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Abstract

Adapting a trained model to perform satisfactorily on continually changing test environ-
ments is an important and challenging task. In this work, we propose a novel framework,
SANTA, which aims to satisfy the following characteristics required for online adaptation:
1) can work effectively for different (even small) batch sizes; 2) should continue to work
well on the source domain; 3) should have minimal tunable hyperparameters and storage
requirements. Given a pre-trained network trained on source domain data, the proposed
framework modifies the affine parameters of the batch normalization layers using source
anchoring based self-distillation. This ensures that the model incorporates knowledge from
the newly encountered domains, without catastrophically forgetting the previously seen do-
mains. We also propose a source-prototype driven contrastive alignment to ensure natural
grouping of the target samples, while maintaining the already learnt semantic information.
Extensive evaluation on three benchmark datasets under challenging settings justify the
effectiveness of SANTA for real-world applications.

1 Introduction

Deep learning has achieved phenomenal success in several computer vision tasks like classification, object
detection, segmentation, etc [Deng et al.| (2009)); Ren et al. (2015); He et al.| (2017)); |Chen et al.| (2018);
Everingham et al.| (2010). But it is well known that these models tend to perform poorly when the test data
comes from a different distribution compared to the training data|Ovadia et al.|(2019)). Unsupervised Domain
Adaptation (UDA) techniques |Ajakan et al.| (2014); [Saito et al.| (2018) have shown promising results in this
scenario, but they require access to unlabaled target data along with the labelled source data, which may
be difficult due to privacy concerns, storage constraints, etc. In addition to having a different distribution
compared to the training data, the test data distribution may dynamically vary with time. For example, in
autonomous driving, the model trained using data captured in clear weather, can encounter cloudy weather
followed by heavy rain, etc. during deployment. Thus, continually adapting the model during test-time is
critical for the model to perform well in changing scenarios.

Test-time adaptation of trained models has thus emerged as an important research area, where an off-the-
shelf trained model is adapted to the testing data as and when they are encountered. Majority of successful
frameworks for this task, |Wang et al.|(2021); [Boudiaf et al.| (2022)), assume that the test data belongs to a
single domain, which is a restrictive assumption for practical applications. Very recently, researchers have
started to look at the continual test time adaptation setting Wang et al. (2022a)); [Dobler et al.| (2023);
Brahma & Rail (2023)), where the target distribution can change over time.

In this work, we propose a novel framework, termed Source Anchoring Network and Target Alignment
(SANTA), for the task of continual test-time domain adaptation. We believe that, for the model to be prac-
tically useful in an online setting, it should satisfy the following requirements: 1) For online adaptation, the
models should work effectively with different (preferably small) batch sizes, while also being computationally
efficient; 2) The updated model should continue to work well on the source domain; 3) The framework should
require less storage and minimal tunable hyperparameters, since a validation set are usually not available dur-
ing test-time. With this motivation, we propose to use source anchoring based self-distillation, which ensures
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that the model robustly adapts to the incoming data, while not forgetting the source domain information.
The proposed SANTA framework also utilizes contrastive learning to ensure better model generalizability to
unseen domains. Further, we utilize the source prototypes for alignment of the target features to the corre-
sponding source data, which helps preserve the semantic information learnt using the source. We propose
to only update the Batch-Normalization (BN) affine parameters like TENT Wang et al.| (2021)), as it avoids
overfitting on the small amount of target data and also reduces the storage requirements. This simple, yet
effective framework helps us take a step forward in achieving all the objectives mentioned earlier. Extensive
experiments on three large-scale benchmark datasets, namely CIFAR-10C, CIFAR-100C and ImageNet-C
Hendrycks & Dietterich| (2019) for different challenging and realistic scenarios justify the effectiveness of the
proposed SANTA framework. To summarize, the contributions of this work are as follows:

o We propose a novel SANTA framework for the task of continual test-time domain adaptation.

e The proposed framework takes a step forward in overcoming some of the important challenges in a
practical test-time adaptation setting.

e We show that the proposed source-based anchoring along with contrastive target alignment guided
by source prototypes can be effectively utilized to robustly update the model under dynamically
changing test conditions.

o Extensive evaluation on several benchmark datasets for challenging scenarios justify its effectiveness.

We now discuss the related work, followed by the proposed method and evaluation.

2 Related works

The proposed approach is inspired by several seminal works in different areas. Here, we provide pointers to
some of the related work in literature.

Source Free Domain Adaptation: Source-free domain adaptation methods aim to adapt a model
trained using source data to a new domain using only the unlabeled target data Xia et al.| (2021));
Huang et al.| (2021); Yang et al| (2021a)); Liang et al.| (2020); [Kundu et al.| (2020); |Li et al| (2020);
Tian et al.| (2021); Yang et al.| (2021b]), Some of these methods, such as SHOT |Liang et al. (2020),
use a pseudo-labelling strategy to maximize information and minimize entropy, while others, such as |Li
et al.| (2020)), use generative models to enhance model performance on the target domain by gener-
ating target-style images. GSFDA |Yang et al| (2021b) aims to activate different channels within a
network for different domains while also taking into account the local data structure. AZ2-Net [Xia et al.
(2021)) is another method that utilizes different classifiers to align the two domains using adversarial training.

(Continual) Test time adaptation: Test-time Adaptation (TTA) is an online variant of SFDA
that adapts the model at test time using small batches of test data, as and when they become available.
Here, the model’s parameters or architecture are usually adjusted to handle the differences between the two
domains better, thereby improving its performance on the target domain [Wang et al.| (2021)); |Shen et al.
(2022); Boudiaf et al.| (2022); He et al. (2021)); [Schneider et al.| (2020). Some of these methods focus on
modifying the original architecture during the source training like TTT [Sun et al.| (2020), which trains the
model on supervised and self-supervised tasks using source data. During testing, the self-supervised module
is fine-tuned on the target data to improve performance. After that, methods such as EATA [Niu et al.
(2022)) use some fraction of source data for identifying the effect of domain shift and update the model
accordingly during test time. Recently, several researchers are focusing on the fully test time adaptation
setting [Wang et al.| (2021)), |Schneider et al.| (2020)), which does not assume any access to source data or the
source training process making it more practical. TENT |Wang et al. (2021) adopts entropy minimization
objective for training the BN layers, while BN Stats Adapt Schneider et al.| (2020) adjusts the BN statistics
during test time to align the target with the source domain.

