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Introduction

Machine learning models operate under a fundamental assumption: test data will follow the same sta-
tistical distribution as training data. Distribution shift occurs when this assumption breaks, causing de-
ployed models to encounter data systematically different from their training experience [1]. A medical
imaging classifier trained on high-resolution MRI scans from research hospitals encounters lower-quality
images from portable scanners in rural clinics. The feature distributions differ, decision boundaries no
longer separate classes correctly, and diagnostic accuracy degrades. This degradation is not a failure
of the model architecture or training procedure but an inevitable consequence of deployment in diverse,
uncontrolled environments.

Test-time adaptation emerged to address distribution shift by modifying models during deployment.
Unlike traditional approaches requiring retraining on labeled target data, test-time adaptation works with
unlabeled samples as they arrive during inference. Methods update batch normalization parameters
through entropy minimization [2], adjust feature statistics to match test distributions [3], or learn input-
specific prompts [4]. Each approach restores performance by aligning the model with shifted data. The
fleld assumes models can be modified at deployment time through gradient computation, parameter
updates, or architectural access.

Real-world deployments prohibit such modifications. Medical devices certified under regulatory frame-
works cannot change parameters without invalidating safety approvals. Cloud vision services operate
through encrypted APIs that accept images and return predictions while keeping models completely
opaque. Edge devices compile neural networks into optimized firmware where parameters become im-
mutable. Military and financial systems enforce cryptographic verification ensuring models remain un-
modified. These constraints define standard deployment practice, not exceptional cases.

We present Input Transformation via Entropy Minimization (ITEM), the first test-time adaptation method
that preserves complete model integrity. Rather than modifying models to handle corrupted data, ITEM
modifies corrupted data to match model expectations. The approach leverages a fundamental prop-
erty of neural network confidence: well-calibrated models produce low-entropy predictions on familiar
inputs and high-entropy predictions on out-of-distribution samples. By learning input transformations
that minimize prediction entropy, we guide shifted samples back toward the training distribution without
any model modification.

Our validation demonstrates ITEM's effectiveness under extreme data scarcity that mirrors real de-
ployment constraints. Training models with minimal samples per class and adapting with single cali-
bration examples, ITEM successfully recovers performance where parameter-based methods fail catas-
trophically. The approach achieves dramatically better sample efficiency than existing methods, reveal-
ing fundamental advantages of input-space optimization over parameter updates.

Chapter 2 presents our complete methodology and experimental validation through the research pa-
per. Readers seeking background on neural networks, distribution shift, and existing adaptation methods
should first read Chapter 3. These foundations explain why adapting inputs rather than models is both
necessary for real deployments and theoretically sound. Together, the chapters show that test-time
adaptation without model modification is not just possible but essential for practical computer vision
systems.
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Abstract

Test-time adaptation methods assume privileged ac-
cess to model internals: parameters for fine-tuning, statis-
tics for recalibration, or architectural components for
modification. This assumption fails when models are de-
ployed as certified systems, encrypted services, or under
regulatory constraints that prohibit parameter changes.
We present ITEM (Input Transformation via Entropy Min-
imization), the first preparation-agnostic sample adapta-
tion method for test-time adaptation. ITEM learns input
transformations that minimize prediction entropy using
only gradient signals through frozen models, exploiting
the principle that well-calibrated models produce low-
entropy outputs on familiar data. Unlike existing sample
adaptation methods that require specialized training pro-
cedures or parameter updates, ITEM works with any
pre-trained model without modification or preparation
requirements. Using scalar transformations as proof of
concept, we demonstrate adaptation under extreme data
scarcity: models trained on 10 samples per class and
adapted with single calibration samples. ITEM signifi-
cantly reduces performance degradation from corruption
while existing methods fail or show negligible improve-
ment. Our results establish that effective test-time adapta-
tion is possible without model modification, architectural
knowledge, or training preparation, opening new possi-
bilities for adapting deployed models under real-world
constraints.

