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Abstract

Deep learning models often struggle when de-
ployed in real-world settings due to distribution
shifts between training and test data. While ex-
isting approaches like domain adaptation and
test-time training (TTT) offer partial solutions,
they typically require additional data or domain-
specific auxiliary tasks. We present Idempotent
Test-Time Training (IT?), a novel approach that
enables on-the-fly adaptation to distribution shifts
using only the current test instance, without any
auxiliary task design. Our key insight is that
enforcing idempotence—where repeated appli-
cations of a function yield the same result—can
effectively replace domain-specific auxiliary tasks
used in previous TTT methods. We theoretically
connect idempotence to prediction confidence and
demonstrate that minimizing the distance between
successive applications of our model during in-
ference leads to improved out-of-distribution per-
formance. Extensive experiments across diverse
domains (including image classification, aerody-
namics prediction, and aerial segmentation) and
architectures (MLPs, CNNs, GNNs) show that
IT3 consistently outperforms existing approaches
while being simpler and more widely applicable.
Our results suggest that idempotence provides a
universal principle for test-time adaptation that
generalizes across domains and architectures.
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1. Introduction

Supervised learning methods, while powerful, typically as-
sume that training and test data come from the same distri-
bution. Unfortunately, this is rarely true in practice. Data
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encountered by systems operating in the real world often
differs substantially from what they were trained on due
to data distribution shifts over time or other changes in the
environment. This inevitably degrades performance, even in
state-of-the-art models (Recht et al., 2018; Hendrycks et al.,
2021; Yao et al., 2022). Machine learning systems used in
production not only need to adapt to distribution shifts but
also must do so on-the-fly using very limited data.

Thus, in this work, we focus on adapting to distribution
shifts on-the-fly using only the current test instance or batch,
without access to any additional labeled or unlabeled data
during inference. During training, the model only has access
to the base distribution training data, without any knowledge
of the test distribution, which may be different.

Adversarial robustness and domain adaptation address re-
lated challenges. However, they typically require additional
data either during training or inference, and sometimes rely
on specific assumptions about the nature of the shift. While
effective when such additional knowledge is available, they
are not designed for immediate, instance-level adaptation
and are not applicable in the scenario we envision. Test-
Time Training (TTT) (Sun et al., 2020) offers a promis-
ing alternative by adapting the model during inference by
performing an auxiliary self-supervised task on each test
sample. This enables the model to handle corrupted and
Out-of-Distribution (OOD) data using only the current test
instance or batch, without access to anything else. However,
TTT requires performing an auxiliary task specific to the
data modality, such as orientation prediction or inpainting
for image data (Gandelsman et al., 2022). And defining an
appropriate auxiliary task is not straightforward in general.

In this paper, we argue that enforcing idempotence can
profitably replace the auxiliary tasks in TTT and yields
an approach we dub IT? that is a versatile and powerful
while generalizing well across domains and architectures.

More specifically, let f be a deep network that takes as input
a vector x and a second auxiliary variable that can either
be the ground truth label y corresponding to x or a neutral
uninformative signal 0. In (Durasov et al., 2024b), it was
shown that if such a network is trained so that f(x,0) =
f(x,y) =y, then at test time the distance || f(x, f(x,0)) —
f(x,0)]|| correlates strongly with the prediction error. What
if, at test time, we could actively minimize this distance
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Figure 1. Idempotent Test-Time Training (IT®) approach. During training (left), the model fjy is trained to predict the label y with or
without y given to it as input. At test time (right), when given a corrupted input, the model is sequentially applied. It then briefly trains
with the objective of making fp(x, ) to be idempotent using only the current test input.
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whenever we encounter an OOD instance? Could we “pull it
into the distribution? IT? uses this distance as a loss for TTT
sessions. Unfolding g, y1 we obtain: ||f(x, f(x,0)) —
f(x,0)||. This makes f(x, ) idempotent. Fortunately, it
has been shown that, while not trivial, training a model to
achieve idempotence is feasible (Shocher et al., 2024). See
further discussion in Appendix B.