A more realistic scenario is handled by the recently proposed continual test-time adaptation protocol Wang
et al| (2022a)), where the trained model should continually adapt to a dynamic environment, where the
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Figure 1: Hlustration of the proposed SANTA framework. The original image and its augmentation are
passed through the adapting model (only BN affine parameters are updated) and the source model. @ The
prediction of the input given by the source model is used as an anchor (a) for the prediction given by the
adapting model (p for input image and q for augmented image) for computing the source-anchoring loss
Lsa. @ The source guided target alignment L1 4 uses the source prototypes to help maintain the semantic
information learnt using the source domain and enforces clustering that is meaningful in the feature space.
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test domain can change over time. CoTTA [Wang et al.| (2022al) utilizes weight-averaged and augmentation-
averaged predictions to reduce error accumulation and also stochastically restores a small part of the neurons
to the source pre-trained weights during each iteration to avoid catastrophic forgetting. This allows for long-
term adaptation of all parameters in the network while preserving source knowledge. Recent methodgDdbler]|
let al.| (2023); Brahma & Rai (2023)) which have achieved better performance than CoTTA also use teacher
student framework to update the adapting model. Sppecifically, RMT Daébler et al| (2023) uses symmetric
cross-entropy loss in a teacher-student framework. PETAL Brahma & Rail (2023) use a data-driven parameter
restoration technique as opposed to stochastic restoration in CoTTA.

Recently, several methods|Gan et al|(2022);|Gong et al|(2022); Niu et al.| (2022)) have been developed which
can aid the dynamic adaptation to test-data. However, these methods need to be optimised along with the
model during training with source. Hence, we do not compare with these methods as, in our protocol, we
do not assume access to source data.

Knowledge and Self-distillation: Knowledge distillation is a technique used to transfer knowl-
edge from a large, complex model ("teacher" model) to a smaller, simpler model ("student" model)
let al| (2015)); |Gou et al.| (2021). This is done by training the student model to mimic the predictions of the
teacher model, which has already learned useful representations, rather than training the student model
on the original labeled data. CoTTA also utilizes distillation method to enhance the adaptation to new
domains, which involves the implementation of a teacher model to make accurate predictions based on the
student model.

A variant termed as self-distillation or self-knowledge distillation|[Yuan et al. (2019), involves training a model
to mimic its own predictions. The framework in [Yang et al.| (2019)) shows that using a model from a previous
epoch to train the same model in future epochs can increase the training efficiency and accuracy of the model.

Contrastive learning: Contrastive learning |Chen et al| (2020); Khosla et al| (2020); Caron et al|
has shown tremendous improvement in learning visual features for various downstream tasks.
Because of its robustness, researchers have used it in SFDA [Huang et al| (2021)); Xia et al. (2021); |Wang
let al] (2022b)); [Yang et al.| (2022); |Zhao et al|(2022), TTA |Chen et al.| (2022), Domain Generalisation (DG)
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Kim et al.| (2021); [Yao et al.| (2022) and other studies [Vaze et al.| (2022)); [Fei et al| (2022) to train/adapt a
pre-trained model to a target domain using only unlabeled data. In previous works, contrastive learning
has been used to get better feature representation. However, in this work, we align target features guided
by source prototypes to get meaningful target features with respect to the source feature space. This results
in meaningful clustering and good separation of classes in unseen domains.

3 Problem Setting and Motivation

In continual test-time domain adaptation, we are given a model trained using source domain data D; =
{(xs,y:)} 12y ~ Ps. Here, (x;,y;) is source data and label which is drawn from the source distribution Ps.
During testing, the source data is usually not available due to privacy concerns or storage constraints. At
this stage, the model encounters test data D; = {z;}72, ~ P. In practice, the test data can belong to
a different domain compared to the source, i.e. P, # P;. Further, P, can change over time such that
Pt(l) # Pt(z) # ... # Ps leading to our continual test time adaptation scenario.

In this work, the goal is to develop a practically useful framework for the above continual fully test time
scenario, which should have the following characteristics: 1) For online adaptation, to reduce the latency, the
model should be able to work seamlessly for different (preferably small) batch sizes, like 25 or 10 as used in
Zhao et al.| (2023)); Lim et al.| (2023). But the current approaches Wang et al.[(2022a)) have been tested only for
much larger batch sizes (like 200); 2) The updated model should continue to work well on the source domain;
For example, while adapting to cloudy or rainy weather, the framework deployed for autonomous driving
should not fail for images taken in clear weather (source domain); 3) In test-time adaptation scenario, since
validation sets are usually not available for tuning hyper-parameters, the approach should require minimal
hyper-parameters; and as a practical bonus, storage should be minimal and the framework should have low
inference time for ease of deployment. Now, we describe the proposed SANTA framework (Figure , and
elaborate on how some of these challenges are addressed.

4 Proposed SANTA Framework

Given the model trained using the source data, the goal is to adapt it using the limited amount of test-data
encountered in each batch in a dynamic environment, while satisfying the desirable criteria mentioned above.
Towards this goal, we propose (i) Source Anchorization Network and (ii) Target Alignment, which we now
describe in detail.

4.1 Source Anchorization Network

During test-time, the model has access to few test samples in a batch, which may not be representative
of the corresponding target distribution. Thus, modifying the model parameters completely on the basis
of the available target data may result in simultaneously overfitting on the few target samples and also
catastrophic forgetting of the source information. CoTTA Wang et al.| (2022a) addressed this challenge by
(i) learning a teacher model by combining the source and a continuously adapting student model, wherein
the teacher changes gradually for robust prediction and also using (ii) stochastic restoration to reset some
of the model parameters to the source model after every batch. Though this gives impressive performance,
it has two limitations, namely (i) the complete teacher, student and source model needs to be stored and
(ii) the hyperparameters required for computing the teacher model and for stochastic restoration need to be
determined, which can have different optimal values for different datasets. To overcome these challenges,
in this work, we use self-distillation using the source model as the anchor Hinton et al. (2015)Yang et al.
(2019).

