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ABSTRACT

This paper introduces Idempotent Test-Time Training (IT3), a novel approach to
addressing the challenge of distribution shift. While supervised-learning meth-
ods assume matching train and test distributions, this is rarely the case for ma-
chine learning systems deployed in the real world. Test-Time Training (TTT)
approaches address this by adapting models during inference, but they are lim-
ited by a domain specific auxiliary task. IT3 is based on the universal property
of idempotence. An idempotent operator is one that can be applied sequentially
without changing the result beyond the initial application, that is f(f(x)) = f(x).
At training, the model receives an input x along with another signal that can ei-
ther be the ground truth label y or a neutral ”don’t know” signal 0. At test time,
the additional signal can only be 0. When sequentially applying the model, first
predicting y0 = f(x,0) and then y1 = f(x,y0), the distance between y0 and y1

measures certainty and indicates out-of-distribution input x if high. We use this
distance, that can be expressed as ||f(x, f(x,0))− f(x,0)|| as our TTT loss dur-
ing inference. By carefully optimizing this objective, we effectively train f(x, ·)
to be idempotent, projecting the internal representation of the input onto the train-
ing distribution. We demonstrate the versatility of our approach across various
tasks, including corrupted image classification, aerodynamic predictions, tabular
data with missing information, age prediction from face, and large-scale aerial
photo segmentation. Moreover, these tasks span different architectures such as
MLPs, CNNs, and GNNs.

Figure 1: Idempotent Test-Time Training (IT3) approach. During training (left), the model fθ 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 fθ(x, ·) to be idempotent
using only the current test input.

1 INTRODUCTION

Supervised learning methods, while powerful, typically assume that training and test data come
from the same distribution. Unfortunately, this is rarely true in practice. Data 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.,
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2022). Modern deployed machine learning systems not only need to adapt to distribution shifts but
also must do so on-the-fly using very limited data.

The problem setup this work addresses requires adapting to distribution shifts on-the-fly using only
the current test instance or batch, without access to any additional labeled or unlabeled data dur-
ing inference. During training, the model has access solely to the base distribution training data,
with no prior knowledge of the test distribution. Adversarial robustness and domain adaptation ad-
dress related challenges, they typically require additional data either during training or inference,
and sometimes rely on specific assumptions about the nature of the shift. While effective in their
contexts, they are not designed for immediate, instance-level adaptation and do not solve our prob-
lem setup. Test-Time Training (TTT)(Sun et al., 2020) offers an alternative by adapting the model
during inference using an auxiliary self-supervised task on each test sample. This dynamic, on-
the-fly adaptation allows the model to handle corrupted and Out-of-Distribution (OOD) data using
only the current test instance or batch, without access to any other data. However, TTT employs
an auxiliary task specific to the data modality (e.g., orientation prediction or inpainting for imagery
data)(Gandelsman et al., 2022).

In this paper, we argue that enforcing idempotence can profitably replace the auxiliary tasks in TTT
and results in an approach we dub IT3 that is a versatile and powerful while generalizing well across
domains and architectures.

More specifically, an operator f is said to be idempotent if it can be applied sequentially without
changing the result beyond the initial application, namely: f(f(x)) = f(x). This can be understood
as a generalization of orthogonal projection in linear spaces to non-linear settings. At training, IT3

receives an input x along with another signal that can either be the ground truth label y or a neutral
”don’t know” signal 0. Durasov et al. (2024a) Sequentially applied a model that was trained with
this policy s.t. y0 = f(x,0) and y1 = f(x, y0). The distance ||y1 − y2|| in some metric, indicates
the prediction uncertainty and also indicates whether x is OOD. What if, at test time, we could
actively minimize this distance whenever we encounter an instance? Could we “pull it” into the
distribution? IT3 uses this this distance as a loss for TTT sessions. When we unfold y1 and y2 in
such a loss term we obtain: ||f(x, f(x,0)) − f(x,0)||. Closer examination of this term reveals a
key insight: the optimization objective is actually driving the model to make f(x, ·) Idempotent!
While not trivial, we know that, with careful adjustments, it is indeed possible to train a model
to be idempotent (Shocher et al., 2024). This ties everything together: idempotence, seen as a
generalization of projection, suggests the existence of a subset onto which the model maps the
internal representation of th input. In our case, this subset exists in the joint X × Y space, and
corresponds roughly to the distribution of correctly paired x,y examples.