1 Introduction

Machine learning models operate under a fundamen-
tal assumption: the data encountered during deployment
will follow the same distribution as the training data.
This assumption, while mathematically convenient, rarely
holds in practice. Deployed vision systems face distri-
bution shifts arising from environmental changes, sen-

Existing TTA 0,100\

methods:

. M "ankle bOOt "
Corrupted

Our approach

(ITEM):

ANk
© e Model

Corrupted Adapted

Figure 1. Test-time adaptation methods categorized by model in-
ternals requirements. Top: Existing approaches require modifi-
cation of model internals. Model adaptation manipulates param-
eters (6) via gradients (V). Normalization adaptation modifies
batch statistics (i, o). Inference adaptation adjusts prediction
logits (p). Prompt adaptation requires architectural embedding
points (). Bottom: ITEM uses sample adaptation, learning
input transformation ¢ through entropy minimization feedback.
Using single calibration samples per class, ITEM recovers ac-
curacy comparable to methods requiring model internals while
operating under strict deployment constraints, using only gradi-
ent signals through frozen models.

sor degradation, demographic variations, and countless
other factors. In medical imaging, models trained on
high-quality data from specialized centers often expe-
rience significant accuracy drops when deployed in di-
verse clinical settings, with degradation patterns well-
documented across domain adaptation studies [8]. Au-
tonomous vehicles’ perception systems, reliable in clear
conditions, experience detection failures exceeding 40%
in adverse weather [11]. These shifts affect critical ap-
plications where retraining is often impossible due to
computational, regulatory, or data access constraints.

Test-time adaptation (TTA) has emerged as a promis-
ing approach to address distribution shift during deploy-



ment. By adapting models as they encounter new data,

TTA methods can restore performance without requiring

retraining or access to the original training data. The field

has shown considerable progress, with methods adapting
various model components to handle shifted distributions.

However, these advances rest on a critical assumption:

the ability to modify model internals. Methods update pa-

rameters [16, 21, 22, 28], adjust statistics [15, 20, 25], or
access architectural components [9, 16]. This assumption
fails for a large class of real-world deployments.

Real-world deployments increasingly constrain
model modification through technical and regulatory re-
quirements. Models in medical devices certified under
FDA 510(k) or European CE marking cannot be modi-
fied post-deployment without invalidating safety certifi-
cations. Cloud vision services like Google Cloud Vision
API [5], Amazon Rekognition [1], and Azure Computer
Vision [19] provide state-of-the-art capabilities through
RESTful endpoints that accept images and return pre-
dictions, but prohibit any parameter updates. Models
embedded in encrypted firmware or compiled for edge
deployment similarly prevent modification while allow-
ing inference. In these settings, adaptation cannot rely on
changing model parameters, accessing internal statistics,
or modifying architectural components. The model exists
as an immutable prediction function.

We pose a different question: rather than adapting
the model to corrupted data, can we adapt the corrupted
data to the model? This perspective shift leads to ITEM
(Input Transformation via Entropy Minimization), the
first preparation-agnostic sample adaptation method that
preserves model integrity while achieving effective adap-
tation. Our key insight exploits a fundamental property of
neural network calibration: models trained on clean data
produce low-entropy predictions on familiar inputs and
high-entropy predictions on shifted data. By learning in-
put transformations that minimize prediction entropy, we
guide corrupted samples toward the training distribution
without any model modification Fig. 1. Unlike existing
sample adaptation methods that require specialized train-
ing procedures or architectural knowledge, ITEM works
with any pre-trained model, requiring only the ability to
compute gradients with respect to input transformations.

Our contributions are threefold:

1. First preparation-agnostic sample adaptation method:
We introduce ITEM, which adapts through input
transformation without requiring specialized training,
architectural constraints, or parameter modification.
This enables adaptation for arbitrary pre-trained mod-
els while preserving certifications and deployment
constraints.