We denote the adapting model as fy, as this is the model which is continuously updated and is used to predict
the target data. The weights 6 of the adapting model is initialised to the weights 8, of the off-the-shelf source
model fg,. Now, consider time instant k, when the model encounters a new batch denoted by By. Since
adaptating the BN statistics has proven to be effective in capturing the data distribution characteristics
Schneider et al. (2020)Wang et al.| (2022a)), the BN statistics of the source model (fp,) and the adapting
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model (fy) are changed to the BN statistics of the target batch at each step. Let these models be denoted as
f(i and f} respectively. féi (referred to as target corrected source (TCS) from now) can be thought of as a
specialized model that accounts for the domain difference between the source and the specific target batch,
On the other hand, the weights 6 of the adapting model fy are optimized after every batch using the loss
function that will be described later. It should also be noted that during optimization, we only update the
BN parameters of the adapting model [Wang et al.| (2021)).

The proposed self-distillation loss is inspired from the knowledge distillation loss formulation used in in-
cremental learning [Dong et al.| (2021); Kang et al.| (2022) to prevent catastrophic forgetting. In this work,
self-distillation between the response of the TCS model fé“s and the adapting model f} acts as a regular-
izer [Mobahi et al.| (2020)), that encourages the adapting model to mimic the TCS model, which is a specialized
model whose response corresponds to domain invariant features. Thus, our adapting model is reinforced to
learn domain invariant features [Mobahi et al.| (2020)), leading to better generalization, which we empirically
show in Table [6l

The loss function is based on the prediction scores of the adapting model and the TCS model for a given
batch of test images, By := {x1,22,...,2n5}, N being the batch size. Let p;; and a;; denote the jtP element
of f¥(z;) (adapting model) and fé’“ (z;) (TCS model) respectively, which gives the prediction score of the j*"
class for the i*" test image. The source-anchoring loss for a given batch is calculated as follows:

sa = —% Z > pijlog(ais) (1)

Here, C is the number of classes, and N is the batch size. Empirically, we observe that using augmentations
of the test images make the model more robust. Let g;; denote the prediction score of the 4t class for the
h augmented test image, given by the adapting model. The complete source-anchoring loss is given by

1
Lsa = _N ZZ: Z: Dij 10g azj + gij IOg(aU)) (2)

This simple, yet effective self-distillation offers multiple advantages as follows: i) Since the target corrected
source model is used for anchoring, there is no hyper-parameter involved (such as the weight for combining
student with source to form the teacher model as in CoTTA Wang et al.| (2022a))); ii) The adapting model
can be directly used for prediction continuously, without requiring any restoration to the source model; iii)
Since only the BN parameters are updated, just these parameters of the source need to be stored, resulting
in much lesser storage requirements compared to storing two different models.

4.2 Target Alignment

The goal is to learn a generalized model as it encounters data from different domains, thereby making the
features gradually domain invariant. Here, we additionally use self-supervision (in the form of contrastive
learning) for improved generalization as used in [Zhao et al.| (2022); [Wang et al. (2022b)). Formally, the
adapting model féf can be decomposed into a feature extractor, g(’Z and the fixed classifier h, i.e.

fs =hog§ (3)

Suppose, the augmented samples for the test batch {z;}* are denoted by {:vz}zziv N.+1- We pass these

samples through the feature extractor géﬁ and further a projection head p, and normalized so that the
features are mapped to a d-dimensional hyper-sphereChen et al.| (2020)); Khosla et al.| (2020).

2 = py o (i) (4)

The following is the contrastive loss

Lo Zlog < 2N€Xp(Z7;.ZN+i/T) ) (5)

i=1 Zk:l ]l[kgéi] exp(z;.2x/T)
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(a) With Source prototypes (b) Without source prototypes

Figure 2: t-SNE plot of the feature space using only L4 for adaptation. We observe that the alignment and
clustering is better with source prototypes (a) as compared to not using them (b). The source prototypes
are represented using stars.

where 7 > 0 is the temperature hyperparameter. In this work, as in |Wang et al.| (2021), the learnable
model parameters ¢ comprise of only the BN affine parameters. The classifier is kept fixed throughout the
adaptation process to avoid overfitting on the target samples and preserve the discriminative information
learnt using the abundant source data. Thus, for correct classification, the target clusters should also align
with the original source representations. To achieve this, we use the source prototype guided target alignment
loss. To this end, we include a third view which assigns the nearest source prototype as an augmented view
for the test time features. Specifically, let the source prototypes for the C classes be denoted as {m;}<_,. We
compute the nearest source prototype for a sample x; as

m(w:) = {m|t = arg max(cos(me, g (x:)))} (6)

For each feature z;, we use two positives for contrastive learning. The first view zx; is the projection of its
augmented sample x4, the second view zon 4, is the projection of its nearest class prototype m(x;). The
source prototype guided Target Alignment loss is given by:

1 & exp(z;.2N4i/T) exp(z;.z /7T)
Z i ZN+i i-Z2N+i
‘CTA = ﬁ - log < 3N )) + log < 3N ) (7)

jm1 Listi] €XP (232 /T o1 Liisti) €Xp(2i.21/T)
By using this additional view, we implicitly pass the class information to result in improved clustering while

also keeping intact the semantic information learnt from the source data. The qualitative effect of clustering
using prototypes as a view can be seen in Figure[2 We further quantitatively ablate its effect in Table 2]

4.3 Final loss

Given any off-the-shelf pre-trained model and the source prototypes, during testing, using the current test
batch, we modify the BN parameters ¢ and the projection head v such that the following loss is minimized:

Lsanta = Lsa + Loa (8)
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3 . - O ;
Dataset | Method o3 B g ks & g N & & K S S T 3 ) Mean

o Source 723 65.7 729 46.9 54.3 34.8 42 25.1 413 26 9.3 46.7 26.6 585 30.3 43.5

S BN Stats Adapt | 28.1 26.1 36.3 128 353 14.2 121 17.3 174 153 8.4 12.6 23.8 19.7 273 20.4

: TENT-continual | 24.8 20.6 28.6 144 31.1 16.5 14.1 19.1 18.6 186 122 20.3 257 208 249 20.7

é CoTTA 243 21.3 266 11.6 276 122 103 148 14.1 124 7.5 106 183 134 173 16.2

o RMT 24.5 20.0 255 139 246 149 133 160 1578 15.6 11.1 150 183 14.6 16.9 17.3
PETAL 234 21.1 257 11.7 272 122 103 148 139 126 7.4 10.5 18.1 134 16.8 15.95
SANTA 239 20.1 28.0 11.6 274 126 10.2 14.1 13.2 12.2 7.4 10.3 19.1 13.3 18.5 | 16.1 +£0.06