This yields a generic method that does not rely on any spe-
cific domain properties. This is in contrast to prior TTT
methods that rely on a domain specific auxiliary task. By
leveraging the universal property of idempotence, IT? can
adapt OOD test inputs on-the-fly across various domains,
tasks and architectures. This includes image classification
with corruptions, aerodynamic predictions for airfoils and
cars, tabular data with missing information, age prediction
from faces, and large-scale aerial photo segmentation, using
MLPs, CNNs, or GNNs.

2. Related Work

In essence, IT? relies on idempotence to generalize Test-
Time Training. We briefly review these two fields.

2.1. Test-Time Training (TTT)

The idea of leveraging test data for model adaptation dates
back to methods like transductive learning (Gammer-
man et al., 1998). Early approaches, such as transductive
SVMs (Collobert et al., 2006) and local learning (Bottou &
Vapnik, 1992), aimed to adapt predictions for specific test
samples rather than generalizing across unseen data.

Training neural networks solely on single test instances,
without pre-training, has been demonstrated in the “deep
internal learning” line of work, for many image enhance-
ment tasks (Shocher et al., 2018; Gandelsman et al., 2019)
and single image generative models (Shocher et al., 2019;
Shaham et al., 2019).

Distribution Shifts: TTT has emerged as a solution to the
problem of generalization under distribution shifts. Using
a pre-trained network and at test-time refining on a single
instance each time. In the foundational work of Sun et al.
(2020), the model is adjusted in real-time by solving an
auxiliary self-supervised task, such as predicting image ro-
tations, on each test sample. This on-the-fly adaptation has
proven good at improving robustness on corrupted and Out-
Of-Distribution (OOD) data. As the self-supervised learning
methods became more efficient (He et al., 2022), they could
be exploited for TTT (Gandelsman et al., 2022). Extensions
such as TTT++ (Liu et al., 2021) require access to the entire
test set. TENT (Wang et al., 2021) adapts during inference
at the batch level, based on batch entropy, but cannot be ap-
plied to single instances or very small batches. Moreover, it
relies on updating the model’s normalization layers, making
it architecture dependent. Another problem that many exist-
ing TTT approaches face is their task dependency, meaning
they are designed to work for a specific data types, which
is almost always image classification. The recent method
ActMAD (Mirza et al., 2023) addresses this limitation by
pulling the mean and variance of data embeddings closer
to those of the training data, improving predictions on out-
of-distribution or corrupted data. While its effectiveness
has been mostly demonstrated on image data, the approach
has the potential to be applied to other types of data as well
and we will use as one of the baselines we compare against.
In (Park et al., 2024), the authors propose a test-time adap-
tation method for depth completion, fine-tuning a specific
adaptor layer using a consistency loss between two predic-
tions. However, the approach is tailored to depth completion
and not applicable to other tasks.

TTT vs. Test Time Adaptation (TTA): TTT operates per-
instance, with no assumption that future test data will be
similar. In contrast, TTA (Liang et al., 2024) adapts using
a large test set from the same shift (Batch/Domain TTA),
or assuming correlation between instances (Online TTA).
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Most previous work (Sun et al., 2020; Gandelsman et alhigher con dence, while divergent predictions signal un-
2022) have thus treated TTA and TTT as distinct paradigmgertainty or out-of-distribution (OOD) data. Unlike popu-
rather than direct competitors. TTA exploits abundant testar sampling-based uncertainty estimation methods (Gal &
data but cannot tune the training process, while TTT shape&hahramani, 2016; Lakshminarayanan et al., 2017; Wen
training but handles every test instance in isolation. Eaclet al., 2020; Durasov et al., 2021), ZigZag does not require
approach suits different scenarios. many forward passes or complex sampling, making it more
computationally ef cient for real-time applications.
2.2. ldempotence in Deep Learning

Idempotence, a concept rooted in mathematics and funé’—- Method

tional programming, refers to an operation whose repeategl e, 4 pre-trained model, Flaims to dynamically adapt its

appllcatlon yields the same resu!t as a single a‘ppI'Ca“Orﬁveights at inference time using Test-Time Training (TTT)

