity to any single view is
smoothed out (Shanmugam et al., 2021). An early instance of this idea is ten-crop
testing, which averages predictions over ten spatially cropped and mirrored versions
of a test image (He et al., 2016). Test-time augmentation does not by itself model or
correct for distribution shift, but has been shown to be a useful component within
broader pipelines, for instance by providing the unsupervised training signal that
model-based methods optimize against (Liang et al., 2024). This thesis follows the
input-based paradigm, since it does not require access to model weights or architec-
ture and is therefore applicable to black-box classifiers. In the taxonomy of Liang
et al. (2024), the setting considered in this thesis corresponds to test-time instance
adaptation (TTIA): a special case of test-time batch adaptation in which a single
unlabeled target instance xt is processed at a time, as opposed to a mini-batch or
the entire target domain.

Ensemble Formulation Given a test instance x and a classifier fθ, an input-based
TTA procedure generates a set of n augmented views {x̃1, . . . , x̃n} via a transfor-
mation family T , where x̃k = tk(x) and tk ∈ T . Conventionally, the original,
unaugmented instance is included as x̃0 = x (Shanmugam et al., 2021)(Figure 2).
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Classifier Avg. Prediction

Figure 2: Illustration of a view ensemble for TTA classification tasks

Each view is passed through the classifier independently to obtain a prediction
distribution pk = fθ(x̃k) ∈ R|Y|. The final prediction ŷ is obtained by aggregating the
n+1 per-view predictions, most commonly via averaging (soft aggregation). MEMO,
for instance, optimizes model confidence at test time by minimizing the entropy of
exactly this averaged prediction over multiple randomly augmented views of a single
input (Zhang et al., 2022), and related methods instead average the augmented
predictions against a fixed prediction under an entropy-thresholding scheme to avoid
diluting confident base predictions with noisy views (Sivaprasad and Fleuret, 2021).

ŷ = argmax
y∈Y

1

n+ 1

n∑
k=0

pk(y), (3)

or via majority vote over the per-view hard predictions ŷk = argmaxy pk(y) (hard
aggregation) (Shanmugam et al., 2021),

ŷ = mode
(
ŷ0, . . . , ŷn

)
. (4)

Confidence-Based Aggregation Rather than assigning equal weight to all aug-
mented views, aggregation can also be restricted to predictions from views on which
the classifier is most confident. The motivation is that some transformations may
produce ambiguous or less informative views whose predictions could adversely af-
fect the final aggregation. Two confidence-based approaches considered in this thesis
are Test-Time Prompt Tuning (TPT) (Shu et al., 2022) and ZERO (Farina et al.,
2024). Both use prediction confidence to select a subset of augmented views be-
fore aggregation, but differ in how the selected predictions are combined. TPT
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uses an entropy-based selection mechanism followed by soft probability aggregation,
whereas ZERO uses the selected predictions for hard aggregation. Since the original
TPT method performs test-time prompt optimization, the implementation used in
this thesis adapts its confidence-based view-selection principle to conventional clas-
sifiers without updating model parameters. The precise implementation of these
aggregation strategies is described in Sec. 5.8.3.

The use of an ensemble of views is intended to reduce the variance of the model’s
decision under transformations that are not expected to change the ground-truth
label. If the classifier’s learned decision boundary is well-aligned with the true class-
conditional distribution P (Y | X), predictions across label-preserving views of the
same instance should agree, and aggregation should converge toward the correct
class even where an individual view is misclassified. This relies on the assumption
that classification errors are more often associated with low-confidence, ”borderline”
predictions than with high-confidence, systematically wrong ones (Guo et al., 2017).
Under this assumption, creating varying perturbations of the input via augmentation
shifts a low-confidence, borderline prediction either further toward the correct class
or further away from it in a way that is on average corrected by ensembling, so that
aggregating over several such perturbations increases the net probability mass on
the correct label. Shanmugam et al. (2021) observed that the degree of divergence
between views is itself predictive of the resulting gain: augmentations that are more
distinct from one another and from the original instance tend to produce a larger
improvement upon aggregation than near-duplicate views.

Standard (Geometric) TTA The conventional instantiation of input-based TTA
applies geometric transformations to the test instance, such as random cropping, hor-
izontal flipping, or resizing (He et al., 2016; Shorten and Khoshgoftaar, 2019). These
transformations are label-preserving under the assumption that the object’s identity
does not depend on its position, scale, or orientation within the frame. Geometric
TTA is most effective in exactly the setting where this assumption is only partially
satisfied by the classifier itself: if a model were perfectly invariant to these transfor-
mations by construction, all views would yield identical predictions and aggregation
would provide no benefit. In practice, convolutional and transformer-based architec-
tures exhibit only approximate spatial invariance (Zhang, 2019; Bhojanapalli et al.,
2021), which geometric TTA exploits by sampling several points in this remaining
sensitivity and averaging over them.

Limits of Geometric TTA under Style-Based Shift Geometric transforma-
tions address a specific class of nuisance variation: position, scale, and orientation.
These variations primarily affect the spatial layout of the target object’s features
and direct surroundings but leave the low-level appearance statistics of the instance
(texture, color, local contrast) unchanged. As established previously, not all dis-
tribution shifts are geometric in nature: shifts arising from sensor characteristics,
imaging conditions, or stylistic domain differences manifest primarily as changes in
texture and appearance statistics rather than in object pose or framing. For such
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Figure 3: Adapted from Chung et al. (2024). Examples of artistic style transfer,
target content images stylized with specific artistic reference images using StyleID.

shifts, geometric augmentation offers no direct mechanism for closing the domain
gap, since none of its transformations alter the appearance-level properties responsi-
ble for the shift (Geirhos et al., 2022). This motivates the style-based augmentation
approaches.

2.3 Image Style Transfer

Style transfer refers to the process of generating an image that preserves the se-
mantic content or spatial structure of a content image while adopting the visual
appearance of a separate style image (Figure 3). The notion of style is deliber-
ately broad: it can encompass characteristics such as color distribution, texture,
brushwork, contrast, and other recurring visual patterns, while content generally
refers to the objects, structures, and spatial relationships represented in the image.
The central challenge of style transfer is therefore to modify appearance without
substantially altering the underlying content. Although this distinction appears in-
tuitive from a human perceptual perspective, separating content from style is not
straightforward in pixel space, since both are entangled within the same image repre-
sentation. Consequently, the development of style-transfer methods has largely been
driven by different strategies for representing, disentangling, and manipulating these
two factors. Prior to the use of deep neural networks, style transfer was predomi-
nantly approached through low-level image statistics, such as global color-histogram
matching (Reinhard et al., 2001) or manipulation of frequency components under a
Fourier decomposition, under the assumption that an image’s coarse structure (con-
tent) is encoded in low-frequency components while fine appearance detail (style)
is encoded in higher-frequency components (Oliva et al., 2006). A parallel line of
work approached appearance transfer through texture synthesis, modeling texture
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as a stationary stochastic process characterized by summary statistics of filter re-
sponses, which could then be resynthesized onto a target structure (Heeger and
Bergen, 1995; Efros and Leung, 1999). These methods were comparatively brittle:
they often failed to capture texture at a perceptually convincing level and could
not reliably disentangle content from style, since frequency-based decomposition is
only a coarse proxy for the semantic and appearance factors an observer actually
perceives.

Neural Style Transfer Gatys et al. (2016) showed that deep convolutional net-
works trained for image classification, specifically VGG-19, implicitly learn represen-
tations in which content and style information can be separated. Neural networks
construct hierarchical abstractions of input data across their layers. They found
that content is captured by the feature activations of deeper convolutional layers,
which preserve spatial/semantic structure, while style is captured by the correlations
between feature channels within a layer, computed via the Gram matrix

Gl
ij =

∑
k

F l
ikF

l
jk, (5)

where F l ∈ RCl×Ml denotes the vectorized feature activations of layer l, with Cl

channels and Ml spatial locations. The Gram matrix Gl discards spatial layout
entirely and retains only the pairwise channel correlations, which Gatys et al. showed
to correlate strongly with perceived texture and style, independent of object position.
They synthesized a stylized image by optimizing a random noise image, or the
content image itself, to jointly minimize a content loss (distance between deep-
layer activations of the output and the content image) and a style loss (distance
between Gram matrices of the output and a style reference image, summed across
several layers) via gradient descent. This iterative, per-image optimization made
the original formulation computationally expensive, motivating a wave of follow-up
work. Many other frameworks made use of these findings, such as feed-forward
networks trained to approximate the optimization result in a single pass (Johnson
et al., 2016), instance normalization as a lightweight mechanism for style-consistent
feed-forward stylization (Ulyanov et al., 2016), and adaptive instance normalization
(AdaIN), which aligns the channel-wise mean and variance of content features to
those of a style reference to enable arbitrary, real-time style transfer without per-
style retraining (Huang and Belongie, 2017).

Feed-Forward and Statistic-Matching Methods Subsequent methods replaced
the per-image optimization with a feed-forward network trained in advance to ap-
proximate the same objective in a single pass, substantially reducing inference cost
but typically requiring one trained network per style or per small set of styles (John-
son et al., 2016; Ulyanov et al., 2016).

Huang and Belongie (2017) introduced Adaptive Instance Normalization (AdaIN),
which enables arbitrary style transfer, i.e. transfer to a previously unseen style image
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Figure 4: AdaIN Framework. Adapted from Huang and Belongie (2017). The
first few layers of a fixed VGG-19 network are used to encode the content and style
images. An AdaIN layer performs style transfer in feature space. A decoder is
learned to invert the AdaIN output back into image space. The same VGG encoder
is used to compute content and style losses.

at inference time, without retraining by directly aligning the channel-wise feature
statistics of a content encoding to those of a style encoding. Given content and
style feature maps Fc and Fs extracted from the same pre-trained encoder. AdaIN
is defined as

AdaIN(Fc, Fs) = σ(Fs)

(
Fc − µ(Fc)

σ(Fc)

)
+ µ(Fs), (6)

where µ(·) and σ(·) denote the channel-wise mean and standard deviation, com-
puted independently per channel and per instance. The content feature map is first
normalized to remove its own style statistics, then re-scaled and re-shifted to match
the style reference’s statistics. Style is transferred as a shift in per-channel feature
mean and variance, without altering the underlying spatial (content) structure en-
coded by the normalized activations. The stylized output is subsequently produced
by a decoder trained to invert the encoder given the AdaIN-transformed features
(Figure 4). To account for higher-order correlations beyond first- and second-order
marginal statistics, Li et al. (2017) introduced Universal Style Transfer via Feature
Transforms (WCT). Instead of matching scalar means and variances, WCT applies
a Whitening and Coloring Transform to align full feature covariance matrices be-
tween content and style representations. Both AdaIN and WCT demonstrate that
style can be efficiently transferred in a training-free manner by manipulating feature
statistics.

GAN- and Diffusion-Based Approaches In parallel, generative adversarial
networks (GANs) were applied to style and domain translation, typically learning a
mapping between two image domains from unpaired data (Heusel et al., 2017). By
training a generator to synthesize realistic images and a discriminator to distinguish
them from real data, GANs learn complex domain distributions. While achieving
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state-of-the-art visual quality, their application is constrained by the initial training
setup. Similarly to early feed-forward methods, most GAN-based approaches require
training on a fixed style or domain pair and do not generalize to arbitrary, previously
unseen style references without retraining (Zhu et al., 2017). Like most parametric
methods, GAN-based approaches are limited by the need for representative target-
domain training data. More recently, diffusion-based generative models have been
adapted for style transfer, offering training-free style transfer via manipulation of
the image generation process itself rather than a dedicated feed-forward stylization
network.

2.4 Diffusion Models for Image Generation

Diffusion models have recently emerged as one of the dominant paradigms for high-
fidelity image generation (Sohl-Dickstein et al., 2015; Ho et al., 2020). Unlike GANs,
which learn to generate images directly through adversarial training, diffusion mod-
els formulate image synthesis as a gradual denoising process. Beginning from random
noise, the model iteratively reconstructs a coherent image by reversing a stochastic
corruption process learned during training. This iterative refinement has proven
highly effective for producing realistic images while maintaining stable optimization
and broad generative capability.

Training consists of learning the inverse of a predefined forward diffusion process.
During the forward process, Gaussian noise is progressively added to an image over
a sequence of timesteps until the original signal becomes indistinguishable from pure
noise (Ho et al., 2020),

q(xt|xt−1) = N (
√
1− βtxt−1, βtI) (7)

where βt denotes the variance schedule controlling the amount of injected noise
at timestep t. After sufficiently many diffusion steps, the resulting distribution
approaches an isotropic Gaussian. The reverse process is parameterized by a neu-
ral network, typically a U-Net, which predicts the noise component present at each
timestep. Starting from Gaussian noise, the model repeatedly removes the predicted
noise, gradually reconstructing an image sampled from the learned data distribu-
tion. Rather than predicting the image directly, modern implementations predict
the added noise, epsilonθ(xt, t), which has been shown to simplify optimization and
improve sample quality (Ho et al., 2020). Although early diffusion models oper-
ated directly in pixel space, contemporary systems commonly employ latent diffu-
sion models (LDMs) (Rombach et al., 2022). Instead of diffusing high-dimensional
images, an encoder first compresses an image into a lower-dimensional latent repre-
sentation. The diffusion process is then performed within this latent space before
a decoder reconstructs the final image. This significantly reduces computational
cost while preserving image quality, enabling high-resolution image synthesis such
as that used in Stable Diffusion (Rombach et al., 2022). The ability of large pre-
trained diffusion models to generate realistic images while conditioning on auxiliary
information makes them particularly well suited for image editing tasks. Rather
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than synthesizing images from scratch, diffusion models can modify existing images
while preserving their semantic content (Meng et al., 2022). By conditioning the
denoising process on textual prompts, reference images, or learned feature represen-
tations, these models can selectively alter appearance attributes—including illumi-
nation, texture, color palette, artistic style, or weather conditions—while maintain-
ing object identity and scene geometry. This capability has made diffusion models
an attractive foundation for style-transfer methods aimed at reducing domain shift.
However, many existing approaches either rely on computationally expensive opti-
mization procedures or struggle to simultaneously preserve the semantic structure of
the content image while accurately transferring stylistic characteristics. These limi-
tations are addressed by StyleID through a training-free adaptation of a pre-trained
latent diffusion model.

StyleID Attention-based control mechanisms have emerged as a dominant paradigm
for training-free image editing in latent diffusion models. Early approaches demon-
strated that structural content can be preserved during generation by fixing or inject-
ing cross-attention and self-attention maps across diffusion trajectories (Hertz et al.,
2023; Meng et al., 2022). Building directly on DDIM inversion (Song et al., 2021),
StyleID (Chung et al., 2024) adapts these principles specifically for arbitrary style
transfer without optimization or model fine-tuning. DDIM provides a deterministic
sampling formulation that enables the inversion of an image into a corresponding
latent trajectory under the diffusion process. This property is important for image
editing methods such as StyleID, where the latent representations of a content image
and a style reference are used to guide the generation of a stylized output.

Rather than updating model parameters or learning additional networks, StyleID
manipulates the internal self-attention representations of the diffusion model dur-
ing the reverse denoising process. The method first performs DDIM inversion on
both the content and style images to extract their intermediate latent trajectories.
During image generation, the Key (K) and Value (V ) representations within the
self-attention layers are replaced by those extracted from the style image, while the
Query (Q) representation is largely retained from the content image (Figure 5).
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Figure 5: StyleID Framework Adapted from Chung et al. (2024). (Left) Style
transfer pipeline: content (zcT ) and style (zsT ) inverted noise are combined via Initial
Latent AdaIN (zcsT ) and refined during reverse diffusion using attention-based style
injection and temperature scaling. (Right) Detailed mechanisms for style injection
and initial noise alignment.

Since keys and values determine which visual characteristics are retrieved during
attention, whereas queries determine where these characteristics are applied (Hertz
et al., 2023), this spatial-decoupling mechanism enables stylistic attributes—such as
texture and local appearance statistics—to be transferred while strictly preserving
the spatial layout of the original content. From the perspective of domain gener-
alization, StyleID can be interpreted as a feature-preserving input transformation.
The semantic content of the image is largely maintained through query preserva-
tion, while appearance-related characteristics are modified through style injection.
Consequently, StyleID provides a mechanism for moving samples between visual do-
mains without requiring changes to the downstream classifier. This property makes
it particularly suitable as the style-transfer operator employed in the test-time aug-
mentation framework investigated in this thesis.



3 RELATED WORK 14

3 Related Work

3.1 Style-Based and Generative Test-Time Adaptation

A growing line of work makes target inputs (or intermediate representations) resem-
ble the source domain at test time, rather than relying solely on model-parameter
updates. These methods span a spectrum of model capacity and training cost:
closed-form or lightweight operators that match low-level style statistics directly;
learned, feed-forward stylization networks trained once on source data; and deep
generative models that resynthesize the input under a learned source-domain prior.
All three are motivated by the same style-augmentation intuition established during
training by Style Augmentation (Jackson et al., 2019), Stylized-ImageNet (Geirhos
et al., 2022), and MixStyle (Zhou et al., 2021), which perturb or mix feature statistics
across instances to prevent classifiers from over-fitting to domain-specific textures.

3.1.1 Style-Transfer-Based TTA

A first family of methods aligns feature- or pixel-level style statistics between target
and source without learning a full generative model of the source distribution. SFIT
(Hou and Zheng, 2021) matches Gram-matrix-based style statistics between a frozen
source model’s activations and those of a trainable image translator, combined with
entropy minimization to preserve semantic content. LODS (Li et al., 2022b) sup-
presses domain-specific style cues within the network’s own representations, while
GDA (Zhou et al., 2022) relies on batch-normalization-based style matching together
with feature- and phase-level consistency constraints.

A related sub-family performs style adaptation in the frequency domain, motivated
by the observation that low-level style statistics are largely encoded in the amplitude
spectrum of an image’s Fourier decomposition, while structural content is preserved
in its phase (Yang and Soatto, 2020). OST (Termöhlen et al., 2021) maps target
inputs onto the source domain’s style manifold via Fourier-based style transfer as a
pre-processing step ahead of the frozen source network. TAF-Cal (Zhao et al., 2022)
extends this idea by calibrating target images using the average amplitude spectrum
computed over the training distribution, aligning target and source style statistics
at both training and test time.