&) Source 73 68 394 293 541 308 288 395 458 503 295 55.1  37.2 747 412 46.4

% BN Stats Adapt | 42.1 40.7 427 276 41.9 29.7 27.9 34.9 35 415 26.5 30.3 357 329 412 354

o TENT-continual | 37.2 35.8 41.7 37.9 51.2 483 485 584 63.7 71.1 704 82.3 88 88.5 90.4 60.9

EE CoTTA 40.1  37.7 39.7 269 38 279 264 328 31.8 403 24.7 26.9 325 283 335 32.5

o RMT 40.5 36.1 36.3 27.7 339 285 264 29.0 290 325 251 274 282 263 293 30.4
PETAL 38.3 364 386 259 36.7 272 254 320 30.8 38.7 244 2642 315 269 325 31.46
SANTA 36.5 33.1 351 259 349 277 254 295 299 33.1 236 26.7 319 275 352 | 30.3 £0.05

o Source 97.8 971 982 81.7 898 852 78 835 T77.1 759 41.3 94.5 825 79.3 68.6 82

= BN Stats Adapt 85 83.7 85 84.7 843 T73.7 61.2 66 68.2 52.1 349 82.7 559 513 59.8 68.6

“z TENT-continual | 81.6 74.6 727 776 738 65.5 553 61.6 63 51.7 38.2 72.1  50.8 474 53.3 62.6

%D CoTTA 84.7 82.1 80.6 81.3 79 68.6 575 603 60.5 483 36.6 66.1 47.2 41.2 46 62.7

= RMT 80.2 764 745 T71 T44 66.2 576 570 59.1 48.0 39.1 60.6 47.3 42,5 434 60.2
SANTA 741 729 716 757 741 64.2 555 556 629 46.6 36.1 69.9 50.6 44.3 48.5 | 60.1 £ 0.06

Table 1: Error percentages (lower is better) of different algorithms for CIFAR-10C, CIFAR-100C and
ImageNet-C for batchsizes of 200, 200 and 64 respectively. For SANTA, the standard deviation is reported

over 5 random seeds.
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(a) CIFAR-10C (b) CIFAR-100C (c) ImageNet-C

Figure 3: These figures compare the robustness of the different approaches for different batch sizes. The
x-axis is the batch size and y-axis is the error percentage (lower is better). We observe that the proposed

SANTA is robust across batch sizes.

The adapting model is used for predicting the class of all the test samples. It is robust enough to be updated
continuously without any restoration back to the source model.

5 Experimental Evaluation

Here we describe the extensive experiments performed to evaluate the effectiveness of the proposed

framework.

Dataset Details: Here, we evaluate the proposed framework extensively on multiple benchmark
datasets, namely, CIFAR-10C, CIFAR-100C and ImageNet-C [Hendrycks & Dietterich| (2019). These
datasets have 10, 100 and 1000 classes respectively. All the datasets contain 15 diverse corruptions of the
forms noise, blur, weather, and digital. Each corruption has five levels of severity, applied to the test set of
all the three datasets. For all the experiments, unless mentioned otherwise, the test sequence consists of
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Methods CIFAR-10C CIFAR-100C IMAGENET-C
200 150 100 50 25 10 200 150 100 50 25 10 64 32 16 8
SALoss (original image) 20.1 201 204 207 21.7 248 | 326 328 332 340 357 40.7 | 627 649 694 778
SALoss (original 4+ augmented image) | 17.1 17.2 174 18.0 19.0 225 | 314 31.6 320 328 347 399 | 61.3 638 685 76.8
SANTA (SALoss + TALoss) 16.1 16.2 16.5 17.2 18.3 22.0 |30.4 30.5 30.8 31.9 33.9 39.1 | 60.2 63.2 685 785

Table 2: Mean error percentage (lower is better) demonstrating the importance of the two proposed compo-
nents. Ablation is done on all the four datasets for multiple batch sizes.

all 15 corruptions at the highest level of severity [Wang et al.| (2022a)). The goal is to adapt an off-the-shelf
source model to this dynamically changing environment efficiently during test time.

Implementation Details: For CIFAR-10C, we use a pre-trained WideResNet-28 |Zagoruyko & Komodakis
(2016)) model from the RobustBench benchmark (Croce et al.| (2021)) as in [Wang et al.| (2022al). The model is
updated with one gradient step per batch, and the Adam optimizer with a learning rate of le-3 is used. The
temperature is set to the default value of 0.1. The CIFAR-100C experiment uses a pre-trained ResNeXt-29
Xie et al|(2017)) model, which is one of the default models for CIFAR-100 in the RobustBench benchmark
Croce et al.|(2021). The same hyperparameters as the CIFAR-10 experiment are used. For the ImageNet-C
experiment, the standard pre-trained Resnet50 He et al.| (2016) model from RobustBench [Croce et al.| (2021)
is used. Here, SGD is used as the optimiser with a learning rate of le-2 as in |Wang et al.| (2022a). We
conduct all the experiments on an NVIDIA GeForce RTX 3090.

6 Research Questions

We perform experiments to address the following research questions:

1) How does SANTA perform on the standard experimental protocol (higher batch
size) as used in [Wang et al.| (2022a)?

Table [[] reports the results on the three benckmark datasets. The batch sizes used for these experiments are
200, 200 and 64 for CIFAR-10C, CIFAR-100C and ImageNet-C respectively as in [Wang et al.| (2022a). In
the TENT-continual setup, the model continuously adapts and is not reset to the source model after each
corruption. We observe that for all the datasets, the proposed SANTA outperforms all the other existing
approaches. Specifically, for the challenging ImageNet-C, we obtain an error of 60.1%, which is 2.6% better
than the seminal work CoTTAWang et al.| (2022a) and at par with RMTDébler et al.| (2023).

2) How does SANTA perform on lower batch sizes, which is more realistic scenario for online
test time adaptation?

A practical test-time adaptation algorithm should work satisfactorily for lower batch sizes, which will decrease
the average time for inference of a sample and thus lower the latency of the framework. Although researchers
have recently started to address the issue of robustness across batch sizes|Lim et al.[(2023);|Gong et al.[(2022),
these are not fully test time adaptation and requires source data for warmup before online adaptation.