Mathematically, for a functiof, being idempotent means  , raqyce uncertainty and handle Out-of-Distribution (OOD)
FEOX) = f(x): 8x: (1) instances. As discussed above, other TTT approaches rely

on satisfying domain speci ¢ auxiliary tasks to achieve this.
In other words, applying the function multiple times haslnstead, we rely on the model we train being idempotent on
no effect beyond the rst one. In the context of linear op-

the training set and adapt its weights at inference time to
erators, idempotence corresponds to orthogonal projectiofPProach idempotence on the test set as new samples are

OverR", these are matrices that satisfyA2 = A, with being fed to it. This pulls the representations of OOD inputs

eigenvalues of either 0 or 1; they can be interpreted as geEu_ack into t‘he distribution of the training data anc_i improves
metrically preserving certain components while nullifying the model's performance on corrupted or OOD instances.

others. This concept was recently applied in generativen this section, we describe how we make our models idem-
modeling. Idempotent Generative Network (IGN) (Shocherpotent for training set samples, how we use the idempotence

et al., 2024) is a generative model that maps data instancesss for TTT during inference, and how we adapt the algo-
to themselvesf (x) = x, and maps latents to targets that rithm for online scenarios.

also map to themselves(f (z)) = f (z). It was shown
to 'project’ corrupted images onto the data manifold, effec 1 Making the Network Idempotent at Training Time

tively removing the corruptions without prior knowledge of
the degradation. Letf be a generic network with weightsthat takes an

inputx. We wish to deploy in an environment where the
Energy-Based Models (EBMs; (Ackley et al., 1985)) offer giatistical distribution of the samples it receives may change
arelated perspective by de ning a functiérthat assigns  gyer time. To this end, as in ZigZag (Durasov et al., 2024a),
energy scores to inputs, with higher energy indicating lesg,o modify slightly its input layer so that it can accept a
desirable or likely examples, and lower energy indicatinggecongd argument that be eitherthe desired output of the
those that t the model well. IGN introduces a similar con- nanwvork given inpuk, or a neutral uninformative signél
cept but frames it differently: Instead bfdirectly serving  pyring the initial training, we minimize the supervised loss
as the energy function, the energy is implicitly de ned via
the difference (y) = D(f (y);y), whereD measures the Lyain = kf (x;y) yk+ kf (x;0) yk; (2)
distance between the model's prediction and its input. In this . ) ) _
framework, training to be idempotent minimizes(f (2)), as depicted on the left side of Fig. 1. This enforces

pushing the model toward a low-energy con guration where = f (x:0 . 3
. . . . Yo (Xv ) Yy, ( )
its outputs remain stable under repeated applications. Thus, —f (x: ¢ (xe ] 4
f can be interpreted as a transition operator that drives high- y1=1f (x:yo) xy) oy )
energy inputs toward a low-energy, stable domain, reducing ) FOGf(x0) f (x:0):

the need for separate optimization procedures to nd th

o Sn other words, has been adjusted so that functiorfx; )
energy minimum.

is as idempotent as possible for &llin the training set.

In concurrent work, the ZigZag method has rst been pro-Of course, wherx is comes from the test set, there is no
posed and then extended to recursive networks (Durasayuarantee of that because there may be distribution shift
et al., 2024a;b). It introduces idempotence as a means tmetween the two sets. In (Durasov et al., 2024a), it is shown
assess uncertainty in neural network predictions. ZigZag oghat the deviation from the equality of Eq. 4 expressed as
erates by recursively feeding the model's predictions backf (x;f (x;0)) f (x;0)k correlates strongly with the

as inputs, allowing the model to re ne its outputs. The accuracy of the prediction and can be used to detect testing
consistency between successive predictions acts as an wamples that are out-of-distribution with respect to the train-
certainty metric, where stable, unchanged outputs indicating set. Fig. 2 illustrates this in the case of a network trained

3
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to predict the lift-over-drag ratio (L/D) of a 2D airfoil. In  modelF. By updating onlyf and keepind- xed, we

other words, herex is a 2D outline representing an airfoil ensure thay is adjusted to minimize the discrepancy with

and the outpuy is expected the corresponding L/D. y1, without pullingy; toward an incorrecyo. A similar
idea was employed in the IGN approach (Shocher et al.,
2024) when meaningful predictions are required. After
each TTT optimization iteration, the dynamic mo#éeiis
initialized with , ready for the next input.