What unites this family is that the transformation is a closed-form or lightweight
statistic-matching operation: no image is fully resynthesized, and the mechanism
does not model the source data distribution beyond its low-order statistics.

3.1.2 Generative TTA

A second family instead uses a generative model, typically trained on source data,
to project the target input back onto the source manifold, treating adaptation as
conditional resynthesis rather than statistic matching. DDA (Gao et al., 2023)
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projects test inputs toward the source domain using a diffusion model trained only on
source data, combining image guidance with self-ensembling to control how strongly
each input is adapted; both the diffusion model and the downstream classifier remain
frozen across all target domains. Diffusion-TTA (Prabhudesai et al., 2023) instead
adapts the discriminative model itself, using gradient feedback from a generative
diffusion model to update the classifier at test time on a per-instance basis. Related
purification-style approaches such as DiffPure (Nie et al., 2022), originally proposed
for adversarial robustness, use the same denoising-diffusion mechanism to remove
input-level perturbations before classification, and have since been adopted as a
baseline in diffusion-driven TTA comparisons (Gao et al., 2023). More recent work
such as Synthetic-Domain Alignment (Guo et al., 2024) highlights a limitation of
this family: the synthetic images produced by the diffusion model are not perfectly
aligned with the true source distribution, motivating additional fine-tuning of the
source classifier on synthetic data.

3.1.3 Learned Feed-Forward Style-Transfer Networks

Between closed-form statistic matching (Section 3.1.1) and deep generative model-
ing of the source distribution (Section 3.1.2) lies a family of methods that train a
dedicated, feed-forward stylization network on source data and apply it, unchanged,
as a test-time transform. Adaptive Instance Normalization (Huang and Belongie,
2017) established this paradigm: an encoder-decoder network re-normalizes content
features with the channel-wise mean and variance of a style image, enabling arbi-
trary, real-time style transfer without a style-specific decoder or per-pair training.
Because the transform is cheap and architecture-agnostic, it has since been adopted
directly as a test-time mechanism for aligning target inputs with the source style
distribution, rather than only as a training-time augmentation.

Several works apply this idea explicitly at inference time. Test-Time Style Shifting
(Park et al., 2023) uses AdaIN to shift the style of each test sample toward the source
style space at test time, requiring no backpropagation or model update, and reports
competitive accuracy. S3-TTA (Xie et al., 2024) combines scale augmentation with
AdaIN-based style transfer inside a test-time augmentation pipeline for biomedical
segmentation, using a rotational-consistency criterion to select the best-stylized ver-
sion of each input at inference. T3s (Meng et al., 2025) extends the same underlying
mechanism with a bidirectional mapping into a learned style representation space
and a diversity-enhancing module, dynamically adjusting test-sample style to align
with source-domain features for cross-organ generalization.

Stylizing ViT (Doerrich et al., 2026) applies the same paradigm using a Vision
Transformerencoder with weight-shared attention blocks to fuse anatomical struc-
ture with target style features. A frozen VGG19 encoder supervises the content and
style losses during training. Unlike the three methods above, which are designed and
evaluated specifically as test-time procedures, Stylizing ViT is trained primarily as a
domain-generalization augmentation method and only subsequently repurposed for
test-time augmentation, where the same network is used to align an unseen input’s
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style with the training distribution at inference, yielding a further accuracy gain
over training-time augmentation alone.

3.2 Positioning of the Proposed Approach

Recent approaches for improving robustness under domain shift can broadly be di-
vided into three categories: model adaptation (Nado et al., 2020; Schneider et al.,
2020), input-level augmentation (Shanmugam et al., 2021; Shorten and Khoshgof-
taar, 2019), and style-based domain robustness (Hou and Zheng, 2021; Gao et al.,
2023). The proposed Style-Based Test-Time Augmentation (STyle-TTA) frame-
work occupies a different point on this spectrum: rather than fitting a style-transfer
mechanism to the source domain, it applies a training-free, off-the-shelf style-transfer
operator (i.e., a pre-trained diffusion model operating as a transformation function).
This operator is trained on neither the source nor the target domain, which raises
the question of whether it can still stand in for the source-specific mechanisms
above. Instead of updating model parameters or generating training data, STyle-
TTA modifies only the input samples presented to a frozen classifier. Source-domain
images are retrieved based on semantic similarity and used as style references for
this off-the-shelf style-transfer operator, producing multiple source-like observations
of the same target-domain sample. Predictions from these observations are then
aggregated to obtain the final classification result. Note that this retrieval step still
draws on source-domain data at inference time. What STyle-TTA removes is not
access to source images, but any training, fine-tuning, or calibration of the style-
transfer mechanism itself against that data. Table 1 provides a structural summary
of this.

Table 1: Categorization of style-based test-time adaptation methods by source data
dependence, model updating requirement, transformation training, and underlying
mechanism, highlighting the zero-retraining paradigm of STyle-TTA.

Method Source images at test Model update Source-trained transform Approach

SFIT (Hou and Zheng, 2021) No No/Yes Yes Style matching

OST (Termöhlen et al., 2021) No No No Fourier transfer

TAF-Cal (Zhao et al., 2022) No No Calibration Fourier statistics

DDA (Gao et al., 2023) No No Yes Diffusion

Diffusion-TTA (Prabhudesai et al., 2023) No Yes Yes Diffusion

Test-Time Style Shifting (Park et al., 2023) No No Yes AdaIN

S3-TTA (Xie et al., 2024) No No Yes AdaIN + TTA

T3s (Meng et al., 2025) No No Yes Learned style mapping

Stylizing ViT (Doerrich et al., 2026) No No Yes Learned style transfer

STyle-TTA (ours) Yes No No Off-the-shelf transfer

This formulation positions STyle-TTA as a source-assisted test-time augmentation
approach. Unlike source-free test-time adaptation methods, STyle-TTA assumes
access to a collection of labeled source-domain samples during inference but does
not require target-domain labels or classifier modification, and unlike every style-
based method reviewed above, it requires no source-specific training or calibration
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of the stylization mechanism itself. This setting reflects practical scenarios where
the original training data are available while deployed models cannot be retrained or
updated. The framework is evaluated across diverse domain-shift scenarios, includ-
ing natural image recognition benchmarks such as ImageNet-R using ImageNet-1K
as source domain, as well as additional domain-specific datasets involving medical
imaging and satellite imagery. By operating entirely at the input level and requir-
ing no source-specific training of the style-transfer mechanism, STyle-TTA provides
a general framework that can be applied to different classifiers and domain shifts
without requiring task-specific optimization.
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4 Methods

4.1 Overview of the Proposed Framework

This chapter presents Style-Based Test-Time Augmentation (STyle-TTA), a frame-
work for improving image classification under domain shift. Conventional test-time
augmentation generates multiple geometric or photometric transformations of a test
image. In contrast, STyle-TTA constructs an ensemble of style-transferred variants
whose appearance is adapted toward source-domain characteristics, while preserving
the semantic content of the target image required for classification.

We consider a source domain

DS = {(xS
i , y

S
i )}

NS
i=1, xS

i ∈ X , ySi ∈ CS, (8)

consisting of labeled images available during classifier training, and a target domain

DT = {(xT
j , y

T
j )}

NT
j=1, xT

j ∈ X , yTj ∈ CT , (9)

drawn from a distribution shifted relative to DS. A dataset is treated as a target
domain precisely when no samples from it are observed during classifier training; its
labels yTj are used only for evaluation, never to adapt fθ or construct augmentations.

Since DS and DT may originate from different data collections, their label sets CS
and CT need not coincide. We therefore restrict evaluation to the shared label space

C = CS ∩ CT , (10)

and define the class-restricted subsets

DC
S = {(x, y) ∈ DS : y ∈ C},
DC

T = {(x, y) ∈ DT : y ∈ C},
(11)

so that every classifier considered predicts over the same |C| classes.
Let fθ : X → R|C| denote a classifier trained using only DC

S, with parameters θ
that remain frozen at inference time. For an input x ∈ X , the predicted label is
ŷ(x) = argmaxc∈C fθ(x)c.

Goal. Under distribution shift, the accuracy of ŷ(xT
j ) for x

T
j ∈ DC

T degrades relative
to the source domain. The objective of this thesis is to improve ŷ(xT

j ) without
updating θ, by transforming the input rather than the model. We formalize this as
test-time augmentation: instead of presenting fθ with the raw input xT

j , we construct
K transformed views {t1(xT

j ), . . . , tK(x
T
j )} and aggregate their predictions,

ŷ(xT
j ) = argmax

c∈C

1

K

K∑
k=1

fθ
(
tk(x

T
j )
)
c
. (12)
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Figure 6: Overview of the proposed Style-Based Test-Time Augmentation (STyle-
TTA) framework.

The framework operates entirely at inference time. It requires neither modifications
to the classifier architecture nor access to target-domain labels, making it appli-
cable to frozen or black-box classifiers whose parameters cannot be updated after
deployment.

The framework proceeds in four stages (Figure 6). First, a target image is encoded by
a pre-trained feature extractor and compared against a reference pool constructed
from DC

S. This style pool contains only source-domain samples from the shared
label space, ensuring compatibility with the downstream classification task. Based
on feature similarity, the K nearest source images are retrieved as candidate style
references.

Second, each retrieved reference is combined with the target image via a training-free
style transfer operator to generate a stylized view. This step modifies appearance-
related characteristics while preserving the semantic structure of the target image.
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The framework treats style transfer as a modular component. In this work, we
investigate two training-free operators: StyleID, an high-end diffusion-based style-
injection method, and alternatively, Adaptive Instance Normalization (AdaIN), which
performs feed-forward feature-statistic matching. This modular design allows us to
determine whether the observed benefits arise from style augmentation itself or
from the specific properties of diffusion-based transfer. Third, the original target
image together with all K stylized views are independently evaluated by the frozen
classifier, each producing a probability distribution over the shared label space. Fi-
nally, the individual predictions are aggregated via soft averaging to obtain the
final classification. By combining multiple appearance-adapted observations of the
same semantic instance, the framework reduces the influence of domain-specific ap-
pearance variations while retaining the semantic information necessary for accurate
classification.

The following sections describe each stage in detail, beginning with the problem
formulation and proceeding through style reference retrieval, style transfer operators,
and prediction aggregation.

4.2 Style Reference Retrieval

The proposed STyle-TTA framework requires source-domain reference images that
provide source-domain information for the style transfer operation. Since arbitrary
style references may introduce appearance characteristics that are inconsistent with
the semantic structure of the target image, the framework retrieves source-domain
images that are visually similar according to a semantic embedding space of the
target sample before performing style transfer.

The style reference pool is constructed from the source-domain training set. To
ensure compatibility with the classification task, only source-domain samples be-
longing to classes shared between the source and target domains are included:

S = {(xS
i , y

S
i ) ∈ DS | ySi ∈ C}. (13)

Although class information is used when constructing the reference pool by limiting
the source domain to the shared label space, the retrieval process itself is completely
label-agnostic. Retrieved references are selected exclusively based on visual similar-
ity in an embedding space and are not constrained to share the same class label as
the target image. This design choice allows the framework to evaluate whether style
information from semantically related but potentially different classes can improve
robustness under domain shift.

Feature Representation To measure similarity between target images and source-
domain references, images are embedded using a pre-trained DINOv3 vision trans-
former:

ϕ(x) ∈ Rd. (14)
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Specifically, the model vit base patch16 dinov3.lvd1689m is used as a feature ex-
tractor. The resulting final image representation is used as the retrieval embedding.
Meta DINOv3 (Siméoni et al., 2025) is selected due to its strong semantic represen-
tation capability arising from self-supervised pretraining over 1.689 billion images
(LVD-1689M), which allows the extracted features to capture object-level similarity
without requiring task-specific labels. Furthermore, self-supervised representations
are expected to provide improved robustness across visual domains compared to
representations optimized solely for a specific classification task.

The extracted embeddings are L2-normalized:

ϕ̂(x) =
ϕ(x)

∥ϕ(x)∥2
. (15)

Normalization allows similarity computation through cosine similarity, which mea-
sures the angular distance between feature representations while removing the in-
fluence of embedding magnitude:

sim(x, s) =
ϕ̂(x)T ϕ̂(s)

∥ϕ̂(x)∥2 ∥ϕ̂(s)∥2
. (16)

Since all embeddings are normalized, cosine similarity is equivalent to the inner
product between feature vectors.

Nearest-neighbour Retrieval For computational efficiency, source-domain em-
beddings are computed once for each dataset and stored before inference. During
evaluation, only the embedding of the target image needs to be computed online.
The complete source reference pool is indexed using the FAISS library with an
inner-product search index, enabling efficient nearest-neighbourretrieval over the
normalized embeddings.

Given a target image x, the retrieval operation selects the K most similar source-
domain references:

SK(x) = {s1, . . . , sK}, (17)

where si ∈ TopKs∈S sim(x, s). The value of K is fixed for each experimental con-
figuration and determined before inference. No additional selection based on class
labels, duplicate removal, or manual filtering is performed during retrieval. This
ensures that the retrieved reference set is determined solely by the learned visual
representation of DINOv3.

Each retrieved image is subsequently used as a style donor:

x̃i = T (x, si), si ∈ SK(x), (18)

where T denotes the selected transformation operator.

By retrieving semantically compatible source-domain examples before style transfer,
STyle-TTA aims to expose the classifier to source-like appearance variations while
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avoiding arbitrary stylistic changes that could interfere with the semantic content
of the target image. As shown in Figure 7, and further examined in the ablation
section 5.8.1. The high semantic similarity of the retrieved references increases the
likelihood that style images associated with the correct label are selected.

Figure 7: ImageNet-R test image (left) with its top-5 nearest-neighbour picks, from
left to right. (All class=”scuba diver”)

4.3 Style Transfer Operators

The style transfer operator represents the transformation component of STyle-TTA
that generates alternative views of a target-domain sample. Unlike conventional
test-time augmentations, which modify images through predefined transformations
such as cropping, flipping, or color perturbations, the proposed framework generates
appearance-shifted observations by transferring source-domain style characteristics
to the target sample.

Per equation 18, given a target-domain image x and a retrieved source-domain
reference image si, a style transfer operator T (·) generates: x̃i.

The generated image x̃i is intended to preserve the semantic identity of the origi-
nal sample while modifying appearance-related factors that may contribute to the
domain discrepancy. The STyle-TTA framework is designed to be independent of
the specific style transfer mechanism. In theory, any operator capable of gener-
ating content-preserving style transformations from arbitrary reference images can
be incorporated. In practise, feature preservation and high-quality stylisation are
required, for which we use diffusion-based style transfer. In this work, two training-
free operators are investigated: StyleID as the primary transformation method and
AdaIN as a computationally efficient comparison operator.

StyleID The main style transfer operator used in STyle-TTA is StyleID (Chung
et al., 2024). The method is selected for its training-free design, which aligns with
the requirements of test-time augmentation under domain shift. In contrast to
approaches that require domain-specific training or optimization for each target
image, StyleID enables direct transfer from an arbitrary reference image at inference
time.

For STyle-TTA, StyleID is interpreted as an appearance adaptation mechanism
rather than a generative image synthesis model. The target image provides the se-
mantic structure that should remain unchanged, while the retrieved source-domain
image provides appearance information. Internally, StyleID performs style transfer
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by manipulating intermediate diffusion representations, preserving content infor-
mation through the content image attention structure while injecting appearance-
related information from the style reference. The resulting image represents an al-
ternative observation of the same semantic sample under source-like appearance con-
ditions. Multiple retrieved references therefore produce multiple style-conditioned
views, using an adapted version of equation 18:

AStyleID(x) = {TStyleID(x, s1), . . . , TStyleID(x, sK)}. (19)

These views are subsequently evaluated by the frozen classifier and combined through
probability aggregation as described in Section 4.4.

In the proposed implementation, StyleID is used purely as an inference-time trans-
formation. The pre-trained diffusion model remains unchanged, no fine-tuning is
performed, and no textual conditioning is used.

To maintain image fidelity while meeting model specifications, image resolutions
are explicitly managed throughout the pipeline. Content images and retrieved style
references are first resized to the diffusion model’s native processing resolution of
512 × 512 (RD). To prevent distortion, this transformation preserves the original
aspect ratio prior to processing. Following style generation, the stylized outputs are
resized to 224×224 (RC), matching the input resolution expected by the downstream
classifier:

x̃i = RC (TStyleID(RD(x), RD(si))) , (20)

where RD and RC denote the aspect-ratio-preserving resizing operations for the
diffusion model (512× 512) and the classifier (224× 224), respectively.

AdaIN Comparison Operator Although StyleID is used as the primary oper-
ator, the STyle-TTA formulation does not solely depend on diffusion-based style
transfer. To investigate whether the observed benefits originate from style-based
augmentation itself rather than the specific properties of StyleID, AdaIN Huang
and Belongie (2017) is additionally evaluated.

AdaIN provides a lightweight alternative by transferring style information through
feature statistic alignment. Unlike StyleID, whose DDIM process is an iterative,
AdaIN aligns the channel-wise feature statistics of the content image through its
feed-forward network much faster.

Within STyle-TTA, AdaIN follows the identical transformation interface: x̃i =
TAdaIN(x, si).

The same retrieved style references, classifier evaluation procedure, and probability
aggregation strategy are used for both operators. As StyleID is a computationally
more expensive operation, both in VRAM and inference time, it limits the varia-
tions of experiments that can be reliably done within the timeframe of a master
thesis. AdaIN is included primarily due to its computational efficiency while still
not requiring additional training to perform arbitrary reference-based style transfer.
Figure 8 gives a small comparison of their output.
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Figure 8: Image comparison roster between StyleID and AdaIN. Content images are
from ImageNet-R and style images from ImageNet-1K.

This ensures that differences between StyleID and AdaIN reflect the properties of the
style transfer mechanism itself rather than differences in the augmentation pipeline.