2. Extreme sample efficiency: With just 1 sample per
class, ITEM recovers performance lost to distribution
shift, demonstrating that entropy signals from minimal

data suffice for effective adaptation when optimization
is properly constrained to the input space.

3. Insight on adaptation objectives: We discover that
entropy-optimal transformations systematically un-
dercorrect compared to pixel-reconstruction optima,
revealing that models prioritize maintaining inputs
within learned decision boundaries over perfect inten-
sity restoration.

2 Related Work

2.1 Domain Adaptation

Domain adaptation addresses distribution shift be-
tween training and deployment phases [2, 4]. Clas-
sical approaches minimize distribution divergence
through various techniques: Maximum Mean Discrep-
ancy (MMD) [7] measures differences between fea-
ture distributions, adversarial training [4] learns domain-
invariant representations, and optimal transport [3] finds
minimal-cost mappings between distributions. While the-
oretically grounded for covariate shift [26], these meth-
ods require simultaneous access to source and target
data during training, making them unsuitable for already-
deployed models.

Source-free domain adaptation (SFDA) emerged to
address scenarios where source data is unavailable [12,
16]. SHOT [16] generates pseudo-labels through entropy
minimization and diversity regularization. Hypothesis
transfer [17] extends this approach by transferring deci-
sion boundaries without source access. Neighborhood
structure exploitation [32] leverages intrinsic data rela-
tionships, while [10] explores model distillation tech-
niques. Despite eliminating source data requirements, all
SFDA methods modify model parameters during infer-
ence, which is incompatible with deployment constraints
that prohibit parameter updates.

2.2 Test-Time Adaptation

Test-time adaptation (TTA) modifies models during
inference to handle distribution shift without access to
source data. Given a model fy trained on source distri-
bution ps, TTA adapts to shifted target distribution p;
using only unlabeled target samples during deployment.
Recent surveys [18, 31] categorize TTA methods along
two primary axes: preparation requirements and adap-
tation target. Preparation requirements divide methods
into three categories as shown in Table 1: preparation-
agnostic methods that work with any pre-trained model,
training-preparation methods requiring specific training
procedures, and training-and-data preparation methods
that additionally require augmented training data. The
adaptation target determines what component is modified:



Table 1. Taxonomy of adaptation settings, extending Table 1 from Wang et al. [28] to incorporate the three test-time adaptation
categories identified in recent surveys. We adopt the modern terminology introduced in [31] where “’preparation-agnostic TTA”
corresponds to TENT’s “fully test-time” setting. Notation: (X*®,Y®) and (X, Y"*) denote source and target data with labels; X"
denotes unlabeled target data; fp represents the model with parameters 6; £ denotes the task loss (e.g., cross-entropy); aug denotes
augmentation strategies during training. Laign: domain alignment losses (e.g., MMD, adversarial). Lax: auxiliary self-supervised
losses (e.g., rotation prediction). Lyep: preparation-specific objectives including meta-learning. S: method-specific statistics (e.g.,
running moments, prototypes). #’ C : parameter subset. Model Access indicates methods requiring modification of model internals
(parameters, statistics, or architecture). v’ denotes violation of deployment constraints.

Setting Source Data  Target Data Training Loss Test Loss Model Access
Fine-tuning (X5,Y9) (XYY L(fo(X?®),Y?) - v
Domain Adaptation (X5,Y%) Xt L(fo(X*),Y*) 4+ Laign - v
Training&Data-prep TTA  (X*,Y®) + aug Xt L(fo(X*),Y?®) + Lprep L(fo(XY)) v
Training-prep TTA (X5,Y%) Xt L(fo(X*),Y%) + Lo L(fo(X")) v
Preparation-agnostic TTA - Xt - L(fo(Xh)) v
ITEM (Ours) - Xt - L(fo(a(X"))) -

model parameters, inference procedures, normalization
statistics, input samples, or prompts.