The result is a global method that does not rely on any specific 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, IT3 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

IT3 relies on the notion of idempotence to globalize TTT. We briefly review these two fields.

2.1 TEST-TIME TRAINING

The idea of leveraging test data for model adaptation dates back to methods like transductive learning
(Gammerman 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 works, for many image enhancement tasks (Shocher et al.,
2018; Gandelsman et al., 2019) and single image generative models (Shocher et al., 2019; Shaham
et al., 2019).
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Test-Time Training (TTT) has emerged as a solution to the problem of generalization under distri-
bution shifts. Using a pre-trained network and at test-time re�ning 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 rotations, on each test sample. This on-the-�y adap-
tation has proven effective in improving robustness on corrupted and Out-Of-Distribution (OOD)
data. As the self-supervised learning methods became more ef�cient (He et al., 2022), they could
be exploited for TTT (Gandelsman et al., 2022). Extensions such as TTT++ (Liu et al., 2021) as-
sume access to the entire test set. TENT (Wang et al., 2021) adapts during inference in the batch
level, based on the batch entropy, but cannot be applied to single instances or very small batches.
Moreover, it relies on updating the model's normalization layers, making it architecture dependent.

2.2 IDEMPOTENCE INDEEPLEARNING

Idempotence, a concept rooted in mathematics and functional programming, refers to an operation
where repeated application yields the same result as a single application. Mathematically, for a
functionf , being idempotent means

f (f (x)) = f (x); 8x : (1)

In other words, applying the function multiple times has no effect beyond the �rst application. In
the realm of linear operators, idempotence equates to orthogonal projection. OverRn , these are
matricesA that satisfyA2 = A, with eigenvalues that are either 0 or 1; they can be interpreted as
geometrically preserving certain components while nullifying others. This principle was recently
used for generative modeling. Idempotent Generative Network (IGN) (Shocher et al., 2024) is a
generative model based on mapping data instances to themselvesf (x) = x and map latents to
targets that map to them selvesf (f (z) = f (z). It was further shown to be able to 'project' corrupted
images onto the data manifold, practically remove the corruptions with no prior knowledge of the
degradation .

Energy-Based Models (EBMs; Ackley et al. (1985)) offer a related perspective by de�ning a func-
tion f that assigns energy scores to inputs, with higher energy indicating less desirable or likely
examples, and lower energy indicating those that �t the model well. IGN introduces a similar con-
cept but frames it differently: instead off directly serving as the energy function, the energy is
implicitly de�ned via the difference� (y) = D(f (y); y), whereD measures the distance between
the model's prediction and its input. In this framework, trainingf to be idempotent minimizes
� (f (z)) , pushing the model toward a low-energy con�guration where its outputs remain stable un-
der repeated applications. Thus,f can be interpreted as a transition operator that drives high-energy
inputs toward a low-energy, stable domain, reducing the need for separate optimization procedures
to �nd the energy minimum.

In concurrent work, the ZigZag method has �rst been proposed and then extended to recursive net-
works (Durasov et al., 2024b;a). It introduces idempotence as a means to assess uncertainty in neural
network predictions, ZigZag operates by recursively feeding the model's predictions back as inputs,
allowing the model to re�ne its outputs. The consistency between successive predictions acts as
an uncertainty metric, where stable, unchanged outputs indicate higher con�dence, while divergent
predictions signal uncertainty or out-of-distribution (OOD) data. Unlike popular sampling-based un-
certainty estimation methods (Gal & Ghahramani, 2016; Lakshminarayanan et al., 2017; Wen et al.,
2020; Durasov et al., 2021), ZigZag does not require many forward passes or complex sampling,
making it more computationally ef�cient for real-time applications.