4.4 Prediction Aggregation

After generating style-transferred views, STyle-TTA aggregates predictions across
the original target image x and its style-conditioned observations x̃i = T (x, si)
for si ∈ SK(x). While conventional TTA combines predictions from predefined
geometric or photometric transformations, STyle-TTA constructs an ensemble over
source-style adapted views generated through the style transfer operator.

The augmented observation set A(x) = {x} ∪ {x̃i}Ki=1 explicitly retains the original
image to preserve the classifier’s performance under the unmodified target-domain
appearance, preventing decisions from relying exclusively on generated samples.

Let pθ(y | xi) = softmax(fθ(xi)) denote the probability distribution produced by
the frozen classifier for a view xi ∈ A(x) over label space C. The final prediction
distribution is obtained by averaging predicted probabilities across all K + 1 views:

p̄(y | x) = 1

K + 1

(
pθ(y | x) +

K∑
i=1

pθ(y | x̃i)

)
. (21)

The final decision is then assigned via ŷ = argmaxc∈C p̄(y = c | x).
Unlike hard majority voting, soft probability averaging preserves output confidence
and allows complementary predictions across style views to contribute to the final
decision. Furthermore, ensembling multiple independently retrieved style references
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reduces sensitivity to individual style-transfer artifacts. Because the classifier pa-
rameters θ remain frozen throughout, this step forms a pure, inference-time input-
space ensemble.

The complete STyle-TTA procedure is summarized in Algorithm 1.

Algorithm 1 Style-Based Test-Time Augmentation (STyle-TTA)

Require: Frozen classifier fθ, target image x, style pool S, embedding model ϕ,
number of references K, style operator T

Ensure: Predicted class ŷ
1: (Offline) Compute style pool embeddings: zS ← ϕ(S)
2: Compute target embedding: zx ← ϕ(x)
3: Retrieve top-K nearest style references:

SK(x)← TopKs∈S (sim(zx, zS))

4: Initialize prediction set with original image: P ← {fθ(x)}
5: for si ∈ SK(x) do
6: Generate style-transferred image: x̃i ← T (x, si)
7: Obtain prediction: pi ← fθ(x̃i)
8: Add prediction to ensemble: P ← P ∪ {pi}
9: end for
10: Aggregate probabilities:

pfinal ←
1

K + 1

∑
p∈P

p

11: return ŷ ← argmaxc pfinal,c

4.5 Implementation Detail

All experiments were conducted using PyTorch (v2.11.0)-based implementations
built on torchvision (v0.26.0), timm (v1.0.22), open clip (v3.3.0), and Hugging-
Face diffusers (v0.35.2) for the diffusion-based style transfer component. Style-
reference retrieval utilized the FAISS library (faiss-cpu v1.13.2) with an inner-
product index over L2-normalized DINOv3 embeddings, precomputed once per source-
domain pool and reused across all target-domain queries.

To handle the computational demands of style-based test-time augmentation (STyle-
TTA), particularly for diffusion-based style transfer, experiments were executed
across different high-performance computing (HPC) environments. ImageNet-based
experiments were conducted on the Erlangen HPC infrastructure using NVIDIA
A100 GPUs, distributed across one to four GPUs depending on the number of gen-
erated style references. To eliminate inference overhead, all generated stylized views
were precomputed and cached prior to evaluation; classifiers subsequently operated



4 METHODS 26

directly on these cached views. Experiments on the remaining datasets were per-
formed on faculty computing infrastructure using a single NVIDIA RTX A5000
GPU (24GB VRAM). All input images were converted to floating-point tensors
and scaled to the range [0, 1]. Images were resized to the classifier input resolution
while preserving their original aspect ratio via padding. ResNet-18, DenseNet-121,
ViT-B/16, Swin-B, and DINOv2 were normalized with standard ImageNet statis-
tics (µ = [0.485, 0.456, 0.406], σ = [0.229, 0.224, 0.225]); CLIP uses its own pre-
training normalization statistics instead (µ = [0.48145466, 0.4578275, 0.40821073],
σ = [0.26862954, 0.26130258, 0.27577711]), consistent with the OpenAI CLIP pre-
processing pipeline.

StyleID was executed using its official reference configuration (Chung et al., 2024):
Stable Diffusion v1.4 (CompVis/stable-diffusion-v1-4, float16 precision), 50
DDIM sampling/inversion steps, a query-preservation factor of γ = 0.75, an atten-
tion temperature of T = 1.5, self-attention injection at UNet decoder layers 6–11,
AdaIN applied to the initial latent, and attention injection activated from step 49
(out of 50) onward. AdaIN utilized a VGG-19 encoder–decoder architecture, follow-
ing the formulation of Huang and Belongie (2017) (Section 2.3).

All experiments were conducted strictly in an inference-time adaptation setting:
classifier parameters remained completely frozen during evaluation, and no target-
domain samples or labels were used for optimization. The default inference batch
size was set to 1 due to memory constraints associated with processing multiple
augmented views per instance, using four parallel data-loading workers. Given the
substantial computational cost of generating diffusion-stylized views, STyle-TTA
experiments were evaluated using a single random seed, whereas geometric TTA
experiments were averaged over three random seeds to capture variance from aug-
mentation sampling.
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5 Experiments & Results

This chapter evaluates STyle-TTA across a diverse set of domain-shift benchmarks
and classifier architectures. We first conduct an in-depth analysis on the primary
ImageNet-1K � ImageNet-R benchmark and comparing STyle-TTA against a ge-
ometric TTA baseline in detail (Section 5.4). We then assess generalization across
our four additional remote sensing and computational pathology benchmarks (Sec-
tion 5.5), followed by an analysis of calibration effects (Section 5.7), ablations over
the core design choices (Section 5.8), and a hybrid approach combining style-based
and geometric augmentation (Section 5.10). Sections 5.1 and 5.3 introduce the full
set of datasets and classifiers used throughout.

5.1 Datasets

Experiments were conducted on three source–target dataset groups covering natural
image classification, remote sensing imagery, and computational pathology, compris-
ing six datasets in total. Table 2 details each dataset, its modality, including the
data splits used, and the corresponding number of classes and samples. Since in some
cases the DS and DT did not have a fully overlapping label space, we restricted it
to their overlapping label subset DC

S and DC
T . For the evaluation, the target was

adjusted to C as was the source dataset to restrict the style images to only task
relevant labels. As a measure to quantify the class distribution of each dataset split,
we report Shannon’s Equitability (Eq) (Shannon, 1948), which is defined as the
normalized Shannon entropy,

−
∑C

c=1 pc log pc
logC

, (22)

where (Eq ∈ [0, 1]). Values closer to 1 indicate a more uniform distribution of sam-
ples across classes, with (Eq = 1) corresponding to a perfectly balanced distribution.
Figure 9 shows a small overview of the datasets.

Natural Images Classification Benchmark

The first benchmark consists of the ImageNet-1K and ImageNet-R datasets. ImageNet-
1K is used as the source domain (DS), comprising 1,281,167 training images and
50,000 validation images across 1,000 classes (Russakovsky et al., 2015). ImageNet-R
is used as the target domain (DT ), comprising 30,000 test images across 200 classes
(Hendrycks et al., 2021). Since ImageNet-R classes are a subset of the full ImageNet-
1K, with only 200 classes. Evaluation is therefore restricted to these C = 200 shared
classes. Target-domain evaluation was performed on the full ImageNet-R test split.
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Table 2: Overview of the datasets used in our experiments across natural images,
remote sensing, and histopathology. For each dataset, we report the number of
classes, the number of samples in the training, validation, and test splits, and as a
measure of class-distribution balance Shannon’s Equitability (Eq). It ranges from 0
to 1, with values closer to 1 indicating a more uniform distribution of samples across
classes.

Modality Dataset # Classes Train / Val / Test Eq

Natural Images

ImageNet 1000 1,281,167 / 50,000 / - 0.9998 / 1.00

ImageNetC 200 258,951 / 10,000 / - 0.9999 / 1.0000

ImageNet-R 200 - / - / 30,000 0.9797

Remote Sensing

EuroSAT 10 21,600 / 2,700 / - 0.9966 / 0.9966

EuroSATC 4 12,800 / 1,600 / - 0.9182 / 0.9182

UCMerced 21 - / - / 2,100 1.00

UCMercedC 4 - / - / 600 0.8962

Histopathology

MIDOG2022 2 12,270 / 3,006 / 3,299 0.9866 / 0.9882 / 0.9470

Camelyon17-WILDS 2 302,436 / 34,904 / 2,000 1.00 / 1.00 / 1.00

Epithelium-Stroma 2 8,337 / 5,920 / 1,376 0.9783 / 0.9992 / 0.9712

Figure 9: Examples of in-domain and out-of-domain images from the different
benchmarks. For EuroSAT and ImageNet-1K, the test sets are different datasets
(UCMerced/ImageNet-R). The pathology datasets use their respective OOD data.

Remote Sensing Benchmark

The second benchmark evaluates transfer from EuroSAT (DS) to UCMerced Land
Use (DT ). EuroSAT contains 27,000 images across 10 classes from Sentinel-2 satellite
imagery (Helber et al., 2019), while UCMerced Land Use contains 21 classes with
100 images per class, for a total of 21,000 images (Yang and Newsam, 2010). Because
the original label taxonomies only partially overlapping, evaluation is restricted to
a manually constructed four-class shared taxonomy,

C = {agricultural, forest, residential, river}, (23)
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with the class correspondences shown in Table 3. The table describes how the
original classes are aggregated into the shared taxonomy; classes without a cor-
respondence are excluded. Applying this mapping to EuroSAT produces the four-
class EuroSATC , comprising 12,800 training and 1,600 validation images. The same
mapping applied to UCMerced produces the four-class UCMercedC , comprising 600
images in total: 100 agricultural, 100 forest, 300 residential, and 100 river images.
Since UCMerced is used exclusively for target-domain evaluation in this benchmark,
the complete mapped subset is retained as a single target evaluation set and is not
further divided into training, validation, or test splits.

Table 3: Construction of the shared label space for the EuroSAT–UCMerced transfer
benchmark. The original class taxonomies are mapped to four semantically aligned
categories to enable cross-dataset evaluation, while classes without a correspondence
are excluded.

Shared class EuroSAT classes UCMerced classes

Agricultural AnnualCrop, PermanentCrop, Pasture agricultural

Forest Forest forest

Residential Residential denseresidential, mediumresidential, sparseresidential

River River river

Computational Pathology Benchmarks

The datasets used in this study are summarized in Table 4. Unlike the previ-
ous benchmark pairs, these datasets contain multiple acquisition domains, enabling
source and target partitions to be defined from their native structure.

Table 4: Overview of the computational pathology benchmarks, their domain ori-
gins, and experimental splits.

Dataset Domain Origin / Scanner Tissue Split Samples

Camelyon17

Centers 0–2 CWZ, RST, RUMC; 3DHistech Breast, H&E Source train 302,436

Center 3 UMCU; Hamamatsu Breast, H&E Source val. 34,904

Center 4 LPON; Philips Breast, H&E Target test 85,054 (2,000 eval.)

MIDOG2022

A, B, C, E Multiple scanners; see text Multiple tumors, H&E Source train 12,270

A, B, C, E Multiple scanners; see text Multiple tumors, H&E Source val. 3,006

D Hamamatsu NanoZoomer XR Neuroendocrine, H&E Target test 3,299

F Unlabeled challenge set – Excluded –

Epithelium–Stroma

NKI Netherlands Breast, H&E Source train 8,337

VGH Vancouver Breast, H&E Validation 5,920

IHC Finland Colorectal, IHC Target test 1,376
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Camelyon17-WILDS The Camelyon17-WILDS classification-challenge dataset
is made of breast cancer metastases in whole-slide images of histological lymph node
sections (Litjens et al., 2018; Bandi et al., 2018). Following the WILDS benchmark’s
hospital-based split, 96×96-pixel patches with binary tumor/normal labels are parti-
tioned across five medical centers in the Netherlands. The source domain comprises
302,436 training patches (Centers 0, 1, and 2) and 34,904 validation patches (Cen-
ter 3), while Center 4 serves as the official out-of-distribution target domain test
set (85,054 samples). The five centers are CWZ, RST, UMCU, RUMC, and LPON;
slides from CWZ, RST, and RUMC were scanned with a 3DHistech Pannoramic
Flash II 250, UMCU with a Hamamatsu NanoZoomer-XR C12000-01, and LPON
with a Philips Ultrafast Scanner (Litjens et al., 2018). To keep per-sample style
retrieval and style-transfer inference tractable across all STyle-TTA configurations,
a random balanced subset of 2,000 samples was drawn from the target domain for
evaluation.

MIDOG2022 The MIDOG dataset is an open-source challenge dataset (Aubre-
ville et al., 2024). Patches of 224× 224 pixels were extracted centered on annotated
mitotic and non-mitotic objects across various tumor types and digitization scan-
ners. Source-domain data are drawn from scanner groups A, B, C, and E (comprising
human breast carcinoma, canine lung carcinoma, canine cutaneous mast cell tumor,
and canine lymphoma scanned via Hamamatsu NanoZoomer XR, Hamamatsu S360,
Aperio ScanScope CS2, and 3DHistech Pannoramic Scan II at 0.23–0.25µm/px).
These are randomly split 80/20 into training (12,270 images) and validation (3,006
images). Scanner group D (human neuroendocrine tumor digitized on a Hamamatsu
NanoZoomer XR) is held out entirely as the target evaluation domain (3,299 test
images). Scanner group F is excluded from this experimental setup as it was the
unlabeled challenge dataset.

Epithelium-Stroma (EpiStr) The aggregated Epithelium-Stroma dataset, con-
sists of the publicly available NKI, VGH, (Beck et al., 2011) and IHC (Linder et al.,
2012) datasets. The NKI and VGH datasets comprise H&E stained breast cancer
tissue images, while the IHC dataset consists of IHC-stained colorectal cancer tissue
images. This dataset evaluates tissue compartment classification (binary stroma
vs. epithelium) across three cohort-level domains: NKI as source (8,337 training
images, Hematoxylin and Eosin [H&E]-stained breast cancer tissue), VGH as vali-
dation (5,920 images, H&E-stained breast cancer tissue), and IHC as target (1,376
test images, Immunohistochemistry [IHC]-stained colorectal cancer tissue). Note
that, unlike Camelyon17 and MIDOG, where source and target differ primarily in
acquisition hardware, the EpiStr target domain differs from its source in both stain
type and underlying tissue/cancer type, representing a substantially larger domain
gap than the other two pathology datasets.
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5.2 Evaluation Metrics

To evaluate the applicability of STyle-TTA under domain shift, we assess both pre-
dictive performance and the quality of the resulting confidence estimates. Since
TTA methods modify the inference process by generating and aggregating multiple
transformed views of each input sample, its effect is not limited to classification
accuracy. In addition to measuring whether predictions become more accurate, we
evaluate whether the confidence assigned to these predictions better reflects the ac-
tual likelihood of correctness. Therefore, the evaluation considers both classification
performance and probabilistic calibration.

Classification Performance For each test sample, we record whether the pre-
dicted class with the highest probability corresponds to the ground-truth label.
Top-1 accuracy is defined as:

Acc1 =
1

N

N∑
i=1

⊮(ŷi = yi), (24)

where ŷi denotes the predicted class for sample i, yi denotes the corresponding
ground-truth label, and N represents the total number of test samples.

Since domain shifts may affect individual classes unequally, standard accuracy can
obscure class-specific degradation. Therefore, balanced accuracy is additionally re-
ported. Unlike standard accuracy, which weights all samples equally regardless of
class membership, balanced accuracy computes the average recall across all classes
(Brodersen et al., 2010):

BAcc =
1

|C|
∑
c∈C

TPc

TPc + FNc

, (25)

where C denotes the set of classes, and TPc and FNc represent the true-positive
and false-negative counts for class c, respectively. Balanced accuracy is particularly
relevant under domain shift, where changes in the input distribution may dispro-
portionately affect specific classes.

Prediction Calibration In addition to classification performance, we evaluate
whether the confidence estimates produced by the classifier are reliable. A calibrated
classifier should assign confidence values that correspond to its empirical probability
of being correct. For example, among predictions made with a confidence of 80%,
approximately 80% should be correct.

We measure calibration using Expected Calibration Error (ECE) (Naeini et al.,
2015; Guo et al., 2017). Predictions are grouped into M confidence bins according
to their predicted probability. The ECE is computed as:
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ECE =
M∑

m=1

|Bm|
N
|acc(Bm)− conf(Bm)| , (26)

where Bm denotes the set of predictions assigned to confidence bin m, acc(Bm)
is the empirical accuracy of the bin, and conf(Bm) is the average predicted confi-
dence within that bin. Lower ECE values indicate better calibration, meaning that
the predicted confidence more accurately reflects the actual likelihood of a correct
prediction.

5.3 Classifiers

To evaluate the effect of STyle-TTA across diverse visual architectures, we consider
six image-classification backbones spanning three architectural families: convolu-
tional neural networks (CNNs; ResNet-18 and DenseNet-121), vision transformers
(ViTs; ViT-B/16 and Swin-B), and foundation-model backbones (DINOv2 ViT-
B/14 and CLIP ViT-B/16). The models differ not only in architectural design
and pre-training objective, but also in how their representations are adapted to the
downstream classification tasks.

Table 5 summarizes the evaluated models, their implementation frameworks, pre-
trained weights, backbone dimensionality, classification head, number of trainable
parameters, and adaptation strategy. For the ImageNet-1K → ImageNet-R bench-
mark, ResNet-18, DenseNet-121, ViT-B/16, and Swin-B are evaluated using their
ImageNet-1K-pretrained classification heads, without additional source-domain train-
ing. DINOv2 and CLIP, whose pre-training objectives do not directly provide
ImageNet-1K classification heads, are instead equipped with linear probes trained on
ImageNet-1K. For the remaining domain-transfer benchmarks, ResNet-18, DenseNet-
121, and ViT-B/16 are fully fine-tuned on the source domain, whereas Swin-B, DI-
NOv2, and CLIP use frozen backbones with linear probes trained on source-domain
data.