Preparation-agnostic methods adapt standard pre-
trained models without special training. Entropy min-
imization [28] updates BatchNorm parameters, while
AdaBN [15] directly replaces source statistics with tar-
get statistics. Recent methods add complexity: sharpness
awareness [22], Fisher regularization [21], and continual
adaptation [29]. These methods achieve strong adaptation
performance but fundamentally require parameter mod-
ification, violating deployment constraints in certified
systems.

Sample adaptation methods modify individual test
instances rather than model parameters. Existing ap-
proaches include DUA [20], which requires architec-
tural modifications during training to integrate differ-
entiable augmentation modules. Test-Time Training [27]
necessitates auxiliary rotation prediction tasks during the
training phase. Style transfer approaches [23] depend on
domain-specific feature statistics extracted during train-
ing. MEMO [33] performs augmentation-based adapta-
tion but updates full model parameters. Critically, all
existing sample adaptation methods require either train-
ing preparation or parameter modification, preventing
deployment on arbitrary pre-trained models under strict
constraints.

No existing method provides preparation-agnostic
adaptation without requiring parameter modification or
architectural knowledge. TENT [28] requires gradient-
based updates to BatchNorm parameters, AdaBN [15]
needs direct access to normalization layers, and
MEMO [33] performs full model updates through aug-
mentation consistency. Every approach violates at least
one requirement for constrained deployment scenarios.
This gap motivates ITEM, which achieves effective adap-
tation through input transformation alone, working with

Table 2. Deployment constraint violations by test-time adap-
tation methods. P: Parameter modification, A: Architec-
tural knowledge/requirements, F: Feature/internal state access.
v'indicates violation. ITEM achieves adaptation without violat-
ing any deployment constraints.

Method P A F
ITEM (Ours) - - -
Parameter Modification Methods
TENT [28] v v -
SAR [22] v - -
EATA [21] v v -
CoTTA [29] v v -
MEMO [33] v - -
Architecture-Dependent Methods
AdaBN [15] - v -
T3A [9] v v v
SHOT [16] v v v
Pseudo-Labeling Methods

RPL [24] v - -

PseudoLabeling [14] v - -

any pre-trained model while preserving all deployment
constraints Tab. 2.

3 Method

We formalize input-only adaptation for frozen mod-
els accessed through gradient computation but without
parameter modification privileges. Unlike existing test-
time adaptation methods that update model internals, our
approach operates entirely through input transformation.



Clean Corrupted

Adapter
o(z;0)

VoH (p)

[mine H(p) where p = ¢(o(Z;6)) }

Adapted

Frozen Model ¢

omlm 2=
-.Il-- H =0.82

T. __I___ H=031/

"ankle boot" vV

Figure 2. Input Transformation via Entropy Minimization (ITEM) adapts to distribution shifts through input transformation alone.
When corrupted test images arrive, an adapter o (+; 6) transforms them before passing to the frozen model ¢. The adapter parameters
0 are optimized to minimize prediction entropy H (p). The bottom panel shows the adapter learning phase: corrupted calibration
samples & are transformed by o, passed through the frozen model to obtain predictions p, and the entropy gradient Vo H (p) updates
the adapter without modifying ¢. The entropy progression (right) demonstrates convergence from high uncertainty to confident

predictions.

Algorithm 1 Input Transformation via Entropy Mini-
mization (ITEM)

Input: Frozen model fy, corrupted samples {z;}7 ,,
learning rate 7
Output: Optimal transformation parameter c*
1: Initialize ¢ < 1.0 // 1dentity transformation

2: ¢ < nn.Parameter(c) // Make gradient-trackable
3: optimizer <— Adam([c], Ir=n)

4: fort = 1to Ty, do

5: %+ clip(c-7,0,1)  // Apply transformation
6: p < softmax( fyp(Z)) // Get predictions
7: H(p) « — chzl p;ilog p; 1/ Compute entropy
8: V¢ H ¢ autograd(H, c) // Gradient w.r.t. ¢ only
9: optimizer.step() // Update c
10: ¢ + clip(c,0.1,10.0) // Bound parameter
11: if [V H(p)| < 7 then