Essentially, I? extends the projection principle of Idem-
potent Generative Networks (IGN) (Shocher et al., 2024).
IGNs map corrupted inputs onto the distribution of valid
data by enforcing idempotence. Similarly,3Iprojects
OO0D (x;y) pairs onto the distribution of valid ones by
iteratively re ning the network's internal representations.

Figure 2.ldempotence vs. Out-of-Distributionness We plot While only y explicitly changes, every layers activa-

the distribution of idempotence errors, measured by the distancggns,_fyncuon_s Of, bc_)th( ,andy_adJUSt tc,) better t the_
iyi  y2j in Eq.4, for training, test, and OOD data. For OOD distribution of in-distribution representations, much like

samples, we show the errors both before and after minimizing thentGN corrects corrupted data by pulling it toward the natural
globally. OOD samples exhibit signi cantly larger idempotence image manifold. See detailed discussion in Appendix B.
errors, which decrease after optimization. Figuratively, plishes

the OOD representations to be more similar to those of the trainin@g.3. Online IT3

distribution. In Sec.4, we show that this reduction yields improved ) . ] o
performance. We introduce a variant of Brfor a different scenarioGiven

data streams, where the distribution shifts continuously over
time, in a continual learning setup, we modify?ITo operate
in an online mode by not resettirig back toF after each

In ZigZag (Durasov et al., 2024a), deviations from idem-TTT episode, as we did in Section 3.2. We essentially
potence, as measured by the distance between the two pAssume that the distribution mostly shifts smoothly and,
dictions of Eq. 4, are used to evaluate the accuracy of #US, there is a good reason to believe that the current state
prediction. In 1T, we propose to go further and to mini- of f is a better initialization for the next TTT episode than
mize these deviations atferencetime to compensate for thg originaIF_. This makes the model evolve over time. In
potential domain shifts between training and test data.  this scheme, it can happen that the performance of the model
) o ) on data from its original training decreases signi cantly, a
A naive way would be to minimize the loss function phenomenon known as catastrophic forgetting (Kirkpatrick
_ . . . . etal., 2017). Thisis acceptable as the goal is to perform well
Lrrr = K OGT (6G0)) 1 (0)k; ®) " on data at the present moment, rather than on past examples.

for all samplesx received as inference time. However,\we make another modi cation in the second sequen-
this can produce undesirable side effects. For instancgg application of the model, that is, when computing
if yo = f (x;0) is an incorrect prediction, minimizing g (x:f (x;0)). Since the data keeps shifting, there is no
Kyo ~yikmay causg, = f (X;yo) to be pulled toward  reas0n to retain the frozéh as an anchor inde nitely. Over
the incorrecty, thereby magnifying the error. Another ime f may diverge far fronf, making it irrelevant. Rely-
potential failure mode is to encourage(x; ) to become  jng on the old state of the model would prevent the model
the identity function, with is trivially idempotent. from evolving ef ciently. Replacing it with the current state

To prevent this, we modify the test-time training procedureOf f i_S out of the question, as it could causes collapse as

as shown on the right side of Fig, 1. We keep a copy of th&described in Section 3.2. Instead, we need an anchor that
model as it was at the end of the training phase, denoted 48 in uenced by a reasonable amount of data, yet evolves

F=f ,where are the weights obtained after the initial Over time. Our solution is to replad¢e with an Exponential

training of Sec. 3.1, which will not be updated further. We Moving Average (EMA) of the modél , denoted a$eua-
then take the test-time loss to be This meand gyva is a smoothed version 6f over time. The
test-time loss in the online setting then becomes

3.2. Test-Time Training

Lis = kKF(x;f (x;0)) f (x;0)k; (6)

) ) ) Lonine = Kfema(X;f (x;0)) f (x;0)k: (7)
wheref is the model being updated at test-time. Here, the
rst predictionyo = f (x;0) is computed as before, butthe By updating bottf andfgya incrementally, withf gya
second oney; = F(x;f (x;0)), is made using the frozen serving as a stable reference that changes more slowly, the
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model adapts to gradual shifts without over tting to noise model is a simple Multi-Layer Perceptron (MLP) optimized

or temporary anomalies. using the Adam optimizer, and we observe that ¢dnsis-
tently degrades less compared to other baselines across all
4. Experiments OOD levels as depicted in Fig. 3.