Here, we evaluate the robustness of the proposed SANTA framework for lower batch sizes and compare the
results with the state-of-the-art. Figure [3] shows the results for the three datasets with decreasing batch
sizes. Since the results of the other approaches were not reported for other batch sizes, we used the official
codes and obtained the results reported in the table. To ensure the best results for the other methods, we
tuned the appropriate hyperparameters. Specifically, for TENT and RMT, we varied the learning rate. For
CoTTA, the restoration probability and model EMA factor was reduced in proportion to the decrease in
batch size. Note that for the proposed SANTA, no parameters were changed across the different datasets
as well as batch sizes. We observe that the improvement provided by our approach becomes clearer as the
batch size decreases. For example, for a batch size of 10, we obtain 22.0% for CIFAR-10C dataset, which is
significantly better compared to the next best of 25.0% obtained by BN Stats Adapt as shown in Figure
This experiment justifies the effectiveness of the proposed SANTA for online settings. Also, prior methods
RMT and CoTTA perform significantly worse compared to SANTA as the batch size decreases, suggesting
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CIFAR-10C CIFAR-100C ImageNet-C

SANTA w/ prototypes  16.1 30.0 60.2
SANTA w/o prototypes 16.2 (-:0.1)  31.4 (-1.4)  61.1 (-0.9)

Table 3: Here, we see the performance comparison (error % - lower is better) between using prototypes as a
view v/s not using them in the target alignment loss. (.) is the relative drop in performance.

Avg. Error (%) Source BN Adapt TENT-continual CoTTA RMT SANTA

CIFAR-10C 24.8 13.7 20.4 10.9 10.4 10.7
CIFAR-100C 33.6 29.9 74.8 26.3 26.6 25.6

Table 4: Average error over all corruptions with severity presented in the gradual test time adaptation
manner. The order of corruption used here is the same as in Table

that it can be unreliable to use them in real-world settings where more often than not there is both less data
and therefore less batch size from a particular domain.

3) Are both the proposed modules important?

Here, we analyze the importance of the two losses in the proposed SANTA framework. We observe from
Table [2| that a significant portion of the performance improvement of SANTA can be attributed to the
source-anchoring of the test samples and its augmented version. The clustering and alignment terms further
help to improve the performance, thereby achieving state-of-the-art performance for continual test-time
domain adaptation under different challenging settings.

4) What is the effect of source prototypes in Target Alignment?

We perform experiments with and without source prototypes to study its effect and report the results in
Table 8] We observe that without the prototypes, the performance drops slightly compared to when using
it. Although source prototypes aid clustering as seen in Figurd2 our method does not primarily rely on it,
suggesting that SANTA can still be reliably used in cases where source prototypes are not accessible.

5) How does SANTA perform when the domain shifts are gradual?

In the standard setup, the corruption types change abruptly with maximum severity levels. A more realistic
approach will be to evaluate the performance of the approaches when the severity levels change gradually
over a sequence of 15 corruption types. Thus we experiment with the gradual setup as also done in [Wang
et al.| (2022a). The representation below shows the order in which severity is faced for every corruption.

..—>2-1 - 1-2—-3—-4—-5—-4—-3—=-2—-1 — 1—2—...
A 7 N g A g

-~

TV
t-1 and before t corruption type, with changing severity t+1 and after

Table [4 reports the results of the proposed framework and comparison with the existing approaches for
this setup for batch size 200. The results suggest that BN Adapt, CoTTA, RMT and SANTA are more
effective than the source and TENT-continual approaches in dealing with corruption types that change
gradually over time. For CIFAR-10C, we observe CoTTA, RMT and SANTA perform similarly. For
CIFAR-100C, our approach achieves the lowest average error rate of 25.6%, followed by CoTTA with an
average error rate of 26.3%. BN Stats Adapt approach also performs well with an average error rate of 29.9%.

6) Does SANTA prevent catastrophic forgetting by retaining good performance on revisiting
the source data?

Although the source trained model is gradually adapted to the changing testing conditions, we also
want it to be able to perform well on the original source distribution, which requires the model to not
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batchsize — 200 150 100 50 25 10

TENT-Continual ~ 92.0 (-70.9)  96.2 (-75.1) 97.8 (-76.7) 98.2 (-77.1) 985 (-77.4)  99.0 (-77.9)
CoTTA 22.8 (-1.7)  23.0 (-1.9)  23.9(-2.8)  27.2(-6.1) 355 (-14.4) 585 (-37.4)
RMT 24.7 (-3.6) 263 (-5.2)  29.0 (-8.9)  35.9 (-14.8) 48.0 (-26.9) 76.1 (-55.0)
SANTA 22.4 (-1.3) 22.7 (-1.6) 22.9 (-1.8) 23.6 (-2.5) 25.8 (-4.7) 29.9 (-8.8)

Table 5: Error on CIFAR-100 test set after the model has been adapted to all the corruptions as in Table
(.) is the degradation in performance on source data compared to the source model, whose error is 21.1%.
This deviation quantifies the amount of catastrophic forgetting while adaptation.
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Method %) & & ~ (@] o Q S Mean
BN Stats Adapt 35.6 349 421 269 31.0 36.0 33.5 41.7 352
CoTTA 31.3 305 36.7 252 278 315 29.1 364 31.1
RMT 32.1 32.1 38.6 28.1 33.0 30.8 28.7 343 322
SANTA 31.2 31.2 36.3 25.0 28.7 322 28.0 372 31.2

Table 6: This experiment on CIFAR-100C demonstrates the generalizability of the learnt model. We observe
that both CoTTA and SANTA yield a more generalized model after adaptation.

catastrophically forget the original source training information. For example, the original model trained
on clear weather conditions should continue to do well for clear weather images, even though it has
adapted to other conditions like rainy, foggy, etc. To achieve these contrasting goals, it is important
that the model has the right balance of stability-plasticity. The stability-plasticity trade-off refers to
the balance between preserving learned knowledge and adapting to new information. Table [5] reports
the results of using the model adapted on CIFAR-100C, on a held-out testing set from the source
distribution, which is the clean CIFAR-100 dataset in this case. The performance of the original model
trained on source gives an error of 21.1% on its test set. Thus the difference gives an estimate of the
catastrophic forgetting (Table . We observe that even after adaptation, SANTA is able to maintain its
performance on the source distribution very well as compared to CoTTA, RMT and TENT for all batch sizes.

7) How well does the model generalize?