12: break /l Converged
13: end if

14: end for

15: return c* = ¢

3.1 Problem Formulation

Let fo : X — R be a classifier trained on source
distribution ps(z,y). At test time, inputs arrive from

shifted distribution p;(x,y) where p;(z) # ps(z) but
pi(y|z) =~ ps(y|z) representing the covariate shift.
Deployment constraints: We operate under the
following restrictions that reflect real-world deploy-
ment scenarios where models cannot be modified post-
deployment:
¢ Cannot modify parameters 6
» Cannot access intermediate features or hidden repre-
sentations
e Cannot exploit architectural knowledge or internal
statistics
* Can only compute gradients with respect to input trans-
formations
Traditional test-time adaptation solves:

0 = argmeinﬁ(fo,pt)» ¢))

which requires modifying 6. Under deployment con-
straints, such modification violates certification.

We reformulate adaptation as input transformation
learning:

0" = argmin By, [H(fo(0(2)))] @
where 0 : X — X transforms inputs and H denotes en-

tropy. This shifts optimization from protected parameter
space to accessible input space.



3.2 Input Transformation Architecture

Figure 2 illustrates our adaptation pipeline consisting
of three components:

1. Input Adapter o(+;%): A parameterized transforma-
tion that modifies corrupted inputs. For our proof-
of-concept, we use a scalar transformation o.(%) =
clip(c - #,0,1) where ¢ € R is the learnable pa-
rameter. This simple transformation demonstrates the
viability of input-space adaptation while leaving room
for more expressive transformations in future work.

2. Frozen Model fy: The classifier receives adapted in-
puts and produces predictions. Crucially, # remains
completely frozen throughout adaptation, preserving
certifications and deployment constraints.

3. Entropy Objective: The learning signal computed
solely from model outputs guides transformation
learning without requiring internal access.

3.3 Entropy Minimization in Input Space

Entropy minimization exploits the cluster assump-
tion: decision boundaries lie in low-density regions [6].
All existing formulations minimize entropy in parameter
space: ming H( fg(z)). We propose the dual formulation
in input space: min, H(fo(c(x))), where o transforms
inputs while 6 remains fixed.

For prediction probabilities p = softmax(fy(x)) €
AC1 entropy is:

C
H(p) =—> pilogpi 3)
=1

Well-calibrated models exhibit a fundamental prop-
erty: low entropy on training distribution samples, high
entropy on out-of-distribution inputs. This entropy gap
provides the learning signal for adaptation.

Given corrupted calibration samples {Z;}; ~ py,
we solve:

min >~ H(fo(o (7)) 4

The transformation o effectively reverses distribution
shift by mapping corrupted inputs toward regions where
the model exhibits high confidence, presumably closer to
the training distribution. We optimize the transformation
using gradient descent on entropy, backpropagating only
through the input while keeping model parameters frozen.
Parameters are clipped to a valid range, and optimization
stops when entropy gradients fall below a fixed threshold
Algorithm 1.

4 Experiments

We evaluate ITEM under extreme constraints that
reflect real deployment scenarios: severe data scarcity
during training, minimal calibration samples at test time,
and strictly preserved model parameters.

4.1 Experimental Setup

Datasets and Corruption. We evaluate on
MNIST [13] and Fashion-MNIST [30], representing
increasing complexity from handwritten digits to
fashion items across 10 classes. We apply brightness
corruption with factor « = 0.2, reducing intensities
by 80%: £ = 0.2 - z. This severe corruption simulates
realistic scenarios including degraded sensors, poor
lighting conditions, or domain shift between imaging
modalities. The corruption magnitude was selected
to create substantial performance degradation while
maintaining some signal for adaptation.

Model Architecture. We employ SimpleCN-
NwithBN: two convolutional layers (32/64 filters) with
BatchNorm, ReLU activations, 2x2 max pooling, fol-
lowed by two fully connected layers (128 hidden units)
with 0.5 dropout. We specifically choose BatchNorm ar-
chitectures as they represent the majority of deployed
models and enable comparison with normalization-based
adaptation methods. The architecture balances expres-
siveness with the extreme training constraints.