Table 5: Overview of evaluation classifiers.

Model Source Framework Pretrained weights Backbone params Feature dim. Classifier head Adaptation

ResNet-18 He et al. (2016) timm ImageNet-1K 11.7M 512 Linear Frozen / FT

DenseNet-121 Huang et al. (2017) timm ImageNet-1K 8.0M 1024 Linear Frozen / FT

ViT-B/16 Dosovitskiy et al. (2021) timm ImageNet-1K ∼86M 768 Linear Frozen / FT

Swin-B Liu et al. (2021) timm ImageNet-1K ∼88M 1024 Linear Frozen / LP

DINOv2 ViT-B/14 Oquab et al. (2023) torch.hub DINOv2 ∼86M 768 Linear probe LP

CLIP ViT-B/16 Radford et al. (2021) open clip OpenAI ∼86M 512 Linear probe LP

CNN and transformer classifiers were loaded via timm. CLIP was loaded via open clip

using the ViT-B-16 architecture with OpenAI pre-trained weights, while DINOv2
was loaded via torch.hub from the facebookresearch/dinov2 repository using the
dinov2 vitb14 model. Note that DINOv3, used exclusively for style-reference re-
trieval (Section 3.3), and DINOv2, evaluated separately as a classifier (Section 4.3),
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were selected independently for their respective roles and are therefore not inter-
changeable within the pipeline.

Linear Probe Implementation For DINOv2 and CLIP, the backbone is kept
entirely frozen (requires grad = False), and only a linear classification layer is
trained on top of the extracted image representations. The feature dimensionality
is determined dynamically from the backbone at initialization rather than being
hardcoded. For CLIP, image features are additionally L2-normalized before being
passed to the linear layer. The resulting logits are rescaled using CLIP’s pre-trained
logit-scale temperature, which is kept frozen. This preserves the cosine-similarity-
based feature geometry of the pre-trained CLIP representation while allowing the
linear probe to be trained for the downstream classification task.

5.3.1 Baseline (No-TTA) Classification Performance

Before evaluating STyle-TTA, each classifier was evaluated without test-time adap-
tation on both the source-domain validation split (DC

S) and the target-domain eval-
uation split (DC

T ). These results provide the reference point for the STyle-TTA and
geometric-TTA results reported in Section 5.3.

ImageNet-1K → ImageNet-R For the ImageNet-1K → ImageNet-R bench-
mark, ResNet-18, DenseNet-121, ViT-B/16, and Swin-B were evaluated using their
ImageNet-1K-pretrained classification heads without further source-domain adap-
tation. DINOv2 and CLIP were instead equipped with linear probes trained on
the full ImageNet-1K training set, corresponding to the full 1000-class label space
(CS = 1000).

For evaluation on ImageNet-R, the output logit space was restricted to the 200 tar-
get classes shared between ImageNet-1K and ImageNet-R. Specifically, the original
1000-dimensional logit vector was indexed using a predefined boolean class mask,
yielding ztarget ∈ R200 prior to the final prediction step, following the evaluation
setup of Hendrycks et al. (2021).

Table 6 reports top-1 accuracy on the source and target domains, as well as balanced
accuracy and the change in target-domain top-1 accuracy relative to the source-
domain performance. In this setting, DC

S corresponds to the ImageNet-1K validation
split, while DC

T corresponds to the ImageNet-R evaluation set restricted to the 200
shared classes.

The results show substantial degradation under the ImageNet-1K → ImageNet-R
shift for all evaluated classifiers. The CNNs exhibit the largest drops in top-1 accu-
racy, with decreases of 51.74 percentage points for ResNet-18 and 50.47 percentage
points for DenseNet-121. The transformer-based models show smaller, but still
substantial, degradation, with decreases of 45.87 and 37.03 percentage points for
ViT-B/16 and Swin-B, respectively. The two foundation-model backbones are the
most robust in this setting, with CLIP and DINOv2 showing drops of 28.37 and
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Table 6: Baseline (no-TTA) performance, ImageNet-1K (200 shared classes) →
ImageNet-R. Reporting Top-1 accuracy, as well as balanced accuracy. The output
logit vector z ∈ R1000 was sliced using a predefined class mask to yield ztarget ∈ R200

prior to Softmax, directly matching the 200 shared target classes.

Backbone DC
S Top-1 Acc. (%) DC

T Top-1 Acc. (%) DC
T Bal. Acc. (%) ∆ Top-1 Acc. (%)

ResNet-18 85.36 33.62 35.44 −51.74

DenseNet-121 89.07 38.60 40.60 −50.47

Swin-B 95.82 58.79 60.41 −37.03

ViT-B/16 92.58 46.71 47.89 −45.87

CLIP ViT-B/16 92.79 64.42 64.23 −28.37

DINOv2 ViT-B/14 95.64 67.47 69.04 −28.17

28.17 percentage points, respectively. DINOv2 achieves the highest target-domain
top-1 accuracy (67.47%), followed by CLIP (64.42%).

5.3.2 Remaining Benchmarks

To complement the ImageNet-1K evaluation, Table 7 summarizes baseline (no-TTA)
domain-transfer performance across four additional benchmark datasets: Satellite
(EuroSAT → UCMerced), Camelyon17-WILDS, MIDOG2022, and EpiStr.

For each benchmark, models are grouped into three architectural families: CNN
(DenseNet-121), ViT (Swin-B), and Foundation Model (DINOv2). Across these
experiments, the CNN and ViT models that are adapted through fine-tuning use
the source-domain training split, whereas Swin-B, DINOv2, and CLIP use frozen
backbones with linear probes where specified by the experimental setup. Fine-tuning
uses stochastic gradient descent (SGD) with momentum of 0.9, zero weight decay,
an initial learning rate of 3× 10−4, a batch size of 32, and a maximum of 20 epochs.
Linear probing uses the same SGD optimizer configuration with an initial learning
rate of 1× 10−2, a batch size of 32, and a maximum of 50 epochs. In both settings,
the learning rate is decayed using cosine annealing over the total number of epochs.
Training uses seed 42, with random horizontal flipping and random resized cropping
as the only training-time augmentations. Early stopping is based on validation loss.
Full fine-tuning and linear-probing hyperparameters are again listed in Appendix A.2
and A.1

EuroSAT case For the EuroSAT → UCMerced benchmark, the source and tar-
get datasets do not share the same label space. We therefore manually defined a
mapping from the EuroSAT classes to the four UCMerced target categories: agri-
cultural, forest, residential, and river. Source-model logits were first converted to
probabilities using Softmax. The probabilities of source classes corresponding to the
same target category were then summed, and the resulting four-class probabilities



5 EXPERIMENTS & RESULTS 35

were converted back to log-space using log(p+ ϵ). This projection produces predic-
tions in the target label space while preserving a logit representation for subsequent
evaluation.

Table 7: Baseline (no-TTA) performance across the four additional benchmark
datasets, comparing CNN (DenseNet-121), ViT (Swin-B), and Foundation Model
(DINOv2) architectures. We report top-1 accuracy, balanced accuracy, and the
change in top-1 accuracy between the source and target domains.

Dataset Backbone DC
S Top-1 Acc. (%) DC

T Top-1 Acc. (%) DC
T Bal. Acc. (%) ∆ Top-1 Acc. (%)

Satellite

CNN 78.40 32.67 33.83 −45.73

ViT 80.25 53.83 68.58 −26.42

FM 80.78 57.83 72.92 −22.95

Camelyon

CNN 82.75 67.95 67.66 −14.80

ViT 90.07 92.75 92.76 +2.68

FM 92.07 93.00 92.97 +0.93

MIDOG

CNN 57.32 40.47 48.98 −16.85

ViT 58.05 54.62 51.80 −3.43

FM 55.82 52.11 50.28 −3.71

EpiStr

CNN 92.35 59.45 50.12 −32.90

ViT 93.70 75.73 69.87 −17.97

FM 93.21 72.46 65.70 −20.75

The baseline results in Table 7 indicate that the magnitude of domain degradation
varies substantially across datasets and architectural families. CNNs exhibit the
largest target-domain degradation on three of the four benchmarks, while the trans-
former and foundation-model configurations generally retain higher target-domain
performance.

The nature of the domain shifts differs across the individual benchmarks:

� Satellite (EuroSAT → UCMerced): All three model families experience
a substantial reduction in top-1 accuracy when transferred from EuroSAT
to UCMerced. The degradation is largest for the CNN (−45.73 percentage
points), followed by the ViT (−26.42) and foundation model (−22.95). Bal-
anced accuracy is substantially higher than top-1 accuracy for the ViT and
FM configurations, reaching 68.58% and 72.92%, respectively.

� Camelyon17-WILDS: The CNN exhibits a 14.80 percentage-point decrease
in top-1 accuracy on the target domain. In contrast, both the ViT and
foundation-model configurations slightly improve their target-domain top-1
accuracy relative to the source domain, with changes of +2.68 and +0.93
percentage points, respectively. Their balanced accuracies closely track their
top-1 accuracies.
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� MIDOG2022: All three architectures experience a decrease in target-domain
top-1 accuracy. The CNN shows the largest drop (−16.85 percentage points),
while the ViT and FM configurations show smaller decreases of −3.43 and
−3.71 percentage points, respectively. Target-domain balanced accuracy is
close to 50% for all three configurations, ranging from 48.98% for the CNN to
51.80% for the ViT.

� EpiStr: Although all models achieve high source-domain top-1 accuracy
(above 92%), their target-domain performance is substantially lower. The
CNN suffers the largest degradation (−32.90 percentage points), followed by
the FM (−20.75) and ViT (−17.97) configurations. The corresponding target-
domain balanced accuracies are 50.12%, 69.87%, and 65.70%, respectively.

5.4 Comparison of TTA Strategies on ImageNet-R

In this section, we evaluate the two style-transfer operators in STyle-TTA against a
conventional geometric TTA baseline on the ImageNet-1K → ImageNet-R domain
shift. All classifiers remain frozen; only the inference-time augmentation strategy
varies. Evaluation is performed over the shared 200-class label space.

Experimental protocol. Geometric TTA views were generated online during
evaluation, following standard practice. Style-transferred views were pre-cached to
amortize inference cost. Geometric TTA conditions were averaged over three random
seeds (71397589, 133560673, 265017005); seed-to-seed variation was negligible (≤ 0.2
pp Top-1 accuracy). A single seed was used for style-based conditions due to their
substantially higher computational cost.

We evaluate augmentation budgets using a logarithmic progression of the number of
total views, with N ∈ {1, 2, 4, 8, 16, 32, 64}. This exponential progression provides
increasingly larger augmentation budgets at a fixed number of evaluation points, al-
lowing us to characterize performance scaling without exhaustively evaluating every
possible view count. For Geometric TTA, we generate up to 63 augmented images,
corresponding to 64 total views including the original image. Because STyle-TTA
is computationally expensive, it is capped at 15 augmented views, corresponding to
16 total views.

Table 8 reports the best-performing configuration for each strategy, selected accord-
ing to balanced accuracy: STyle-TTA at N = 16 and Geometric TTA at N = 64.
Results for the complementary AdaIN-based style operator are reported separately
in Appendix A.4.

The statistical analysis combines bootstrap confidence intervals with McNemar’s
test for the Top-1 predictions. The 95% confidence intervals reported in Table 8
are obtained by bootstrap resampling, while McNemar’s test is used to assess the
significance of paired Top-1 differences. All reported Top-1 improvements over the
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corresponding baseline or competing TTA condition that are identified as signifi-
cant satisfy p < 0.001. To visually inspect the fidelity of these transformations,
qualitative style-transferred examples for all five benchmark datasets are provided
in Appendix 10 (Figures 16 and 17).

Table 8: Evaluation of baseline ImageNet-R and TTA methods across CNN, Vision
Transformer, and Foundation Model backbones. Bold indicates the best perfor-
mance per metric. All Top-1 accuracy improvements were statistically significant
based on McNemar’s test (p < 0.001).

Backbone Baseline (%) Strategy Top-1 Acc. (%) Bal. Acc. (%) ∆ (95% CI)

ResNet-18 33.62
STyle-TTA 45.94 46.80 +12.32 [11.85, 12.79]

Geometric 37.53 ± 0.02 39.46 ± 0.02 +3.91 [3.55, 4.27]

DenseNet-121 38.60
STyle-TTA 49.24 50.32 +10.64 [10.19, 11.10]

Geometric 41.90 ± 0.07 44.07 ± 0.07 +3.30 [2.95, 3.65]

ViT-B/16 (224) 46.71
STyle-TTA 56.91 57.82 +10.20 [9.75, 10.66]

Geometric 51.44 ± 0.05 52.80 ± 0.04 +4.73 [4.37, 5.11]

Swin-B (224) 58.79
STyle-TTA 63.25 63.88 +4.46 [4.03, 4.89]

Geometric 60.93 ± 0.01 62.45 ± 0.01 +2.14 [1.80, 2.48]

CLIP ViT-B/16 64.42
STyle-TTA 62.99 62.78 −1.44 [-1.91, -0.97]

Geometric 66.15 ± 0.08 65.64 ± 0.06 +1.73 [1.35, 2.12]

DINOv2 ViT-B/14 67.47
STyle-TTA 66.18 67.23 −1.29 [-1.66, -0.90]

Geometric 69.03 ± 0.05 70.58 ± 0.07 +1.57 [1.28, 1.86]

Table 8 shows a clear dependence of the optimal TTA strategy on the backbone. For
the conventional CNN and supervised transformer models—ResNet-18, DenseNet-
121, ViT-B/16, and Swin-B—STyle-TTA achieves the highest Top-1 and balanced
accuracy. The corresponding Top-1 accuracies are 45.94%, 49.24%, 56.91%, and
63.25%, respectively, compared with baseline accuracies of 33.62%, 38.60%, 46.71%,
and 58.79%. This corresponds to absolute Top-1 improvements of 12.32, 10.64,
10.20, and 4.46 percentage points (pp), respectively.

STyle-TTA also consistently outperforms geometric TTA on these four backbones.
For example, on ResNet-18, STyle-TTA reaches 45.94% Top-1 accuracy compared
with 37.53% for geometric TTA. The advantage is similarly pronounced for DenseNet-
121 (49.24% vs. 41.90%) and ViT-B/16 (56.91% vs. 51.44%). For Swin-B, the dif-
ference is smaller but remains positive, with STyle-TTA achieving 63.25% Top-1
accuracy compared with 60.93% for geometric TTA.

The pattern reverses for the two foundation-model backbones. For CLIP ViT-B/16
and DINOv2 ViT-B/14, geometric TTA produces the strongest results, achieving
66.15% and 69.03% Top-1 accuracy and 65.64% and 70.58% balanced accuracy,
respectively. In comparison, STyle-TTA reduces performance relative to the no-TTA
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baseline for both models, reaching 62.99% Top-1 accuracy for CLIP and 66.18% for
DINOv2. Geometric TTA therefore provides the more reliable adaptation strategy
for these pretrained foundation models.

5.5 Additional Benchmarks

To evaluate the generalization of our method beyond the datasets considered previ-
ously, we extended our benchmarking to four additional datasets: Camelyon, EpiStr,
UCMerced, and MIDOG. We compare STyle-TTA against geometric TTA and the
corresponding baseline across three representative backbone families.

Based on our observation that StyleID-based STyle-TTA achieves most of its effect
within the first few stylized views, we reduced the number of generated stylized
images from 15 to 3 per test image. This setting was chosen in preparation for the
geometric hybrid approach described in Section 5.4 and is further supported by the
accuracy trends observed in the ablation study in Section 5.3.

For each dataset, we evaluate the baseline, geometric TTA (NViews = 64), and STyle-
TTA (NViews = 4). We report both Top-1 accuracy and balanced accuracy, together
with the absolute change in Top-1 accuracy relative to the baseline (∆) and its 95%
confidence interval. Classifiers were trained on the full training set of DC

S, while the
baseline comparison is performed on the corresponding target-domain evaluation
set.

As we observed architecture-specific behavior in our earlier experiments, we sim-
plify the presentation in this section by selecting one representative model from
each architectural group. For convolutional neural networks (CNNs), we report the
results of DenseNet; for vision transformers (ViTs), we use Swin-B (224); and for
foundation models (FMs), we use DINOv2. All other experimental settings remain
unchanged.

Table 9: Evaluation of baseline and TTA methods on Camelyon. Bold indicates
highest accuracy.

Backbone Baseline (%) Strategy Top-1 Acc. (%) Bal. Acc. (%) ∆ (95% CI)

CNN 67.95
STyle-TTA 80.40 80.40 +12.45 [10.65, 14.25]

Geometric 85.40 ± 0.20 85.40 ± 0.20 +17.45 [15.65, 19.20]

ViT 92.75
STyle-TTA 95.25 95.25 +2.50 [1.55, 3.55]

Geometric 92.65 ± 0.06 92.65 ± 0.06 −0.10 [-1.05, 0.85]1

FM 93.00
STyle-TTA 95.00 95.00 +2.00 [1.15, 2.85]

Geometric 93.85 ± 0.10 93.85 ± 0.10 +0.85 [0.00, 1.70]2

Note: Unless indicated by a footnote, all unannotated changes are statistically significant with
p < 0.001.
1 p = 0.916; 2 p = 0.068.
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Camelyon The results for Camelyon17 are shown in Table 9. STyle-TTA im-
proves performance across all three backbone families, with the largest gain ob-
served for the CNN, where Top-1 accuracy increases from the baseline of 67.95%
to 80.40%, corresponding to a gain of 12.45 percentage points. The improvement
is also consistent for the ViT and foundation model, with gains of 2.50 and 2.00
percentage points, respectively. Geometric TTA produces an even larger improve-
ment for the CNN, reaching 85.40% and exceeding STyle-TTA by 5.00 percentage
points. Meanwhile, its effect on the ViT is negligible, with performance remaining
essentially unchanged relative to the baseline. For the foundation model, geometric
TTA provides a smaller gain of 0.85 percentage points.