When the source model encounters data from different domains, we want it to gradually become more
generalized, such that the features become domain invariant. To evaluate whether this happens in practice,
we perform an experiment, in which the model is first adapted on the first 7 corruptions (gaussian to
zoom). We then freeze the weights and evaluate its performance on the last 8 corruptions (snow to jpeg).
We compare the performance of this adapted model (using the methods CoTTA and SANTA) to the
performance using the optimization free BN Stats Adapt model, where BN statistics are adapted to the
corresponding batch statistics. We see from Table [6] that both CoTTA and the proposed framework have
indeed learnt more generalized features and is therefore performing better than the BN Stats Adapt model.
SANTA is however, a much lighter framework when compared to CoTTA, which we discuss in detail below.

8) How does the model fare in terms of storage cost, inference time?

The proposed SANTA framework has computational advantages over the existing approaches:

(i) Number of parameters to be stored: Table [7| reports the total number of parameters and trainable
parameters for TENT, CoTTA, RMT and SANTA. If the source backbone has N parameters, CoTTA stores
3N parameters (source, teacher and student). RMT stores 2N parameters(teacher and student). We only
store 1.02N parameters (source, BN parameters of the adapting model which is only 2% of N). Thus the
proposed framework is much simpler and computationally efficient, which can be especially important in
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Method # Parameters # Trainable % Trainable

BN-Stats 6,900,132 0 0
TENT 6,900,132 128 0.002
CoTTA 20,700,396 6,900,132 33.333
RMT 13,947,976 6,900,132 50.000
SANTA 7,047,972 147,840 2.097

Table 7: Number of (trainable) parameters as a proxy for the storage requirement of the respective algorithms.
This table is for CIFAR-100C with ResNeXt-29 as the backbone.

SANTA
RMT

CoTTA

| | | | \
0 0.5 1 1.5 2 2.5

I Forward Pass [l Backward optimisation Post Backward

Figure 4: Comparison of inference time of the proposed SANTA framework with RMT and CoTTA. The
x-axis is time (wall clock time) of inference per batch (sec/batch). These experiments were done on CIFAR-
100C using NVIDIA GeForce RTX 3090.

real-time applications where time and computational resources are limited. Additionally, as we freeze the
convolution blocks and only optimize the BN affine parameters in SANTA, it is less prone to catastrophic
forgetting as it is less likely to overfit to the test time data. This is important in test-time adaptation
scenarios where the model must adapt to new data quickly and accurately.

(ii) Inference time for a fixed batch size: The inference time of a model is an important factor in test-time
adaptation because it determines how quickly the model can be applied to new data. In Figure [4 we have
compared the inference time (in sec) per batch (of 200 samples) for RMT, CoTTA and SANTA. SANTA does
2 forward and 1 backward pass per batch which takes 0.224 sec/batch. RMT does 2 forward, 1 backward
pass and model EMA update, which takes 0.26 sec/batch. On the other hand, CoTTA takes 2.2 sec/batch on
average as it does 32 forward passes in the worst case and 1 backward pass, implying that SANTA is ~10X
faster than CoTTA. This can be attributed to the fact that CoTTA uses 32 forward passes in the worst case
for its prediction and also updates the teacher model after every step. Although RMT and SANTA are both
computationally efficient compared to CoTTA, our method has a clear advantage in low batch size setting
as it significantly outperforms RMT, and hence is more effective in varied settings.

7 Conclusion

In this paper, we proposed a novel SANTA framework for the challenging task of continual test-time domain
adaptation. The proposed approach modifies the batch-norm affine parameters using source anchoring-based
self-distillation to ensure the model incorporates knowledge of newly encountered domains while avoiding
catastrophic forgetting. Additionally, source prototype guided target alignment is proposed to maintain the
already learned semantic information while grouping target samples naturally. The approach is quite robust
to decreasing batch sizes, justifying its effectiveness for online application. The SANTA framework offers
additional advantages such as retaining performance on the source domain, having minimal tunable hyper-
parameters and storage requirements, in addition to achieving state-of-the-art results on all the benchmark
datasets.

11



Under review as submission to TMLR

References

Hana Ajakan, Pascal Germain, Hugo Larochelle, Francgois Laviolette, and Mario Marchand. Domain-
adversarial neural networks. arXiv preprint arXiv:1412.4446, 2014.

Malik Boudiaf, Romain Mueller, Ismail Ben Ayed, and Luca Bertinetto. Parameter-free online test-time
adaptation. In CVPR, pp. 8344-8353, 2022.

Dhanajit Brahma and Piyush Rai. A probabilistic framework for lifelong test-time adaptation. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 3582-3591, 2023.

Mathilde Caron, Ishan Misra, Julien Mairal, Priya Goyal, Piotr Bojanowski, and Armand Joulin. Unsuper-
vised learning of visual features by contrasting cluster assignments. NeurIPS, 33:9912-9924, 2020.

Dian Chen, Dequan Wang, Trevor Darrell, and Sayna Ebrahimi. Contrastive test-time adaptation. In CVPR,
pp- 295-305, 2022.

Liang-Chieh Chen, George Papandreou, lasonas Kokkinos, Kevin Murphy, and Alan L. Yuille. Deeplab:
Semantic image segmentation with deep convolutional nets, atrous convolution, and fully connected crfs.
IEEFE Transactions on Pattern Analysis and Machine Intelligence, 40(4):834-848, 2018.

Ting Chen, Simon Kornblith, Mohammad Norouzi, and Geoffrey Hinton. A simple framework for contrastive
learning of visual representations. pp. 1597-1607. PMLR, 2020.

Francesco Croce, Maksym Andriushchenko, Vikash Sehwag, Edoardo Debenedetti, Nicolas Flammarion,
Mung Chiang, Prateek Mittal, and Matthias Hein. Robustbench: a standardized adversarial robustness
benchmark. In NeurIPS, 2021.

J. Deng, W. Dong, R. Socher, L. J. Li, K. Li, and L. Fei-Fei. Imagenet: A large-scale hierarchical image
database. In CVPR, 2009.

Mario Débler, Robert A Marsden, and Bin Yang. Robust mean teacher for continual and gradual test-time
adaptation. In Proceedings of the IEEE/CVFE Conference on Computer Vision and Pattern Recognition,
pp. 7704-7714, 2023.

Songlin Dong, Xiaopeng Hong, Xiaoyu Tao, Xinyuan Chang, Xing Wei, and Yihong Gong. Few-shot class-
incremental learning via relation knowledge distillation. In AAAI volume 35, pp. 1255-1263, 2021.