3 METHOD

3.1 INITIAL TRAINING

Let f � be a generic model that we wish to deploy in an environment where the statistical distribution
of the samples it receives may change over time. Fig 1 depicts the initial training phase, we perform
a standard supervised training with a slight modi�cation inspired by the ZigZag method Durasov
et al. (2024b): We modify the �rst layer of the network implementingf � so that it can accept a
second argument in addition to the data samplex that it is normally takes as input. This additional
argument can be eithery , the desired output of the network given inputx, or a neutral ”don't know”
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signal0. During training, we minimize the supervised loss
L train = kf � (x ; y ) � yk + kf � (x ; 0) � yk ; (2)

wheref (x ; �) is the model's prediction given inputx and the additional input. whenL train is mini-
mized, we can write

y0 = f � (x ; 0) � y ; y1 = f � (x ; y0) � f � (x ; y ) � y ) f � (x ; f � (x ; 0)) � f � (x ; 0) : (3)
Of course, this can only be expected to hold whenx is within the training distribution. Whenx is
out-of-distribution,y0 andy1 can be very different. In Durasov et al. (2024b), this is exploited to
estimate uncertainty: the greater the deviation from Eq. 3, the more uncertain the prediction is taken
to be. In contrast, in this paper, we use Test-Time Training to enforce the constraint of Eq. 3 during
inference.

3.2 TEST-TIME TRAINING

At test time, IT3 introduces a dynamic adaptation process to re�ne the model's predictions for new
inputs, particularly those that may be OOD or corrupted. The goal is to make the model idempotent
with respect to its second input, that is, ensuring thatf � (x ; �) is an idempotent function for a given
x. A naive way to enforce this would be to minimize the loss function

L TTT = kf � (x ; f � (x ; 0)) � f � (x ; 0)k : (4)
However, directly minimizing this loss can produce undesirable side effects. For instance, ify0 is
an incorrect prediction, minimizing the distanceky0 � y1k may causey1 to be pulled toward the
incorrecty0, thereby magnifying the error. Another potential failure mode is due to the fact that
identity is idempotent. Forf = identity , we getL TTT = 0 .

To prevent such a collapse, we modify the test-time training procedure as depicted in Fig, 1: We
keep a copy of the model as it was at the end of the training phase, denoted asF = f � , where� are
the weights obtained after the initial training of Sec. 3.1, which will not be updated further. We then
take the test-time loss to be

L IT3 = kF (x; f � (x ; 0)) � f � (x ; 0)k ; (5)
wheref � is the model being updated at test-time. Here, the �rst predictiony0 = f � (x ; 0) is com-
puted as before, but the second one,y1 = F (x; f � (x ; 0)) , is made using the frozen modelF . By
updating onlyf � and keepingF �xed, we ensure thaty0 is adjusted to minimize the discrepancy
with y1, without pullingy1 toward an incorrecty0. A similar idea was employed in the IGN ap-
proach (Shocher et al., 2024) meaningful predictions are required. After each TTT optimization
iteration, the dynamic modelf � is initialized with� , ready for the next input.

3.3 ONLINE IT3

For streaming data scenarios, where the distribution shifts continuously over time, we modify IT3

to operate in an online mode by not resettingf � back toF after each TTT episode, as we did in
Section 3.2. We essentially assume that the distribution mostly shifts smoothly and, thus, there is a
good reason to believe that the current state off � is a better initialization for the next TTT episode
than the originalF . This makes the model evolve over time. In this scheme, it can happen that the
performance of the model on data from its original training decreases signi�cantly, a phenomenon
known as catastrophic forgetting (Kirkpatrick et al., 2017). This is acceptable as the goal is to
perform well on data at the present moment, rather than on past examples.