For both TTA strategies transfer effectively to Camelyon, particularly for the CNN
backbone. STyle-TTA provides the strongest result among the two methods for the
ViT and foundation model, whereas geometric TTA achieves the highest accuracy
for the CNN.

Table 10: Evaluation of baseline and TTAmethods on EpiStr. Bold indicates highest
accuracy.

Backbone Baseline (%) Strategy Top-1 Acc. (%) Bal. Acc. (%) ∆ (95% CI)

CNN 59.45
STyle-TTA 73.69 67.36 +14.24 [12.43, 16.06]

Geometric 78.92 ± 0.26 76.94 ± 0.27 +19.48 [17.37, 21.58]

ViT 75.73
STyle-TTA 75.15 70.41 −0.58 [-2.62, 1.45]1

Geometric 73.84 ± 0.44 67.48 ± 0.53 −1.89 [-3.27, -0.51]2

FM 72.46
STyle-TTA 72.60 66.45 +0.15 [-1.60, 1.82]3

Geometric 79.29 ± 0.32 74.35 ± 0.37 +6.83 [5.45, 8.21]

Note: Unless indicated by a footnote, all unannotated changes are statistically significant with
p < 0.001.
1 p = 0.624; 2 p = 0.010; 3 p = 0.932.

EpiStr The results for EpiStr are shown in Table 10. STyle-TTA substantially
improves CNN performance, increasing Top-1 accuracy from 59.45% to 73.69%.
Geometric TTA provides a further improvement, reaching 78.92% Top-1 accuracy.
For the ViT, neither method improves substantially over the baseline. STyle-TTA
results in a small decrease in Top-1 accuracy of 0.58 percentage points, while ge-
ometric TTA decreases it by 1.89 percentage points. For the foundation model,
STyle-TTA again has little effect (+0.15 pp), whereas geometric TTA produces a
clear improvement of 6.83 percentage points in Top-1 accuracy.

UCMerced Table 11 reports the results on UCMerced. In contrast to Camelyon
and EpiStr, the two TTA strategies exhibit substantially different behavior across
architectures. STyle-TTA strongly improves CNN performance, increasing Top-1 ac-
curacy by 14.67 percentage points relative to the baseline. Geometric TTA, however,
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Table 11: Evaluation of baseline and TTA methods on UCMerced. Bold indicates
highest accuracy.

Backbone Baseline (%) Strategy Top-1 Acc. (%) Bal. Acc. (%) ∆ (95% CI)

CNN 32.67
STyle-TTA 47.33 52.67 +14.67 [10.50, 18.83]

Geometric 22.50 ± 0.35 27.25 ± 0.29 −10.17 [-13.83, -6.50]

ViT 53.83
STyle-TTA 48.50 68.92 −5.33 [-8.50, -2.17]1

Geometric 55.50 ± 0.00 72.08 ± 0.10 +1.67 [-1.17, 4.67]2

FM 57.83
STyle-TTA 51.83 69.75 −6.00 [-9.17, -2.83]

Geometric 54.67 ± 0.51 72.17 ± 0.42 −3.17 [-5.83, -0.33]3

Note: Unless indicated by a footnote, all unannotated changes are statistically significant with
p < 0.001.
1 p = 0.002; 2 p = 0.320; 3 p = 0.034.

substantially degrades CNN performance, with Top-1 accuracy falling from 32.67%
to 22.50%. For the ViT and foundation model, STyle-TTA decreases Top-1 accuracy
relative to the baseline by 5.33 and 6.00 percentage points, respectively. Notably,
despite the drop in Top-1 accuracy for these two architectures, balanced accuracy re-
mains substantially higher than the raw Top-1 performance, reaching 68.92% for the
ViT and 69.75% for the foundation model, reflecting noticeable differences in class
distribution handling. Geometric TTA performs better than STyle-TTA in both
cases, achieving higher Top-1 and balanced accuracies for both ViT and foundation
model backbones.

Table 12: Evaluation of baseline and TTA on MIDOG. Bold indicates highest ac-
curacy.

Backbone Baseline (%) Strategy Top-1 Acc. (%) Bal. Acc. (%) ∆ (95% CI)

CNN 40.47
STyle-TTA 47.07 50.03 +6.61 [4.64, 8.64]

Geometric 36.71 ± 0.05 49.97 ± 0.07 −3.76 [-5.06, -2.46]

ViT 54.62
STyle-TTA 40.28 49.33 −14.34 [-16.34, -12.34]

Geometric 46.56 ± 0.14 50.31 ± 0.18 −8.06 [-9.70, -6.46]

FM 52.11
STyle-TTA 56.62 51.05 +4.52 [2.58, 6.49]

Geometric 50.05 ± 0.23 49.50 ± 0.26 −2.06 [-3.67, -0.48]1

Note: Unless indicated by a footnote, all unannotated changes are statistically significant with
p < 0.001.
1 p = 0.014.

MIDOG The MIDOG results are presented in Table 12. Overall, the changes
induced by TTA are more limited than those observed on Camelyon and EpiStr.
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STyle-TTA improves CNN performance from a baseline Top-1 accuracy of 40.47%
to 47.07%, corresponding to a gain of 6.61 percentage points. It also improves the
foundation model, with a gain of 4.52 percentage points. Style-based STyle-TTA
decreases ViT Top-1 accuracy by 14.34 percentage points. Geometric TTA produces
smaller changes for the CNN and foundation model, decreasing Top-1 accuracy by
3.76 and 2.06 percentage points, respectively. For the ViT, geometric TTA performs
better than STyle-TTA, although it still remains below the baseline.

5.6 Feature-Space Domain Gap

Prior to evaluating augmentation strategies, we quantify the feature-space discrep-
ancy between source and target domains. This characterization provides context for
the architectural comparison of the previous section.

5.6.1 Global Discrepancy

To quantify the feature-space discrepancy between source and target distributions,
we employ the 2-Wasserstein distance (W2). Unlike centroid-based measures, W2

accounts for both mean displacement and differences in distribution spread by com-
puting the minimum transportation cost between two distributions. We estimate
W2 between penultimate-layer feature distributions using a Gaussian approximation
(Fréchet distance), which provides a closed-form solution while capturing second-
order statistics. To isolate genuine domain shift from inherent sampling noise, we
report the net domain shift ∆W2, calculated by subtracting the in-distribution base-
line (source train→val) from the out-of-distribution distance (source train→target).

Table 13 shows that supervised CNNs and Vision Transformers exhibit net shifts
of 0.28–0.40, while Foundation Models show lower values (0.23–0.31) despite higher
baseline accuracy.

Table 13: Feature-space discrepancy on ImageNet-1K → ImageNet-R. Net shift
calculated as OOD distance minus in-domain baseline.

Family Backbone In-domain W2 OOD W2 Net Shift (∆W2) Top-1 Acc. (%)

CNN
ResNet-18 0.212± 0.038 0.493± 0.088 +0.281 35.44

DenseNet-121 0.303± 0.047 0.629± 0.099 +0.325 40.60

ViT
ViT-B/16 0.213± 0.050 0.604± 0.124 +0.391 47.89

Swin-B 0.204± 0.051 0.600± 0.121 +0.396 60.41

FM
CLIP ViT-B/16 0.150± 0.043 0.378± 0.051 +0.228 64.23

DINOv2 ViT-B/14 0.217± 0.056 0.528± 0.109 +0.310 69.04
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5.6.2 Per-Class Gap and Performance Correlations

To analyze where domain degradation concentrates, we compute per-class Wasser-
stein distances dc and correlate them with class-level baseline metrics across the 200
shared classes.

Table 14: Spearman rank correlations (ρ) between per-class domain gap and clas-
sification metrics. Baseline Gap: dvalc vs. baseline metrics. Stylized Gap: dk,valc

(after StyleID) vs. baseline metrics. ∆Gap vs. Gain: correlation between per-class
Wasserstein reduction and STyle-TTA improvement. Negative values indicate in-
verse relationships.

Family Backbone Gap vs Acc Gap vs Conf Gap vs Ent Stylized Gap vs Acc ∆Gap vs Gain

CNN
ResNet-18 −0.547 −0.453 +0.468 −0.547 −0.415

DenseNet-121 −0.699 −0.656 +0.670 −0.784 −0.605

ViT
ViT-B/16 −0.721 −0.643 +0.656 −0.811 −0.413

Swin-B −0.678 −0.622 +0.634 −0.746 −0.412

FM
CLIP ViT-B/16 −0.450 −0.448 +0.446 −0.597 −0.314

DINOv2 ViT-B/14 −0.600 −0.674 +0.702 −0.666 −0.302
Note: ∆Gap vs Gain reports the correlation against the ensembled STyle-TTA accuracy gain

(original image + stylized views averaged), not the style-only gain discussed separately in the

prose below. The two are computed from the same per-class Wasserstein reduction but correlated

against different performance deltas, and can differ noticeably for a given backbone (e.g. CLIP

ViT-B/16: −0.314 ensembled vs. −0.498 style-only).

Table 14 shows that per-class domain gap correlates negatively with baseline accu-
racy across all backbones (ρ = −0.450 to −0.721). After stylization, this correlation
strengthens for most backbones (e.g., DenseNet-121: −0.699→ −0.784; ViT-B/16:
−0.721→ −0.811). The reduction in per-class gap correlates negatively with STyle-
TTA gains (ρ = −0.302 to−0.605), indicating that larger gap reduction is associated
with larger accuracy improvements.

Feature-Space Stylization To verify that StyleID’s accuracy gains correspond to
actual feature-space alignment rather than ensemble averaging alone, we measured
the per-class Wasserstein distance (W2) between target features and the source dis-
tribution before and after stylization.

For texture-biased backbones, the raw domain gap is strongly predictive of where
STyle-TTA helps most: under W2, the per-class out-of-domain gap correlates neg-
atively with baseline accuracy for ResNet-18 (ρ = −0.547), DenseNet-121 (ρ =
−0.699), and ViT-B/16 (ρ = −0.721), indicating that classes suffering the largest
appearance-driven displacement are precisely those with the worst pre-augmentation
performance. Stylization effectively reduces this domain gap (∆W2 < 0), where a
larger reduction in feature distance strongly drives higher style-only STyle-TTA ac-
curacy gains (i.e. gains from the stylized view alone, prior to ensembling with the
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original image) across ResNet-18 (ρ = −0.441), DenseNet-121 (ρ = −0.644), and
ViT-B/16 (ρ = −0.435). This style-only correlation is distinct from, and in most
cases larger in magnitude than, the ensembled ∆Gap vs Gain figures reported in
Table 14.

For DINOv2, while the baseline out-of-domain gap also correlates negatively with
baseline accuracy (ρ = −0.600), stylization operates differently: feature distance
reduction correlates with style-only gains (ρ = −0.520, again the style-only rather
than ensembled metric), yet yields little net performance benefit. This confirms
that style transfer effectively benefits classifiers whose domain gap is dominated by
correctable appearance statistics, but provides minimal benefit when the backbone
feature space is already invariant to low-level style shifts.

5.7 Calibration and Confidence Quality

Beyond predictive accuracy, test-time augmentation may affect the quality of the
confidence estimates produced by the model. We therefore evaluate the calibration
and confidence-ranking behaviour of the different TTA strategies using Expected
Calibration Error (ECE) and the area under the receiver operating characteristic
curve (AUC). Lower ECE indicates better agreement between predicted confidence
and empirical accuracy, whereas higher AUC indicates better separation between
correct and incorrect predictions based on the confidence scores. The two metrics
therefore capture complementary aspects of confidence quality.

Table 15 reports the results on the ImageNet-1K → ImageNet-R benchmark at
the ensemble sizes selected in the preceding experiments. For each backbone, the
TTA strategy is evaluated at its respective best-performing view count: N = 16 for
STyle-TTA and N = 64 for Geometric TTA.
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Table 15: Calibration and confidence-ranking performance of test-time augmenta-
tion strategies on ImageNet-1K → ImageNet-R. Each strategy is evaluated at its
best-performing view count (STyle-TTA: N = 16, Geometric: N = 64). Lower
ECE indicates better calibration, while higher AUC indicates better confidence-
based ranking. Bold marks the best result per backbone and metric.

Backbone Strategy ECE ↓ AUC ↑

ResNet-18
STyle-TTA 0.05 0.94

Geometric 0.04 0.92

DenseNet-121
STyle-TTA 0.09 0.95

Geometric 0.08 0.93

ViT-B/16 (224)
STyle-TTA 0.13 0.97

Geometric 0.11 0.95

Swin-B (224)
STyle-TTA 0.13 0.98

Geometric 0.19 0.97

CLIP ViT-B/16
STyle-TTA 0.07 0.98

Geometric 0.13 0.99

DINOv2 ViT-B/14
STyle-TTA 0.05 0.98

Geometric 0.09 0.98

The results reveal a clear distinction between predictive performance and confidence
quality. Geometric TTA achieves the lowest ECE for ResNet-18, DenseNet-121,
and ViT-B/16, with ECE values of 0.04, 0.08, and 0.11, respectively. For the three
remaining backbones, STyle-TTA provides the lowest ECE, achieving values of 0.13
for Swin-B, 0.07 for CLIP ViT-B/16, and 0.05 for DINOv2 ViT-B/14. Thus, neither
style-based nor geometric augmentation consistently produces the best-calibrated
predictions across backbone architectures.

The AUC results show a somewhat different pattern. STyle-TTA achieves the high-
est AUC for ResNet-18, DenseNet-121, ViT-B/16, and Swin-B, with values ranging
from 0.94 to 0.98. For CLIP ViT-B/16, Geometric TTA obtains the highest AUC of
0.99, while STyle-TTA and Geometric TTA are tied at 0.98 for DINOv2. This indi-
cates that STyle-TTA can provide better separation between correct and incorrect
predictions even in cases where Geometric TTA produces slightly better-calibrated
confidence values.
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The difference between the two metrics is particularly apparent for ResNet-18 and
ViT-B/16. For ResNet-18, Geometric TTA has the lowest ECE (0.04), whereas
STyle-TTA achieves the highest AUC (0.94). Similarly, for ViT-B/16, Geometric
TTA improves ECE from 0.13 with STyle-TTA to 0.11, while STyle-TTA achieves
a higher AUC of 0.97 compared with 0.95 for Geometric TTA. Consequently, the
strategy that produces confidence values that are best calibrated is not necessarily
the strategy that ranks correct predictions most effectively.

To provide a visual assessment of calibration, Figure 10 shows reliability diagrams
for the evaluated TTA strategies. Each diagram compares predicted confidence
with empirical accuracy across confidence bins. The diagonal represents perfect
calibration, where predicted confidence matches observed accuracy. The reliability
diagrams provide a visual comparison of the confidence estimates for DenseNet-121
and DINOv2. For DenseNet-121, the STyle-TTA and Geometric TTA curves exhibit
different calibration behaviour across confidence bins. For DINOv2, the relative
position of the two curves differs from that observed for DenseNet-121. These visual
differences complement the ECE values reported in Table 15.

(a) DenseNet-121 (b) DINOv2 ViT-B/14

Figure 10: Reliability diagram for DenseNet-121 and DINOv2 comparing Geometric
TTA (N = 64) and Style-TTA (N = 16). Accuracy per confidence bin is computed
across 15 bins using pooled predictions across seeds, alongside the aggregated Ex-
pected Calibration Error (ECE).

5.8 Ablation Studies

The following experiments isolate the contribution of three pipeline components:
(i) style-reference retrieval, (ii) number of generated views, and (iii) prediction ag-
gregation. Each ablation changes one factor of the implementation pipeline while
holding all others fixed. This is done in an effort to observe the effect degree the
pipeline variables have on the success of the method. To ensure evaluations remain
invariant to potential class imbalances in out-of-domain test data, we prioritize bal-
anced accuracy as our primary classification performance metric.
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5.8.1 Style Reference Retrieval Strategy

To analyse the effect of the style-reference images has on performance we compare
three retrieval-strategies for selecting source-domain style references:

1. Random retrieval: Uniform random sampling from the source style pool.

2. Balanced random retrieval: Random sampling constrained to maintain an
approximately balanced class distribution in the retrieved reference images.

3. DINO-based retrieval: Nearest-neighbour selection using L2-normalized
DINOv3 embeddings (Sec. 4.2).

We created two additional stylized test view sets based on random and balanced
random retrieved reference images. To limit computational cost, AdaIN was eval-
uated with 31 generated stylized views for random and balanced random(32 total
with the original image). For this experiment we use AdaIN as the style operator,
as we create 31 images per test-image of ImageNet-R (2,880,000 additional images).
All other parameters were held constant: probability averaging for aggregation, and
the same source-domain pool.

Results. DINO-based retrieval achieves the highest balanced accuracy for every
backbone (Table 16). Gains over random retrieval range from ∼5 pp (DINOv2)
to ∼9 pp (ResNet-18); balanced-random retrieval performs almost identically to
unbalanced random retrieval, indicating that class balancing alone does not explain
the improvement. How the retrieval method influences true-label dominance can be
found in the Appendix A.3. These results demonstrate that retrieving semantically
compatible references is critical: arbitrary style transfer hurts performance, whereas
semantic-neighbour style transfer helps.

Calibration follows the opposite trend: DINO-based retrieval produces the high-
est ECE for all six backbones. For example, ResNet-18 improves from 30.10% to
39.37% balanced accuracy when switching from random to DINO retrieval, but ECE
increases from 0.249 to 0.312. The accuracy gains motivate DINO-based retrieval as
the default strategy, but the calibration cost should be kept in mind when deploying
in safety-critical settings.

Looking at Figure 11 as an example where conceptually less relevant style images
cause a breakdown in feature structure of the content image while also moving the
test image further away from its label space. Given that DINO-based retrieval is
beneficial, we next ask how many stylized views are needed to realise these gains.
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Table 16: Evaluation of source style reference retrieval strategies for STyle-TTA.
Performance on ImageNet-R across six ImageNet-1K classifiers comparing Random,
Class-Balanced Random, and DINO-based nearest-neighbourretrieval (Nviews = 64,
AdaIN operator). ∆ Acc reports the absolute change relative to the unadapted
baseline with 95% bootstrap confidence intervals. Bold values indicate optimal per-
formance per backbone.