Mark Everingham, Luc Gool, Christopher K. Williams, John Winn, and Andrew Zisserman. The pascal
visual object classes (voc) challenge. IJCV, 2010.

Yixin Fei, Zhongkai Zhao, Siwei Yang, and Bingchen Zhao. Xcon: Learning with experts for fine-grained
category discovery. arXiv preprint arXiv:2208.01898, 2022.

Yulu Gan, Xianzheng Ma, Yihang Lou, Yan Bai, Renrui Zhang, Nian Shi, and Lin Luo. Decorate the
newcomers: Visual domain prompt for continual test time adaptation. arXiv preprint arXiv:2212.04145,
2022.

Taesik Gong, Jongheon Jeong, Taewon Kim, Yewon Kim, Jinwoo Shin, and Sung-Ju Lee. NOTE: Robust
continual test-time adaptation against temporal correlation. In Alice H. Oh, Alekh Agarwal, Danielle
Belgrave, and Kyunghyun Cho (eds.), NeurIPS, 2022.

Jianping Gou, Baosheng Yu, Stephen J Maybank, and Dacheng Tao. Knowledge distillation: A survey.
1JCV, 129:1789-1819, 2021.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image recognition. In
CVPR, pp. 770-778, 2016.

Kaiming He, Georgia Gkioxari, Piotr Dollar, and Ross Girshick. Mask R-CNN. In ICCYV, 2017.

12



Under review as submission to TMLR

Yufan He, Aaron Carass, Lianrui Zuo, Blake E Dewey, and Jerry L Prince. Autoencoder based self-supervised
test-time adaptation for medical image analysis. Medical image analysis, 72:102136, 2021.

Dan Hendrycks and Thomas Dietterich. Benchmarking neural network robustness to common corruptions
and perturbations. arXiv preprint arXiv:1903.12261, 2019.

Geoffrey Hinton, Oriol Vinyals, and Jeff Dean. Distilling the knowledge in a neural network. arXiv preprint
arXiv:1508.02531, 2015.

Jiaxing Huang, Dayan Guan, Aoran Xiao, and Shijian Lu. Model adaptation: Historical contrastive learning
for unsupervised domain adaptation without source data. NeurIPS, 34:3635-3649, 2021.

Minsoo Kang, Jaeyoo Park, and Bohyung Han. Class-incremental learning by knowledge distillation with
adaptive feature consolidation. In CVPR, pp. 16071-16080, 2022.

Prannay Khosla, Piotr Teterwak, Chen Wang, Aaron Sarna, Yonglong Tian, Phillip Isola, Aaron Maschinot,
Ce Liu, and Dilip Krishnan. Supervised contrastive learning. NeurIPS, 33:18661-18673, 2020.

Daehee Kim, Youngjun Yoo, Seunghyun Park, Jinkyu Kim, and Jaekoo Lee. Selfreg: Self-supervised con-
trastive regularization for domain generalization. In ICCV, pp. 9619-9628, 2021.

Jogendra Nath Kundu, Naveen Venkat, R Venkatesh Babu, et al. Universal source-free domain adaptation.
In CVPR, pp. 4544-4553, 2020.

Rui Li, Qianfen Jiao, Wenming Cao, Hau-San Wong, and Si Wu. Model adaptation: Unsupervised domain
adaptation without source data. In CVPR, pp. 9641-9650, 2020.

Jian Liang, Dapeng Hu, and Jiashi Feng. Do we really need to access the source data? source hypothesis
transfer for unsupervised domain adaptation. In ICML, pp. 6028-6039. PMLR, 2020.

Hyesu Lim, Byeonggeun Kim, Jaegul Choo, and Sungha Choi. TTN: A domain-shift aware batch normal-
ization in test-time adaptation. In ICLR, 2023.

Hossein Mobahi, Mehrdad Farajtabar, and Peter Bartlett. Self-distillation amplifies regularization in hilbert
space. NeurIPS, 33:3351-3361, 2020.

Shuaicheng Niu, Jiaxiang Wu, Yifan Zhang, Yaofo Chen, Shijian Zheng, Peilin Zhao, and Mingkui Tan.
Efficient test-time model adaptation without forgetting. In ICML, pp. 16888-16905. PMLR, 2022.

Yaniv Ovadia, Emily Fertig, Jie Ren, Zachary Nado, David Sculley, Sebastian Nowozin, Joshua Dillon, Balaji
Lakshminarayanan, and Jasper Snoek. Can you trust your model’s uncertainty? evaluating predictive
uncertainty under dataset shift. NeurIPS, 32, 2019.

Shaoqing Ren, Kaiming He, Ross Girshick, and Jian Sun. Faster r-cnn: Towards real-time object detection
with region proposal networks. NeurIPS, 2015.

Kuniaki Saito, Kohei Watanabe, Yoshitaka Ushiku, and Tatsuya Harada. Maximum classifier discrepancy
for unsupervised domain adaptation. In CVPR, pp. 3723-3732, 2018.

Steffen Schneider, Evgenia Rusak, Luisa Eck, Oliver Bringmann, Wieland Brendel, and Matthias Bethge.
Improving robustness against common corruptions by covariate shift adaptation. NeurIPS, 2020.

Maohao Shen, Yuheng Bu, and Gregory Wornell. On the benefits of selectivity in pseudo-labeling for
unsupervised multi-source-free domain adaptation. arXiv preprint arXiv:2202.00796, 2022.

Y. Sun, X. Wang, Z. Liu, J. Miller, A. A. Efros, and M. Hardt. Test-time training with self-supervision for
generalization under distribution shifts. In ICML, 2020.

Jiayi Tian, Jing Zhang, Wen Li, and Dong Xu. Vdm-da: Virtual domain modeling for source data-free
domain adaptation. IEEFE Transactions on Circuits and Systems for Video Technology, 32:3749-3760,
2021.

13



Under review as submission to TMLR

Sagar Vaze, Kai Han, Andrea Vedaldi, and Andrew Zisserman. Generalized category discovery. In CVPR,
pp. 7492-7501, 2022.

Dequan Wang, Evan Shelhamer, Shaoteng Liu, Bruno Olshausen, and Trevor Darrell. Tent: Fully test-time
adaptation by entropy minimization. In ICLR, 2021.

Qin Wang, Olga Fink, Luc Van Gool, and Dengxin Dai. Continual test-time domain adaptation. In CVPR,
pp. 7201-7211, 2022a.