Another modi�cation in the online setup is for the second sequential application of the model, i.e.,
theF in F (x; f � (x ; 0)) . Since the data keeps shifting, there is no reason to retain the frozenF as an
anchor inde�nitely. Over time,f � may diverge far fromF , making it irrelevant. Relying on the old
state of the model would prevent the model from evolving ef�ciently. Replacing it with the current
state off � is out of the question, as it causes collapse. We need an anchor that is in�uenced by a
reasonable amount of data, yet evolves over time. Our solution is to replaceF with an Exponential
Moving Average (EMA) of the modelf � , denoted asf EMA . This meansf EMA is a smoothed version
of f � over time. The test-time loss in the online setting then becomes

L online = kf EMA(x ; f � (x ; 0)) � f � (x ; 0)k : (6)
By updating bothf � andf EMA incrementally, withf EMA serving as a stable reference that changes
more slowly, the model adapts to gradual shifts without over�tting to noise or temporary anomalies.
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4 EXPERIMENTS

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 experiments. In all these scenarios, we �rst train the model using the
supervised approach of Section 3.1 and then perform the test-time training of Section 3.2. For each
task, we design an OOD data subset for evaluation. The OOD data is divided into several levels,
with higher levels representing data that is progressively further from the training distribution. In
each experiment, we observe how quickly the model's performance degrades as the level of OOD-
ness increases. We have not found test-time adaptation baselines matching the TTT problem setup
for any of the tasks except image classi�cation. So we provide the comparative numbers in this case
and, for all cases, we compare against the performance of the vanilla non adaptive model. In all
cases we used published, common, strong models that are SotA or close to it. Across all scenarios,
our method degrades slower than the vanilla network baseline.

4.1 TABULAR DATA

Tabular data consists of numerical features and corresponding continuous target values for regres-
sion tasks from the UCI tabular datasets (Bay et al., 2000). They are widely used in machine learning
research for benchmarking regression models. In our case, we use The Boston Housing dataset de-
scribes housing prices in the suburbs of Boston, Massachusetts. It includes various features related
to socioeconomic and geographical factors that in�uence housing prices. We take a test set and
gradually apply random feature zeroing with increasing probabilities of 5%, 10%, 15%, and 20%
(4 mentioned levels of OOD). This random feature dropping simulates out-of-distribution (OOD)
data by progressively altering the input features, making the data less similar to the original training
distribution. As the probability of feature dropping increases, the data becomes more OOD, which
lowers the model's accuracy. The trained model is a simple Multi-Layer Perceptron (MLP) opti-
mized using the Adam optimizer, and we observe that IT3 consistently degrades less compared to
the vanilla baseline across all OOD levels as depicted in Fig. 2.

Figure 2: UCI Results on OOD inputs: The plots illustrate the performance of IT3 compared to a vanilla
model across different OOD levels.Left : The mean absolute error (MAE) shows that ITTT outperforms the
vanilla model, retaining performance better as the data shifts further from the training distribution.Right: The
box plot for car data shows the distribution of MAE at various OOD levels, where ITTT with different batch
sizes ([batch=1, batch=4, batch=8]) degrades less compared to theNot optimized baseline. Larger batch
sizes preserve performance more effectively.

4.2 CIFAR

We conducted similar experiments using the CIFAR-10 (Krizhevsky et al., 2014) dataset, selecting
CIFAR-C (Hendrycks & Dietterich, 2019) as the out-of-distribution (OOD) data. CIFAR-C contains
the same images as CIFAR-10 but with various common corruptions, such as Gaussian noise, blur,
and contrast variations, simulating real-world conditions. These corruptions are applied at different
severity levels, allowing us to evaluate how the model's performance degrades as the data shifts
further from the original CIFAR-10 distribution. For this experiment, we used theDeep Layer Ag-
gregation(DLA)(Yu et al., 2018) network, known for its strong performance in image classi�cation
and robustness to over�tting. We trained the model according to the guidelines from the original
DLA paper to ensure optimal results. Fig.2 shows the evaluation error on CIFAR-C at severity level
5 for different types of corruptions, following (Sun et al., 2020). As shown, IT3 outperforms the
vanilla model, with higher batch sizes yielding the best results. In our basic setup, batch size of
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