Backbone Retrieval Balanced Acc. (%) ↑ ∆ Acc. (95% CI) ECE ↓

ResNet-18

Random 30.10 -5.33 [-5.84, -4.82] 0.249

Balanced 29.30 -6.14 [-6.66, -5.64] 0.251

DINO 39.37 +3.93 [+3.44, +4.41] 0.312

DenseNet-121

Random 34.11 -6.48 [-7.01, -5.96] 0.235

Balanced 32.98 -7.62 [-8.15, -7.08] 0.242

DINO 42.48 +1.88 [+1.38, +2.38] 0.290

ViT-B/16

Random 47.03 -0.85 [-1.37, -0.31] 0.164

Balanced 47.06 -0.83 [-1.36, -0.28] 0.161

DINO 52.45 +4.57 [+4.06, +5.07] 0.213

Swin-B

Random 53.60 -6.81 [-7.33, -6.27] 0.165

Balanced 52.93 -7.48 [-7.99, -6.95] 0.171

DINO 59.25 -1.16 [-1.63, -0.67] 0.193

CLIP ViT-B/16

Random 54.03 -10.20 [-10.77, -9.64] 0.157

Balanced 53.77 -10.47 [-11.05, -9.90] 0.158

DINO 60.47 -3.77 [-4.31, -3.23] 0.174

DINOv2 ViT-B/14

Random 60.59 -8.44 [-8.95, -7.93] 0.186

Balanced 60.59 -8.45 [-8.95, -7.96] 0.186

DINO 65.32 -3.72 [-4.18, -3.24] 0.195

Figure 11: Stylized outcomes for different retrieval methods. The left image uses a
style reference retrieved by DINOv3, whereas the right image is a randomly selected
reference. Style source is ImageNet-1K while content source is ImageNet-R
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5.8.2 Number of Generated Views

To understand how the number of stylized views affects STyle-TTA performance, we
first examine the informativeness of the individual generated views before evaluat-
ing them cumulatively as an ensemble. This distinction is important because adding
more views can only be beneficial if the additional views provide useful and suffi-
ciently complementary predictions. We therefore first evaluate each stylized view
independently, followed by an analysis of the ensemble performance as progressively
more views are aggregated.

Standalone performance of stylized views. Each stylized view is first treated
as an independent prediction, without information from the other views. This pro-
vides a baseline for assessing whether individual stylized transformations remain
informative despite potentially introducing substantial visual changes.

Figure 12 shows the Top-1 accuracy obtained when each stylized view is evaluated
independently on ImageNet. Across all three backbones, the first stylized view
achieves the highest accuracy among the generated views, after which performance
generally remains within a relatively narrow range. For DenseNet-121, accuracy
decreases from 41.41% for the first view to 39.61% for the fifteenth view. A similar
pattern is observed for Swin-B, with accuracy decreasing from 54.42% to 52.12%,
while DINOv2 decreases from 59.90% to 57.62%.

Figure 12: Top-1 accuracy of individual stylized views of ImageNet-R evaluated
independently of the ensemble.
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The relatively small degradation across view rank suggests that the generated views
remain individually informative throughout the sequence. However, individual-view
accuracy alone does not determine whether additional views improve test-time pre-
diction. To assess this, we next vary the number of stylized views aggregated at
inference time.

Ensemble performance as the number of views increases. We vary the
number of stylized views aggregated at inference time, N ∈ 2, 4, 8, 16, 32, 64. Each
condition contains the original target image together with N − 1 generated stylized
views, and predictions are mean-averaged across all views. Due to the computational
budget, AdaIN is evaluated for all view counts, while StyleID is evaluated up to
N = 16. For visualization, we use our architectural representatives: DenseNet for
CNNs, Swin for ViTs, and DINOv2 for foundation models. The complete results
for each backbone are reported in Appendix A.5.

Figure 13: Effect of the number of created style-augmented STyle-TTA views (N)
on TTA performance across representative classifier architectures against standard
geometric TTA. Results are shown for DenseNet (CNN), Swin (ViT), and Swin
(FM). The black cross denotes the corresponding baseline performance without style
augmentation (N = 1). StyleID-based STyle-TTA is evaluated up to N = 16 the
other up to N = 64.

Results. Figure 13 reveals substantially different effects of increasing the view
count across architectures and style operators. StyleID-based STyle-TTA outper-
forms AdaIN and geometric TTA for both CNN and ViT, achieving higher accuracy
with a comparatively small view budget.

For the CNN, StyleID already outperforms AdaIN with a single additional styl-
ized view (N = 2), achieving 46.31% compared with 41.60%, a gain of 4.71 per-
centage points. It also exceeds geometric TTA by 4.62 percentage points (46.31%
vs. 41.69%). For the ViT, AdaIN does not benefit from increasing the number of
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views and ultimately falls below the baseline by 1.10 percentage points at N = 64
(59.31% vs. 60.41%). In contrast, StyleID exceeds the performance of geometric
TTA using only eight views, achieving 63.56% compared with 62.45% for geometric
TTA at N = 64.

The behavior differs for the foundation model. Here, geometric TTA is the only
method that consistently benefits from increasing the number of views. With one
additional stylized view (N = 2), both style operators perform close to the 69.04%
baseline, with all methods remaining within 0.14 percentage points of the baseline.
As more stylized views are aggregated, however, STyle-TTA performance deterio-
rates. AdaIN drops by 4.02 percentage points at N = 64, while StyleID drops by
1.81 percentage points at N = 16.

Standard geometric TTA exhibits relatively consistent behavior across the three
architectures, with additional views generally providing steady improvements. In
contrast, the benefit of stylized views is strongly architecture-dependent. The opti-
mal number of views therefore varies considerably, ranging from very few views for
the foundation model to substantially larger ensembles for the CNN and ViT.

5.8.3 Prediction Aggregation Strategy

Finally, we evaluate the prediction aggregation strategy, i.e., how the predictions
from the generated views are combined into a final output. This is particularly rel-
evant for style-based TTA because the generated views are not necessarily equally
informative for the classifier. Although the style transformations are intended to
preserve the semantic content of the original instance, individual stylized views may
vary in how well they preserve features that are useful for classification. Conse-
quently, averaging all views implicitly assumes that each generated view provides
equally reliable evidence for the final prediction. We compare three aggregation
modes: vanilla mean probability averaging, and two confidence-based aggregation
strategies based on ZERO and TPT.

TPT. The TPT condition adapts the confidence-selection component of Test-Time
Prompt Tuning (Shu et al., 2022) to conventional classifiers. No prompt or model
parameters are optimized at test time. Instead, the predictive entropy of each view
is calculated as

H(pi) = −
∑
c

pi,c log(pi,c), (27)

where pi denotes the softmax probability distribution for view i. The views are
ranked by entropy, with lower entropy corresponding to higher predictive confidence.
For a total of N views, the lowest-entropy

k = max(1, ⌊Nγ⌋) (28)

views are retained, where γ = 0.1(Top − 10%) denotes the filtering fraction. The
softmax probability distributions of the retained views are then averaged at the
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classifier’s native temperature. Thus, the TPT condition performs entropy-based
view selection followed by soft aggregation.

ZERO. ZERO applies the same entropy-based view selection but differs in the
subsequent aggregation step (Farina et al., 2024). After retaining the k lowest-
entropy views, their logits are converted into an effectively zero-temperature softmax
distribution. In the limit of zero temperature, this assigns the probability mass to
the highest-logit class of each view, thereby converting each retained prediction into
a hard class vote. The votes are summed across the selected views and normalized
to obtain the final prediction distribution. Consequently, ZERO can be expressed
as a majority-vote aggregation over the classes predicted by the selected, highest-
confidence views. Both confidence-based methods therefore use the same entropy
criterion to select views but differ in how the selected predictions are aggregated:
TPT retains their probability information through soft averaging, whereas ZERO
reduces them to class-level votes.

This comparison addresses a complementary question to the preceding experiments
on view generation and selection. The earlier experiments determine which stylized
views should be generated, whereas this experiment asks whether all generated views
should contribute equally to the final prediction. All three aggregation modes use
the same generated views and are evaluated under identical conditions, with StyleID
and Nrefs = 16. Consequently, differences between the conditions can be attributed
to the aggregation strategy rather than to differences in the generated view ensemble.

Table 17: Comparison aggregation modes (vanilla, zero, tpt) for StyleID (Nrefs =
16) on ImageNet-R.

Classifier Method Bal Acc (%) ↑ AUC ↑ ECE ↓

CNN

Vanilla 50.32 0.9478 0.0934

Zero 50.29 0.7980 0.2658

TPT 50.55 0.9215 0.2817

ViT

Vanilla 63.88 0.9768 0.1338

Zero 63.47 0.8601 0.1770

TPT 62.68 0.9465 0.2360

FM

Vanilla 67.23 0.9836 0.0546

Zero 68.59 0.8793 0.1895

TPT 69.57 0.9734 0.1991
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Results. The balanced accuracy results differ across the three classifier categories
(Table 17). For the CNN, TPT achieves the highest balanced accuracy at 50.55%,
compared with 50.32% for vanilla averaging and 50.29% for ZERO. For the ViT,
vanilla averaging achieves the highest value at 63.88%, followed by ZERO at 63.47%
and TPT at 62.68%. For the Foundation Model, TPT achieves the highest balanced
accuracy at 69.57%, followed by ZERO at 68.59% and vanilla averaging at 67.23%.
The AUC results show a different ordering. Vanilla averaging achieves the highest
AUC for all three classifier categories, with values of 0.9478 for the CNN, 0.9768 for
the ViT, and 0.9836 for the Foundation Model. TPT obtains AUC values of 0.9215,
0.9465, and 0.9734, respectively, while ZERO obtains 0.7980, 0.8601, and 0.8793.
The same ordering is observed for ECE. Vanilla averaging produces the lowest ECE
for all three classifier categories, with values of 0.0934 for the CNN, 0.1338 for the
ViT, and 0.0546 for the Foundation Model. ZERO produces ECE values of 0.2658,
0.1770, and 0.1895, while TPT produces 0.2817, 0.2360, and 0.1991, respectively. In
summary, TPT obtains the highest balanced accuracy for two of the three classifier
categories, while vanilla averaging obtains the highest AUC and lowest ECE for
all three categories. ZERO does not achieve the highest value for any of the three
reported metrics across the classifier categories.

Oracle Analysis. The ensemble accuracy and corresponding oracle upper bound
were evaluated for increasing numbers of stylized views in Table 18. Increasing the
view count creates a pronounced divergence between actual ensemble performance
and the theoretical oracle ceiling. For DenseNet-121, while standard aggregation
yields steady gains from 44.63% (N = 2) to 49.00% (N = 16), the oracle accuracy
surges from 49.29% to 66.81%. This expands the performance gap nearly fourfold
(from 4.66 pp to 17.82 pp), indicating that while individual generated views fre-
quently contain the correct visual signals, näıve probability averaging increasingly
fails to isolate them as view counts scale.A similar trend emerges for Swin-B and
DINOv2. Swin-B achieves an ensemble accuracy of 62.69% at 16 views against an
oracle ceiling of 78.39% (a 15.70 pp gap), whereas DINOv2 reaches 65.38% ensemble
accuracy compared to a 79.27% oracle bound (a 13.90 pp gap). Notably, DINOv2
exhibits the smallest relative gap at lower view counts (3.81 pp at N = 2), under-
scoring the higher baseline reliability of its individual view representations. These
growing gaps demonstrate that the primary bottleneck in scaling stylized TTA is
not a lack of informative views, but rather the limitation of standard aggregation
mechanisms in retrieving correct predictions from noisy ensemble sets.

Prediction Agreement and Diversity.

Prediction Agreement and Diversity. To evaluate how stylized augmenta-
tions influence ensemble behavior, we analyze prediction consistency across the 15
generated views alongside pairwise distributional diversity (Table 19). Model repre-
sentations exhibit a clear gradient in stability moving from convolutional to vision
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Table 18: Ensemble accuracy and oracle upper bound for increasing numbers of
stylized views.

Backbone Views Ensemble Top-1 (%) Oracle Top-1 (%) Gap (pp)

DenseNet-121

Top-2 44.63 49.29 4.66

Top-4 46.76 55.95 9.19

Top-8 48.30 62.12 13.82

Top-16 49.00 66.81 17.82

Swin-B

Top-2 57.78 62.29 4.51

Top-4 60.35 69.19 8.84

Top-8 61.90 74.43 12.52

Top-16 62.69 78.39 15.70

DINOv2

Top-2 62.80 66.62 3.81

Top-4 64.30 71.81 7.50

Top-8 65.10 76.00 10.90

Top-16 65.38 79.27 13.90
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transformer and foundation architectures. DenseNet-121 displays the lowest con-
sensus, reaching full 15-view agreement on only 17.11% of test instances, while ex-
hibiting high distributional dispersion (symmetric KL divergence of 1.0123). Swin-B
exhibits moderate stability with a 26.66% agreement rate and a KL divergence of
0.9267. Conversely, DINOv2 yields the highest prediction stability, maintaining
complete consensus across all views for 35.73% of samples and recording the lowest
KL divergence (0.7874) and cosine similarity (0.2342).

Table 19: Prediction agreement and pairwise diversity across 15 stylized views.

Backbone Full Agreement (%) Avg. Sym. KL Avg. Cosine

DenseNet-121 17.11 1.0123 0.3631

Swin-B 26.66 0.9267 0.3182

DINOv2 35.73 0.7874 0.2342

To determine whether instance-level view diversity drives accuracy improvements,
we evaluate the correlation between these diversity metrics and performance gains
(Table 20). Across all backbones, both Pearson and Spearman correlation coeffi-
cients remain negligible, ranging between −0.094 and +0.070. This near-zero cor-
relation demonstrates that prediction diversity alone is not a reliable predictor of
test-time augmentation success; generating highly diverse views provides no guar-
antee of improved accuracy unless those views preserve semantically meaningful
features.

Table 20: Correlation between prediction diversity measures and accuracy gain.

Measure Backbone Pearson Spearman

Symmetric KL

DenseNet-121 +0.064 +0.070

Swin-B +0.031 +0.040

DINOv2 -0.055 -0.062

Cosine Similarity

DenseNet-121 -0.006 -0.003

Swin-B -0.003 +0.005

DINOv2 -0.094 -0.089

Ablation Summary In summary, the ablation studies reveal three practical prin-
ciples for style-based test-time augmentation. First, semantically guided style re-
trieval (via DINO embeddings) is essential for accuracy gains, whereas non-semantic
sampling introduces uninformative noise. Second, the optimal number of generated
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views depends strongly on the backbone: CNN and ViT continuously benefit from
larger view counts (N = 16–64), whereas Foundation Models reach peak perfor-
mance with minimal view counts (N = 2) and are hurt by additional style-transfered
views. Third, while confidence-based aggregation strategies like TPT and ZERO can
yield marginal accuracy gains on Foundation Models, vanilla probability averaging
remains the most reliable default due to its consistently superior calibration and
AUC metrics across all architectures. However, the widening gap to the oracle
bound indicates that developing selective aggregation methods capable of isolating
correct predictions remains a critical open challenge.

5.9 Computational Cost

While overall accuracy gains are positive, the matter of computational cost must be
explicitly addressed. For real-world test scenarios, execution latency and memory
overhead are as critical as predictive performance. We evaluate the three transfor-
mation operators—standard geometric, AdaIN, and StyleID—on ImageNet-R using
a ResNet-18 backbone at 224× 224 resolution. Latency and peak VRAM consump-
tion were measured over 97 samples evaluated on a single NVIDIA RTX A5000 GPU.
Style transfer was performed using the random-retrieval configuration; feature-based
retrieval adds negligible overhead (< 1ms) given a pre-cached style pool.

Table 21 lists the resulting per-view latencies and memory footprints. Style trans-
fer remains the main computational bottleneck: a single StyleID view generation
requires ∼964.20ms, whereas AdaIN requires ∼42.49ms and standard geometric
augmentation takes only ∼0.11ms. Evaluation latency is low across all methods
(∼0.31–0.49ms per view) owing to the lightweight classifier architecture.

Table 21: Per-view latency breakdown and peak memory consumption (ResNet-18,
224×224, NVIDIA RTX A5000). Reporting Augmentation Latency and Evaluation
Latency per view, summarized in Total Per-View Latency, as well as peak VRAM
Usage at inference.

Method Aug. [ms/view] Eval. [ms/view] Total [ms/view] Peak VRAM [MB]

Geometric TTA 0.11 0.31 0.42 82.5

STyle-TTA (AdaIN) 42.49 0.49 42.97 295.3

STyle-TTA (StyleID) 964.20 0.38 964.58 2594.5

Extrapolating these figures to a full test-time ensemble of N = 32 views per sample,
pure StyleID TTA requires approximately 30.9 s per sample, whereas pure AdaIN
TTA takes 1.38 s, and pure geometric TTA completes in just 13.4ms. Peak VRAM
is heavily dictated by the generative backbone: ∼2.6GB for StyleID-based pipelines
versus < 0.3GB for AdaIN or geometric setups. This sharp trade-off between ex-
pressive style transfer and runtime efficiency motivates hybrid configurations that
selectively combine geometric and style-based transformations within a single test-
time ensemble.
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5.10 Hybrid Approach

The preceding experiments characterize the main design choices of the proposed
STyle-TTA pipeline. The view-generation experiments show that style-based trans-
formations can provide useful variation beyond the original input, while the view-
count analysis indicates that the benefit of additional stylized views depends on the
classifier architecture. The aggregation experiment further shows that the manner
in which these views are combined constitutes a separate design choice, with vanilla
probability averaging providing a strong general-purpose baseline. These findings
also highlight that stylized views and conventional geometric views address different
sources of variation. The two types of transformations are therefore not mutually
exclusive: they can generate complementary views of the same test instance. A
second consideration is computational cost. As shown in the preceding analysis,
style transfer is substantially more expensive than conventional geometric augmen-
tation. Generating a large ensemble exclusively through style transfer therefore
incurs a considerable inference-time cost, whereas geometric views can be generated
at negligible additional cost.