Rui Wang, Zuxuan Wu, Zejia Weng, Jingjing Chen, Guo-Jun Qi, and Yu-Gang Jiang. Cross-domain con-
trastive learning for unsupervised domain adaptation. IEEE Transactions on Multimedia, 2022b.

Haifeng Xia, Handong Zhao, and Zhengming Ding. Adaptive adversarial network for source-free domain
adaptation. In ICCV, pp. 9010-9019, 2021.

Saining Xie, Ross Girshick, Piotr Dolldr, Zhuowen Tu, and Kaiming He. Aggregated residual transformations
for deep neural networks. In CVPR, pp. 1492-1500, 2017.

Chenglin Yang, Lingxi Xie, Chi Su, and Alan L Yuille. Snapshot distillation: Teacher-student optimization
in one generation. In CVPR, pp. 2859-2868, 2019.

Shiqi Yang, Joost van de Weijer, Luis Herranz, Shangling Jui, et al. Exploiting the intrinsic neighborhood
structure for source-free domain adaptation. NeurIPS, 34:29393-29405, 2021a.

Shiqi Yang, Yaxing Wang, Joost Van De Weijer, Luis Herranz, and Shangling Jui. Generalized source-free
domain adaptation. In ICCV, pp. 8978-8987, 2021b.

Shiqi Yang, Yaxing Wang, Kai Wang, Shangling Jui, et al. Attracting and dispersing: A simple approach
for source-free domain adaptation. In NeurIPS, 2022.

Xufeng Yao, Yang Bai, Xinyun Zhang, Yuechen Zhang, Qi Sun, Ran Chen, Ruiyu Li, and Bei Yu. Pcl
Proxy-based contrastive learning for domain generalization. In CVPR, pp. 7097-7107, 2022.

Li Yuan, Francis EH Tay, Guilin Li, Tao Wang, and Jiashi Feng. Revisit knowledge distillation: a teacher-free
framework. 2019.

Sergey Zagoruyko and Nikos Komodakis. Wide residual networks. In BMVC, pp. 87.1-87.12, 2016.

Bowen Zhao, Chen Chen, and Shu-Tao Xia. Delta: degradation-free fully test-time adaptation. arXiv
preprint arXiv:2301.13018, 2023.

Xuejun Zhao, Rafal Stanislawski, Paolo Gardoni, Maciej Sulowicz, Adam Glowacz, Grzegorz Krolczyk, and
Zhixiong Li. Adaptive contrastive learning with label consistency for source data free unsupervised domain
adaptation. Sensors, 22(11):4238, 2022.

A Appendix

B Ablation on Temperature

0.006 0.01 005 01 05 1.0 5.0

CIFAR10-C  16.1 16.1 16.1 16.1 16.3 16.5 16.7
CIFAR100-C 30.3 30.3 30.3 30.3 30.8 312 313
ImageNet-C  60.6 604 60.3 60.2 61.0 61.1 61.2

Table 8: Ablation showing the sensitivity of our method on all considered datasets.

14



Under review as submission to TMLR

Table [§] shows the performance of the model for different temperature values. The best performance is
approximately achieved for a temperature value of 0.1, indicating that a soft probability distribution is more
suitable for this model. It is also worth noting that the model is fairly resilient to a large range of temperature
values, implying that the model’s performance does not deteriorate significantly for different temperature
values. This suggests that the model is robust to variations in temperature hyperparameter and performs
reasonably well for a wide range of values.

C Predict and Adapt Code

Here, we present the code for our method. This code is in the format of code provided by the CoTTAWang
et al.| (2022al) and TENT|Wang et al.| (2021). The code for contrastive learning loss can be found here|Khosla
et al.| (2020]).

def forward and_adapt(x):
imgs_test = x[0]

optimizer.zero grad()

# forward original test data
features test = feature_extractor (imgs_test)
outputs_test = classifier (features_test)

# forward augmented test data
features_aug_test = feature extractor(tta_transform ((imgs_test)))
outputs_aug_ test = classifier (featuresiaugitest)

# forward original test data through the source model
outputs_src model src(imgs_test)

with torch.no_grad():
# dist[:, i] contains the distance from
# every source sample to one test sample
dist = F.cosine_similarity (
prototypes_src.repeat (
1, features_test.shape[0], 1
)a
features__test.unsqueeze (0).repeat (
prototypes_src.shape[0], 1, 1
), dim=1
)

# for every test feature, get the nearest
# source prototype and derive the label
_, indices = dist.topk(1l, largest=True, dim=0)
indices = indices.squeeze (0)
# Here we see the 3—wiews that are passed to
# contrastive loss
features = torch.cat ([prototypes_src[indices],
features_test.unsqueeze (1),
features__aug_test.unsqueeze (1)],
dim=1)

# Adapted from:
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# https://github.com/HobbitLong/SupContrast/blob/master/losses.py
loss contrastive = contrastiveiloss(features:features)

loss_entropy = symmetric_entropy (x=outputs_ test ,
X_aug=outputs__aug_ test,
x_src=outputs_src).mean(0)

loss_trg = loss_entropy + loss_contrastive

loss__trg . backward ()

optimizer.step ()

return outputs_ test

We finally take the arg max(output_test) across the sample dimension to get our final prediction for the
target batch.

D Augmentation

We use the same augmentations as used in CoTTA here, we explicitly report the series of random augmen-
tations along with their ranges for better reproducibility.

n_pixels = img_shape [0]

clip_ min, clip_max = 0.0, 1.0
p_ hflip = 0.5

gaussian_std = 0.005

transforms = transforms.Compose (|
Clip (0.0, 1.0),
ColorJitterPro(
brightness=[0.6, 1.4],
contrast=[0.7, 1.3],
saturation=[0.5, 1.5],
hue=[—0.06, 0.06],
gamma=[0.7, 1.3]
)
transforms .Pad(padding=int (n_pixels / 2),
padding mode=’edge’),
transforms . RandomAffine (
degrees=[—15, 15],
translate=(1/16, 1/16),
scale=(0.9, 1.1),
shear=None,
resample=PIL.Image . BILINEAR,
fillcolor=None
)
transforms . GaussianBlur (kernel size=5,
[0.001, 0.5]),
transforms . CenterCrop (size=n_ pixels),
transforms . RandomHorizontalFlip (p=p_ hflip),
GaussianNoise (0, gaussian_std),
Clip (clip_ min, clip_max)
1)

return tta_transforms
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