We evaluate our approach across a diverse set of data types
and tasks, including age prediction, image classi cation,
and road segmentation in the visual domain, as well as
aerodynamics prediction using 3D data and tabular data ex-
periments. In all these scenarios, we rst train the model
using the supervised approach of Section 3.1 and then per-
form the test-time training of Section 3.2. For each task, we
design an OOD test set for evaluation, that is, data drawn
from a shifted distribution with respect to that of the training
set. The OOD data is divided into several levels, with higher
levels representing data that is progressively further from
the training distribution. We evaluate our method for eacthgure 3.UCI Results on 00D inputs The plots llustrate the

Igvel, presentlng' the results ‘f"s bar plots fqr different batcr|E!)erformance of IT compared to other baselines across different
sizes. After running the algorithm on a particular batch, WE00D levels. The box plot for tabular data shows the distribution of

reset th_e model to its original, non-updated weights beforag at various 00D levels, wherd 2 with different batch sizes
evaluating the next batch. (Ibatch=1, batch=4, batch=g]) degrades less compared to ttie

In our experiments, we compare our method against a non- rforman:;):?necl;:eee?rgar\/tngD - Larger batch sizes preserve
optimized model to demonstrate the effectiveness of TF 4
approaches relative to a vanilla model, as well as other pop-

ular baselines. For the image classi cation task, we include®-2- CIFAR

the original TTT method and a newer more versatile apye conducted similar experiments using the CIFAR-
proach, ActMAD (Mirza et al., 2023), which we described 10 (Krizhevsky et al., 2014) dataset, selecting CIFAR-
in Section 2 and apply across all other setups. To furthe (Hendrycks & Dietterich, 2019) as the out-of-distribution
assess the effectiveness of our approach, we also evalyoD) data. CIFAR-C contains the same images as CIFAR-
ate all baselines, except the vanilla model, using differeni g put with various common corruptions, such as Gaussian
batch sizes. Across all scenarios, our method degrades mogRyise, blur, and contrast variations, simulating real-world
slowly than the baselines as the domain shift between traiconditions. These corruptions are applied at different sever-
ing and testing data increases. Additionally, in Appendix Aty |evels, allowing us to evaluate how the model's perfor-
we provide inference time comparisons for the considereghance degrades as the data shifts further from the original

approaches. CIFAR-10 distribution. For this experiment, we used the
Deep Layer Aggregatio(DLA) (Yu et al., 2018) network,
4.1. Tabular Data known for its strong performance in image classi cation and

Tabular data consists of numerical features and corresponhﬁ%busmeSS o over tting. We trained the model according to

: . . e guidelines from the original DLA paper to ensure opti-
ing continuous target values for regression tasks from the . )

.. mal results. Fig.3 shows the evaluation error on CIFAR-C
UCI tabular datasets (Bay et al,, 2000). They are Wldelyat severity level 5 for different types of corruptions, follow-
used in machine learning research to benchmark regressmng (Sun et al., 2020). As shown, Ibutperforms other

models. In our case, we use The Boston Housing datas aselines, with higher batch sizes yielding the best results
describes housing prices in the suburbs of Boston, Mas- ' 9 y 9 '

sachusetts. It includes various features related to socioe-

conomic and geographical factors that in uence housing*-3- Ag€ Prediction

prices. We take a test set and gradually apply random fegg experiment with image-based age prediction from face
ture zeroing with increasing probabilities of 5%, 10%, 15%.images, we use the UTKFace dataset (Zhang et al., 2017),
and 20% (4 mentioned levels of OOD). This random feag |arge-scale collection containing tens of thousands of
ture dropping simulates out-of-distribution (OOD) data byface images annotated with age information. The model is
progressively altering the input features, making the datgrained on face images of individuals aged between 20 and
less similar to the original training distribution. As the g, while individuals younger or older than this range are
probability of feature dropping increases, the data becomegonsidered out-of-distribution (OOD) (Fig.5). The further
more OOD, which lowers the model's accuracy. The trainedhe age is from the 20-60 interval, the higher the OOD level
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