This motivates the final question of the experimental study: rather than choosing
between geometric and style-based augmentation, can their respective sources of
variation be combined within a single test-time ensemble? The following exper-
iment therefore evaluates hybrid configurations that combine a limited number of
computationally expensive stylized views with computationally inexpensive geomet-
ric transformations. Two strategies are compared in this section as illustrated in
Figure 14. Hybrid S1 applies all geometric views to the original image only, yield-
ing an ensemble of {x, TGeo(x), TST(x, si)}. This configuration tests whether the
contribution of style-based views can be combined with a conventional geometric
TTA ensemble without increasing the number of style-transfer operations. Hybrid
S2 distributes the geometric budget across both the original and each stylized view,
yielding {x, TGeo(x), TST(x, si), Tgeo(Tstyle(x, si))}. This configuration tests whether
spatial variation can be introduced independently across the different stylistic real-
izations of the input. In this sense, S2 explores a larger transformation space than
S1 by combining appearance variation with spatial variation within each stylized
branch.

All evaluations use the same pipeline as before: DINOv2-based retrieval, StyleID as
the style operator, and mean probability aggregation. The geometric baseline is a
standard TTA pipeline with random resized crops and horizontal flips. As the goal
is to limit the number of needed stylized views, we only use the first three stylised
images per test sample for all benchmarks including ImageNet.

Multi-dataset overview. Table 22 reports balanced accuracy for the baseline
classifier, pure geometric TTA, pure STyle-TTA, Hybrid S1, and Hybrid S2 across
five domain-shift datasets and three backbone architectures. The geometric and
hybrid configurations use N = 64 views, while STyle-TTA is evaluated at N = 16.
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Figure 14: Construction of the View Ensemble under Hybrid Strategies S1 and S2
(NViews = 8). The T (·) either a geometric transformation or a style-based one.

On MIDOG, none of the hybrid configurations improves upon the geometric baseline.
Hybrid S2 remains close to the geometric baseline for DenseNet-121 (−0.15 pp),
but underperforms it for Swin-B (−5.30 pp) and DINOv2 (−7.79 pp). STyle-TTA
achieves the highest balanced accuracy for DenseNet-121 and DINOv2, while Hybrid
S1 performs best among the hybrid configurations for Swin-B.

On UCMerced, Hybrid S2 achieves a substantial improvement over geometric TTA
for DenseNet-121 (+24.17 pp), approaching the performance of STyle-TTA. For
Swin-B and DINOv2, however, Hybrid S2 remains below geometric TTA by −8.00
pp and −6.33 pp, respectively. Hybrid S1 performs similarly to geometric TTA for
Swin-B and DINOv2, but does not exceed the geometric baseline.

On Camelyon17-WILDS, Hybrid S2 achieves the highest balanced accuracy for
DenseNet-121 and DINOv2, with gains over geometric TTA of +7.15 pp and +1.45
pp, respectively. For Swin-B, STyle-TTA achieves the highest performance, while
Hybrid S2 still improves upon the geometric baseline by +2.00 pp.

On EpiStr, Hybrid S2 provides the strongest performance for DenseNet-121, im-
proving upon geometric TTA by +6.54 pp. For Swin-B, Hybrid S2 provides only a
marginal improvement of +0.51 pp, while for DINOv2 it remains below geometric
TTA by −0.87 pp. STyle-TTA performs competitively for Swin-B but does not
exceed the geometric baseline for DINOv2.

On ImageNet, Hybrid S2 improves upon geometric TTA for DenseNet-121 (+7.31
pp) and Swin-B (+2.13 pp), while remaining below geometric TTA for DINOv2
(−1.41 pp). Hybrid S1 achieves the highest performance for DINOv2, with a
marginal gain of +0.15 pp over geometric TTA. STyle-TTA achieves the highest
balanced accuracy for DenseNet-121 and Swin-B, but remains below the geometric
baseline for DINOv2.
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Overall, the results indicate that hybrid augmentation is most beneficial for DenseNet-
121, particularly on UCMerced, Camelyon17-WILDS, EpiStr, and ImageNet. Hy-
brid S2 generally provides the strongest hybrid configuration, although its effective-
ness depends on the backbone and dataset. For DINOv2, geometric TTA or Hybrid
S1 is generally preferable to Hybrid S2, suggesting that distributing geometric trans-
formations across stylized views is not universally beneficial.

Table 22: Evaluation of baseline ImageNet-R and TTA methods across CNN, Vision
Transformer, and Foundation Model backbones. Ensemble size per method was
N = 64 for STyle-TTA it’s N = 16. Bold indicates the best performance per
metric.

Dataset Backbone Baseline Geo-TTA STyle-TTA Hybrid S1 Hybrid S2 ∆ S2 vs Geo

MIDOG

CNN 40.47 36.71 47.07 36.71 36.56 -0.15

ViT 54.62 46.56 40.28 47.07 41.25 -5.30

FM 52.11 50.05 56.62 49.20 42.26 -7.79

UCMerced

CNN 32.67 22.50 47.33 23.67 46.67 +24.17

ViT 53.83 55.50 48.50 55.00 47.50 -8.00

FM 57.83 54.67 51.83 54.17 48.33 -6.33

Camelyon

CNN 67.95 85.40 80.40 85.75 92.55 +7.15

ViT 92.75 92.65 95.25 93.15 94.65 +2.00

FM 93.00 93.85 95.00 93.85 95.30 +1.45

EpiStr

CNN 59.45 78.92 73.69 79.51 85.47 +6.54

ViT 75.73 73.84 75.15 74.56 74.35 +0.51

FM 72.46 79.29 72.60 79.58 78.42 -0.87

ImageNet

CNN 38.60 41.90 49.24 42.75 49.21 +7.31

ViT 58.79 60.93 63.25 61.89 63.06 +2.13

FM 67.47 69.03 66.18 69.18 67.63 -1.41

Effects of Ensemble Size. The preceding view-count analysis showed that the
effect of increasing the number of views is backbone-dependent, with some architec-
tures benefiting from additional observations while others degrade as more stylized
views are introduced. We therefore examine whether the same behaviour occurs for
the hybrid strategy, and whether the allocation of stylized views within the ensemble
affects this dependence.

We fix the number of stylized images to three and vary the total ensemble size
N ∈ {8, 16, 32, 64} and compare the Hybrid S1 and Hybrid S2. We use representa-
tives again with DenseNet being CNN, Swin for ViT and DINO as FM. Figure 15
illustrates the top-1 accuracy on ImageNet-R, together with the change relative to
the corresponding ImageNet baseline. This evaluation isolates the effect of ensemble
size and geometric-view allocation while keeping the style-transfer budget fixed.
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Figure 15: Top-1 accuracy (%) on ImageNet-R across varying ensemble sizes N ∈
{8, 16, 32, 64} using a fixed budget of three stylized views. The x marks the baseline
accuracy relative to ImageNet.

Results. The two hybrid configurations exhibit markedly different scaling be-
haviour across the evaluated backbones.

DenseNet-121 exhibits a similar pattern. Hybrid S1 declines from 47.63% at N = 8
to 42.75% at N = 64, whereas Hybrid S2 remains stable, increasing from 48.42% to
49.21% over the same range. Hybrid S2 outperforms Hybrid S1 at every ensemble
size and approaches the performance of STyle-TTA.

Swin-B shows a different pattern. Hybrid S1 achieves its highest balanced accuracy
at N = 8 (64.51%), after which performance declines to 61.89% at N = 64. Hybrid
S2 remains relatively stable, ranging from 62.85% at N = 8 to 63.06% at N = 64.
Although Hybrid S1 performs best at the smallest ensemble size, Hybrid S2 provides
more stable scaling as the ensemble grows.

DINOv2 exhibits a similar preference for Hybrid S1. Hybrid S1 achieves its highest
balanced accuracy atN = 16 (69.70%), while remaining above geometric TTA across
all ensemble sizes. Its performance then gradually declines to 69.18% at N = 64.
Hybrid S2 remains close to the baseline and does not improve over geometric TTA,
ranging from 67.66% at N = 8 to 67.63% at N = 64. Calibration information can
be found in the Appendix A.6 This is consistent with the earlier view-count results,
where DINOv2 showed limited tolerance for additional style-conditioned variation.
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6 Discussion

Central Empirical Finding The central empirical finding of this thesis is that
style-based test-time augmentation (STyle-TTA) substantially improves classifica-
tion performance under domain shift in several key settings, frequently outper-
forming conventional geometric test-time augmentation. On the ImageNet-1K →
ImageNet-R benchmark, this effect is strongest for conventional convolutional ar-
chitectures and supervised Vision Transformers, where STyle-TTA yields gains of
4–12 percentage points in Top-1 accuracy over the unaugmented baseline and clear
advantages over geometric TTA.

However, cross-benchmark analysis reveals that the relative superiority of style-
based versus geometric TTA is conditional rather than absolute across all model fam-
ilies. On ImageNet-R, Foundation Models (CLIP ViT-B/16 and DINOv2 ViT-B/14)
consistently respond better to geometric TTA than to style-based views. Yet, on spe-
cialized domain-shift benchmarks (EuroSAT, Camelyon17, MIDOG2022, EpiStr),
model architectures interact directly with dataset characteristics: Geometric TTA
outperforms STyle-TTA on CNNs for histology benchmarks like Camelyon17 and
EpiStr, whereas STyle-TTA yields top performance for Foundation Models on Came-
lyon17 and MIDOG2022. Rather than a universal rule governed strictly by backbone
family, the effectiveness of TTA strategies reflects a combined dependency on model
representation and target domain properties.

Texture Bias and Appearance Invariance A potential explanation for the
observed differences in the effectiveness of style-based test-time augmentation can
be found in the differing interpretations of feature reliance in ImageNet-trained
neural networks. Geirhos et al. Geirhos et al. (2022) demonstrated that conventional
ImageNet-trained convolutional neural networks tend to rely more heavily on texture
than shape when making classification decisions. In contrast, Burgert et al. Burgert
et al. (2026) challenge the interpretation of this behaviour as an inherent texture
bias and argue that the visual cues exploited by CNNs may be more accurately
understood in terms of local shape features. These differing perspectives provide a
useful framework for interpreting the architecture-dependent response to STyle-TTA
observed in this thesis.

The results on ImageNet-1K→ ImageNet-R are consistent with the hypothesis that
appearance-related information plays an important role in the predictions of conven-
tional supervised models. STyle-TTA improved Top-1 accuracy by 12.32 percentage
points for ResNet-18 and 10.64 percentage points for DenseNet-121, substantially ex-
ceeding the gains achieved by geometric TTA (+3.91 pp and +3.30 pp, respectively).
A similar pattern was observed for the supervised ViT-B/16, where STyle-TTA im-
proved Top-1 accuracy by 10.20 percentage points compared with 4.73 percentage
points for geometric augmentation. These findings suggest that modifying image ap-
pearance at inference time can mitigate some of the errors introduced by the domain
shift. In the context of Geirhos et al. (2022), this behaviour is compatible with the
interpretation that supervised ImageNet-trained models rely on appearance-related
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features that may become less reliable when the visual characteristics of the target
domain differ from those encountered during training.

The effectiveness of STyle-TTA can therefore be interpreted as evidence that appearance-
based augmentation addresses a relevant component of the domain shift for these
backbones. By introducing stylized views that alter the visual appearance of the
input while preserving its semantic content, STyle-TTA provides the classifier with
multiple observations of the same object under different appearance conditions. The
resulting improvements suggest that these additional observations can support more
robust predictions when the original image contains appearance characteristics that
are less compatible with the learned representation. This interpretation is particu-
larly relevant for the CNN backbones, which showed the largest improvements from
style-based augmentation across the evaluated benchmarks.

However, the findings of Burgert et al. (2026) suggest that the effectiveness of style-
based augmentation should not be equated directly with the presence of a fixed
texture bias. Their work questions whether the conventional texture-versus-shape
interpretation fully captures the visual features used by ImageNet-trained CNNs.
From this perspective, the improvements observed with STyle-TTA may reflect a
broader sensitivity to local appearance statistics rather than a specific reliance on
texture as defined by the cue-conflict paradigm. The distinction is relevant because
style transfer can modify several properties of an image simultaneously, includ-
ing texture, colour, contrast, and other appearance-related characteristics. Conse-
quently, the present results indicate that appearance-based transformations can be
beneficial for certain models, but do not establish which individual visual cues are
responsible for the observed improvements.

Architecture and Pretraining Objective The contrasting behaviour of the
foundation-model backbones provides further insight into the relationship between
learned representations and the effectiveness of style-based augmentation. While
STyle-TTA substantially improved performance for the supervised CNNs and both
Swin-B and ViT-B/16 on ImageNet, it reduced accuracy relative to the baseline for
both CLIP ViT-B/16 (−1.44 pp) and DINOv2 ViT-B/14 (−1.29 pp) on ImageNet-R.
CLIP and DINOv2 achieved higher unaugmented baseline accuracies than the con-
ventional supervised backbones, yet did not benefit from additional stylized views on
ImageNet-R. This suggests that the usefulness of appearance-based TTA is not de-
termined by model capacity or baseline performance alone. Instead, the learned rep-
resentations and the type of visual information they exploit may influence whether
stylized views provide useful complementary information or introduce additional
variability.

The comparison between the supervised vision transformers and the foundation-
model backbones is particularly informative in this regard. Although all four models
use transformer-based architectures, their response to STyle-TTA differs substan-
tially. Both supervised ViT-B/16 and hierarchical Swin-B benefited from style-based
augmentation, whereas CLIP and DINOv2 experienced performance degradation.
This pattern suggests that architectural category alone is insufficient to explain
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the effectiveness of STyle-TTA. Differences in pretraining objectives and the result-
ing representations may contribute to the observed behaviour, with the foundation
models potentially being less dependent on the specific appearance characteristics
modified by STyle-TTA. The results therefore support a distinction between the
architecture of a model and the feature reliance established through its training
procedure.

The view-scaling experiments provide additional support for this interpretation.
Conventional supervised backbones generally benefited from increasing the number
of stylized views, whereas CLIP and DINOv2 achieved their highest performance
at a small number of views and subsequently declined as more stylized images were
introduced. This suggests that the additional views do not provide the same ben-
efit across all backbones. For the supervised models, further style-conditioned ob-
servations may offer complementary information under the domain shift. For the
foundation models, the same transformations may instead introduce variability that
is not useful for the learned representation. The observed scaling behaviour thus
indicates that the effectiveness of style-based TTA depends not only on the presence
of a domain shift, but also on how the model responds to the specific appearance
changes introduced by the augmentation. Taken together, the findings support a
more nuanced interpretation of the relationship between texture bias and appearance
invariance. The strong improvements observed for conventional supervised models
are consistent with the motivation of Geirhos et al., in that modifying appearance-
related information can improve robustness under domain shift. At the same time,
the perspective of Burgert et al. highlights that such improvements do not necessar-
ily demonstrate a specific texture bias, as the underlying features may involve local
shape or other appearance-related information. The results of this thesis there-
fore suggest that the practical usefulness of style-based TTA is closely related to
the visual representations learned by the backbone, rather than being a universal
consequence of model architecture alone.

Semantic Matching Matters The retrieval-strategy ablation (Section 5.8.1)
provides independent evidence that STyle-TTA’s mechanism is genuinely about se-
mantic style matching rather than style transfer in general. Feature-based (DINO)
retrieval outperformed both random and balanced-random retrieval by 5–10 per-
centage points across every backbone tested, with balanced-random retrieval per-
forming no better than uninformed random retrieval. This rules out the possibility
that STyle-TTA’s gains are attributable simply to exposing the classifier to some
stylized variation of each image. The specific choice of style reference matters, and
choosing one that is semantically close to the target image in embedding space does
real work.

Aggregation Strategies: The Accuracy–Calibration Trade-off The aggre-
gation strategy ablation (Section 5.8.3) revealed a systematic trade-off between
raw accuracy and probabilistic calibration. Simple probability averaging (vanilla)
achieved the lowest Expected Calibration Error for every backbone category; ECE
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was up to 3.7× lower than ZERO or TPT (ranging from 1.3× to 3.7× across ar-
chitectures), while confidence-based schemes traded substantially worse calibration
for accuracy gains that were themselves backbone-dependent: meaningful for Foun-
dation Models (up to +2.3 percentage points under TPT), negligible for CNNs
(+0.23 points), and absent for the supervised ViT (where TPT reduced accuracy
by 1.2 points). This trade-off is further compounded by the observation that all
forms of TTA evaluated in this thesis tend to increase ECE relative to the unaug-
mented baseline, including geometric TTA, which is often treated as a “safe” default.
This suggests that STyle-TTA’s practical value depends not only on architecture
but on how much a given deployment scenario weighs raw accuracy against cal-
ibrated confidence. This distinction matters in the medical-imaging benchmarks
(Camelyon17-WILDS, MIDOG2022, EpiStr), where a confidently wrong prediction
typically carries a different cost than an uncertain one, and where the well-calibrated
vanilla-aggregation configuration may be the more defensible default even when a
confidence-filtered alternative achieves marginally higher raw accuracy.

Generalization Across Benchmarks The results across the additional bench-
marks demonstrate that the optimal TTA strategy depends heavily on the specific
nature of the domain shift.

On satellite imagery (EuroSAT → UCMerced), where visual appearance and spec-
tral properties vary significantly while spatial orientations contain domain-specific
spatial semantics, STyle-TTA delivers large gains for CNNs (+14.67 pp Top-1) while
Geometric TTA induces severe performance drops (−10.17 pp Top-1). Furthermore,
on this dataset, STyle-TTA preserves balanced accuracy far better than raw Top-1
accuracy for ViT and FM models (reaching 68.92% and 69.75% balanced accuracy,
respectively).

On microscopic histology imagery (Camelyon17-WILDS and EpiStr), both TTA
modalities yield consistent improvements over baseline across CNN backbones. How-
ever, spatial perturbations prove more effective than style shifts for CNNs, with Ge-
ometric TTA outperforming STyle-TTA on EpiStr (78.92% vs. 73.69% Top-1) and
Camelyon17 (85.40% vs. 80.40% Top-1). Interestingly, on these histology tasks,
Vision Transformers and Foundation Models benefit more from STyle-TTA (e.g.,
95.00% STyle-TTA vs. 93.85% Geometric TTA for FMs on Camelyon17), suggest-
ing that higher-capacity backbones leverage stylized views more effectively when
primary spatial features are already robustly encoded.

Finally, on MIDOG2022, overall performance remains constrained across all settings
(with balanced accuracy remaining close to 50%), reflecting either task saturation
or domain shifts that lie beyond the scope of simple spatial or style augmentations.

Hybrid Geometric–Style Configuration The hybrid experiments further sug-
gest that geometric and style-based augmentations address different aspects of ro-
bustness and should not be viewed as interchangeable alternatives. Geometric trans-
formations primarily modify the spatial presentation of an object or scene, whereas
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style transformations modify its appearance while aiming to preserve its semantic
content. Combining the two therefore creates views that vary along both spatial
and appearance dimensions. This can be beneficial when the target domain differs
from the source domain in multiple ways, since the model is exposed to a broader
set of plausible input configurations. The hybrid configuration is consequently best
understood as a form of complementary augmentation rather than simply a larger
collection of views.

However, the effect of combining the two augmentation families depends on the
model and benchmark. For models that benefit from both geometric and style-based
views, the hybrid strategy can provide a more comprehensive robustness mechanism
by addressing both spatial and appearance-related discrepancies. For models that
already exhibit strong invariance to one of these factors, the additional views may
provide limited benefit or may even introduce unnecessary prediction variability.
This interpretation is consistent with the observed differences between conventional
convolutional models, supervised vision transformers, and foundation models. In
particular, the stronger response of convolutional models to style augmentation sug-
gests that adding style views can be useful when appearance sensitivity remains a
major source of error, while the more consistent geometric gains of foundation mod-
els indicate that spatial transformations may be the safer default for representations
that are already relatively insensitive to style.

The hybrid results therefore motivate a model- and domain-dependent selection
strategy. Rather than assuming that combining all available augmentations will al-
ways improve performance, test-time augmentation should be designed around the
expected structure of the domain shift. Geometric views are most directly moti-
vated when changes in viewpoint, scale, or spatial arrangement are expected, while
style views are most useful when the source and target domains differ in illumina-
tion, color, texture, or acquisition conditions. A hybrid strategy is most compelling
when both types of discrepancy are present and when the model can benefit from
the resulting diversity without losing prediction consistency. In this sense, the ex-
periments support the broader conclusion that effective test-time augmentation is
not determined solely by the number of views, but by the semantic relevance of the
transformations used to construct them.
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7 Limitations

7.1 Statistical Rigor and Computational Constraints

All style-based augmentation conditions in this thesis were evaluated using a single
random seed, whereas geometric TTA was averaged over three seeds. While geo-
metric TTA’s seed-to-seed variation was negligible (≤0.2 percentage points in Top-1
accuracy), this provides no guarantee that style-based conditions exhibit similarly
low variance. Specifically, because StyleID relies on stochastic DDIM sampling, the
initial noise maps sampled during view generation introduce an additional source of
variance alongside style-reference selection. The rankings and effect sizes reported
for StyleID and AdaIN should therefore be interpreted as indicative rather than
statistically definitive. A priority for any follow-up study is to quantify this com-
bined generation variance directly, even if only on a representative subset of one
benchmark.

A related constraint is the substantial computational cost of diffusion-based style
transfer. StyleID was capped at N = 16 in the main ablations and N ≤ 4 in
the additional benchmarks, while AdaIN and geometric TTA were evaluated up
to N = 64. For CNN and supervised-ViT backbones, accuracy had not clearly
saturated at the maximum view counts tested for the cheaper methods, suggesting
that StyleID’s performance ceiling may be systematically underestimated for exactly
the architectures it benefits most. The comparisons presented here are therefore
conservative with respect to StyleID’s potential advantage.

7.2 Scope of Empirical and Mechanistic Claims

The mechanistic account offered in Chapter 6 — that STyle-TTA’s utility is gov-
erned by backbone texture bias—draws on established literature about supervised
CNNs and foundation-model pretraining objectives (Geirhos et al., 2022), rather
than on dedicated probing experiments conducted within this thesis. No indepen-
dent texture-sensitivity diagnostic (e.g., cue-conflict datasets, controlled texture–
shape manipulation) was used to validate this hypothesis for the specific classifiers
and benchmarks evaluated here. The explanation is therefore plausible and consis-
tent with the observed behavioural patterns, but it remains an indirect inference.

Similarly, the MIDOG2022 benchmark represents a genuine negative result that
this thesis cannot fully diagnose. Balanced accuracy remained near chance for every
backbone and condition, suggesting that the source-trained classifiers may never
have acquired a scanner-invariant discriminative signal for this task.

Finally, STyle-TTA is inherently limited by its input-based formulation. It can
only reweight and recombine predictions that the frozen classifier is already capable
of making: it offers no mechanism to recover discriminative signal that the source
classifier failed to learn during training. This was evident on MIDOG2022, but
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it applies to any deployment scenario where the source model’s representation is
fundamentally inadequate for the target task.

8 Future Work

Scaling STyle-TTA to higher view counts. Given that CNN and supervised-
ViT accuracies had not plateaued at N = 64 for cheaper augmentation strategies, an
important empirical question is whether STyle-TTA continues to improve for these
backbones at N = 32 or N = 64. If so, the performance gap between style-based
and geometric TTA may be substantially larger than reported here. This, however,
depends on either access to greater computational resources or the development of
faster style-transfer operators.

Lightweight style-transfer operators. StyleID’s computational cost is a prac-
tical barrier to deployment. Future work could investigate whether more efficient
diffusion-based stylization methods—such as distilled few-step diffusion models or
latent-consistency models—preserve the same corrective benefits at a fraction of the
inference cost. Alternatively, flow-based generative models might provide a fruitful
alternative by replacing iterative denoising with a direct path from noise to samples.

Direct texture-bias probing. Rather than inferring texture sensitivity from ac-
curacy patterns, future work could directly measure it for each backbone using con-
trolled stimuli (e.g., the cue-conflict dataset of Geirhos et al. (2022) or systematic
texture–shape swaps). This would transform the architectural split observed here
from an empirical correlation into a predictive diagnostic: one could test a new back-
bone before deploying STyle-TTA, and predict whether it will respond positively to
style-based augmentation.

Adaptive and learned aggregation. This thesis employed a fixed number of re-
trieved references and a fixed aggregation strategy for all samples. Future work could
explore per-instance adaptive view counts: generating additional stylized views only
when the original prediction confidence is low, or when the retrieved references
span a diverse range of feature-space neighborhoods. Similarly, learned aggregation
weights, trained on source-domain data, could improve both accuracy and calibra-
tion beyond uniform averaging.

Source-free and reduced-source variants. STyle-TTA assumes access to a
source-domain pool instances at test time. A valuable extension would be to relax
this requirement by replacing the retrieval step with a compact, precomputed style
bank (e.g., per-class mean style statistics or a small set of learned style anchors)
that captures source-domain appearance without storing the full training set. This
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would broaden applicability to deployment scenarios with strict storage or privacy
constraints.
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9 Conclusion

This thesis evaluated the effectiveness of style-based test-time augmentation (STyle-
TTA) under domain shift, comparing style-transfer operators against conventional
geometric TTA across diverse model architectures and benchmarks. The central
finding is that modifying image appearance at inference time can yield substantial
performance gains over unaugmented baselines and standard geometric transfor-
mations. However, the degree to which style-based TTA succeeds is not a simple
function of model capacity or view budget; rather, it is governed by a conditional
interaction between learned backbone representations and the specific structure of
the target domain shift.

On the primary ImageNet-1K→ ImageNet-R benchmark and appearance-dominated
tasks such as EuroSAT, STyle-TTA demonstrated its clearest advantages for conven-
tional supervised models. For convolutional networks and supervised Vision Trans-
formers, style-based transformations mitigated severe performance drops caused by
shifts in texture, color, and illumination. These results align with the perspective
that standard supervised training leaves models sensitive to local appearance statis-
tics. By presenting the classifier with semantically preserved yet stylized variants
of target images, STyle-TTA provides complementary visual observations that help
regularize predictions under domain shift.

Crucially, the empirical results across the extended benchmark suite reveal that
style-based TTA is not a universal replacement for geometric transformations. The
optimal augmentation strategy is strongly domain-dependent:

� Appearance-Dominant Shifts: On datasets like EuroSAT, where spectral
properties and background appearances change drastically while spatial orien-
tations carry semantic meaning, STyle-TTA delivers massive gains for CNNs
(+14.67 pp), whereas geometric TTA incurs severe degradation (−10.17 pp).

� Spatial and Morphological Shifts: On microscopic histology datasets
(Camelyon17, EpiStr), geometric TTA outperforms STyle-TTA on CNN back-
bones. In these settings, spatial perturbations (rotations, flips) preserve cel-
lular morphology more effectively than synthetic style operations, producing
the strongest overall performance.

� Foundation Model Behavior: While foundation models (CLIP ViT-B/16,
DINOv2 ViT-B/14) favor geometric TTA on ImageNet-R, they effectively
leverage STyle-TTA on specialized medical domains like Camelyon17 and MI-
DOG2022. This demonstrates that pretraining objectives alter how represen-
tations ingest stylized views rather than rendering foundation models inher-
ently immune or averse to style transformations.

Ablation analyses further clarify the operational boundaries of STyle-TTA. First,
semantic matching matters: feature-based retrieval consistently outperforms ran-
dom style selection, confirming that STyle-TTA relies on semantically meaningful
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style transfer rather than arbitrary visual noise. Second, view-scaling behavior di-
verges across architectures; conventional supervised models benefit monotonically
from larger view budgets (N = 16 or N = 64), whereas foundation models peak
early (N = 2) on natural image shifts, after which additional stylized views intro-
duce unhelpful variance. Third, aggregation strategies reveal a fundamental trade-off
between raw classification accuracy and probabilistic calibration. While confidence-
weighted aggregation schemes can maximize raw accuracy for specific backbones,
simple probability averaging (vanilla aggregation) consistently preserves superior
calibration, making it the more defensible default in safety-critical applications like
medical diagnosis.

In summary, test-time augmentation should not be treated as a static, model-
agnostic post-processing step. Effective TTA requires aligning the augmentation
modality with both the feature reliance of the classifier and the geometric or appearance-
based nature of the domain shift. Where spatial orientation is paramount or founda-
tion models face natural images, geometric TTA remains a reliable default. However,
when domain discrepancy is driven by appearance variations or when convolutional
models must generalize to novel visual environments—STyle-TTA offers a powerful,
parameter-free mechanism to enhance model robustness at inference time.



10 APPENDIX 70

10 Appendix

Table A.1: Detailed architectural specifications of the evaluated classifiers.

Model Parameters (M) Feature Dim. (d) Input Resolution Patch / Window Size

ResNet-18 11.7M 512 224× 224 N/A

DenseNet-121 8.0M 1024 224× 224 N/A

ViT-B/16 86.6M 768 224× 224 16× 16

Swin-B 88.0M 1024 224× 224 4× 4 (window 7)

DINOv2 ViT-B/14 86.6M 768 224× 224 14× 14

CLIP ViT-B/16 86.2M 512 224× 224 16× 16

Table A.2: Hyperparameter settings for fine-tuning and linear probing.

Setting Fine-tuning Linear probing

Optimizer SGD SGD

Momentum 0.9 0.9

Weight decay 0 0

Initial LR 3× 10−4 1× 10−2

Batch size 32 32

Maximum epochs 20 50

LR schedule Cosine annealing Cosine annealing

Early stopping Validation loss Validation loss

Seed 42 42

Augmentation Random crop + horizontal flip Random crop + horizontal flip
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Table A.3: Classifier performance metrics across different view counts for DINO and
Balanced Random retrieval methods.

Retrieval Method Views True-Class Presence (%) Unique Classes True-Class Dominance (%)

DINO

1 45.29 1.00 45.29

3 57.17 2.07 43.63

7 65.24 3.81 42.24

15 71.75 6.67 41.03

31 77.70 11.35 39.75

63 82.70 18.58 38.28

Balanced Random

1 0.60 1.00 0.60

3 1.73 3.00 0.58

7 4.05 7.00 0.58

15 8.07 15.00 0.54

31 15.81 31.00 0.51

63 31.32 63.00 0.50

Table A.4: Performance of the AdaIN test-time augmentation strategy (N = 64)
against the no-TTA baseline on ImageNet-1K → ImageNet-R. Reported are bal-
anced accuracy, absolute change from baseline with 95% CI, and significance (paired
bootstrap test).

Backbone Baseline (%) TTA (% ↑) ∆ (95% CI) p

ResNet-18 35.44% 39.46% +4.02% [+3.53%, +4.52%] <0.001

DenseNet-121 40.60% 42.34% +1.75% [+1.24%, +2.26%] <0.001

ViT-B/16 (224) 47.89% 52.95% +5.06% [+4.55%, +5.58%] <0.001

Swin-B (224) 60.41% 59.31% -1.10% [-1.59%, -0.60%] 0.342

CLIP ViT-B/16 64.23% 59.93% -4.31% [-4.85%, -3.76%] <0.001

DINOv2 ViT-B/14 69.04% 65.02% -4.02% [-4.49%, -3.55%] <0.001
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(a) ImageNet-R

(b) Satellite (EuroSAT → UCMerced)

(c) Camelyon17-WILDS

Figure 16: Qualitative style transfer examples across datasets (Part 1).
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(a) MIDOG

(b) EpiStr

Figure 17: Qualitative style transfer examples across datasets (Part 2).
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Table A.5: Impact of augmented view count (N) on TTA performance
across backbones. Evaluation of balanced accuracy (%) on ImageNet-R across
varying numbers of generated views (N ∈ {2, 4, 8, 16, 32, 64}) for AdaIN, StyleID,
and Geometric TTA. The unadapted baseline (N = 1) corresponds to single-
image inference. ∆(Nmin → Nmax) indicates the absolute percentage point change
from the minimal evaluated view count (N = 2) to the maximum (N = 64 for
AdaIN/Geometric; N = 16 for StyleID). Bold text denotes the peak balanced accu-
racy for each backbone.

Bal. Acc (%↑) (Nrefs)

Classifier Strategy Baseline N = 2 N = 4 N = 8 N = 16 N = 32 N = 64 ∆(Nmin → Nmax)

ResNet-18

AdaIN

35.44

37.09 38.27 37.97 39.01 39.37 39.46 +2.37

StyleID 41.91 44.93 46.28 46.80 – – +4.89

Geometric 37.16 38.01 39.11 39.26 39.38 39.46 +2.30

DenseNet-121

AdaIN

40.60

41.60 42.15 40.96 42.09 42.48 42.34 +0.74

StyleID 46.31 48.68 49.84 50.32 – – +4.01

Geometric 41.69 42.86 43.38 43.67 43.74 44.07 +2.37

ViT-B/16 (224)

AdaIN

47.89

49.55 50.50 50.45 51.84 52.45 52.95 +3.40

StyleID 52.95 55.40 56.75 57.82 – – +4.87

Geometric 49.57 51.07 52.00 52.43 52.66 52.80 +3.23

Swin-B (224)

AdaIN

60.41

59.07 58.89 58.51 59.28 59.25 59.31 +0.24

StyleID 61.94 62.97 63.56 63.88 – – +1.94

Geometric 60.96 61.33 62.23 62.47 62.45 62.45 +1.49

CLIP ViT-B/16

AdaIN

64.23

64.91 64.86 61.69 60.84 60.47 59.93 -4.99

StyleID 65.27 64.35 63.52 62.78 – – -2.49

Geometric 64.65 65.17 65.44 65.71 65.72 65.64 +0.99

DINOv2 ViT-B/14

AdaIN

69.04

69.10 68.66 66.78 65.76 65.32 65.02 -4.08

StyleID 69.18 68.50 67.73 67.23 – – -1.94

Geometric 69.00 69.52 70.25 70.41 70.44 70.58 +1.57
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Table A.6: Calibration (ECE & AUC) of Hybrid approach of STyle-TTA against
(Baseline→ TTA), ImageNet→ ImageNet-R. Ensemble size for all methods N = 64
except regular STyle-TTA N = 16

Geo-TTA (N = 64) StyleID (N = 16) Hybrid S1 (N = 64) Hybrid S2 (N = 64)

Dataset Backbone ECE ↓ AUC ↑ ECE ↓ AUC ↑ ECE ↓ AUC ↑ ECE ↓ AUC ↑

MIDOG

CNN 0.23 0.48 0.15 0.52 0.23 0.47 0.25 0.48

Vision Transformer 0.17 0.51 0.23 0.49 0.17 0.51 0.22 0.50

Foundation Model 0.14 0.49 0.11 0.52 0.14 0.49 0.22 0.49

UCMerced

CNN 0.37 0.67 0.04 0.83 0.35 0.70 0.08 0.81

Vision Transformer 0.17 0.93 0.34 0.89 0.17 0.93 0.25 0.89

Foundation Model 0.22 0.92 0.27 0.91 0.21 0.92 0.25 0.91

Camelyon17-WILDS

CNN 0.10 0.93 0.14 0.93 0.10 0.94 0.08 0.97

Vision Transformer 0.07 0.98 0.02 0.98 0.07 0.98 0.05 0.98

Foundation Model 0.04 0.98 0.02 0.98 0.05 0.98 0.04 0.99

EpiStr

CNN 0.08 0.87 0.18 0.91 0.08 0.88 0.12 0.94

Vision Transformer 0.21 0.96 0.12 0.83 0.21 0.96 0.12 0.83

Foundation Model 0.17 0.96 0.20 0.87 0.17 0.95 0.16 0.91

ImageNet-R

CNN 0.08 0.93 0.09 0.95 0.09 0.94 0.15 0.95

Vision Transformer 0.19 0.97 0.13 0.98 0.20 0.97 0.23 0.98

Foundation Model 0.09 0.98 0.05 0.98 0.09 0.99 0.14 0.98
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