Training Details. Models train on only 10 randomly
sampled images per class (100 total) using Adam op-
timizer with learning rate 0.001, batch size 32, for
50 epochs. This extreme scarcity simulates domains
where annotation is expensive (medical imaging), time-
consuming (expert labeling), or limited by availability
(rare defects). The constraint stress-tests adaptation when
models are poorly calibrated due to limited training data.

Adaptation Protocol. Methods receive a calibration
set with 1, 100, or 500 samples per class from the cor-
rupted distribution. Calibration samples are selected ran-
domly from the corrupted test set without replacement.
ITEM uses learning rate = 0.05, maximum 100 itera-
tions with early stopping threshold 7 = 1076, computing
gradients through automatic differentiation. We main-
tain identical protocols across all methods to ensure fair
comparison.

Baseline Methods. We compare against four base-
line configurations: (1) Original Model shows clean test
accuracy before corruption, (2) Corrupted (No Adapt)
shows accuracy on corrupted data without any adapta-
tion, (3) Supervised adaptation uses labeled calibration
data to directly optimize c via cross-entropy loss, provid-
ing an upper bound on unsupervised performance, and (4)
Oracle uses perfect knowledge of the corruption factor



Table 3. Performance recovery under varying calibration sample sizes. Original Model shows clean accuracy, Corrupted Model
shows performance under brightness corruption (o = 0.2). ITEM achieves near-perfect recovery on MNIST while requiring only

gradient computation through frozen models.

MNIST Fashion-MNIST
Method Calibration Samples per Class Calibration Samples per Class
1 100 500 1 100 500

Original Model 0.832 +0.017 0.736 £ 0.017

Corrupted Model 0.674 £ 0.130 0.344 + 0.130

ITEM (Ours) 0.833 +£0.016 0.833+0.016 0.833+0.016 0.730+0.017 0.727 £ 0.015 0.727 £ 0.015
Supervised 0.832+0.018 0.832+0.018 0.832+0.018 0.718 £+0.017 0.707 £0.021 0.706 + 0.018
Oracle 0.832 £ 0.017 0.736 £ 0.017

(¢* = 1/a = 5.0) without any optimization. Addition-
ally, we evaluate against existing test-time adaptation
methods from the literature, with selection rationale and
hyperparameter details discussed in Section 4.3.

Evaluation Metrics. We report test accuracy
on the full corrupted test set (10,000 images for
MNIST/Fashion-MNIST). Results show means and stan-
dard deviations over 5 seeds controlling all randomness
sources.

Hyperparameter Selection. For ITEM, we use fixed
hyperparameters across all experiments without dataset-
specific tuning: learning rate 0.05, convergence threshold
10~6, and parameter bounds [0.1, 10.0]. For compari-
son methods, we perform grid search at 100 calibration
samples to identify optimal configurations, then apply
these settings consistently across all sample sizes to sim-
ulate realistic deployment where validation data may be
unavailable.

4.2 Recovery Under Extreme Constraints

We investigate the effectiveness of input-space adap-
tation in recovering model performance under distribu-
tion shift using only forward passes through frozen mod-
els. Table 3 reveals critical findings about the effective-
ness of input transformation for test-time adaptation.

First, ITEM achieves near-complete recovery on
MNIST. From a corrupted baseline of 67.4%, our method
recovers to 83.3%, within 0.1% of the original clean per-
formance (83.2%). This recovery using only gradient
signals through frozen models demonstrates that entropy
minimization in input space can match the effectiveness
of parameter-space methods. The result validates our
core hypothesis that well-calibrated models provide suffi-
cient feedback through prediction entropy to guide input
transformations.

Second, performance saturates immediately with
minimal calibration data. Accuracy remains constant at

83.3% across all calibration set sizes from 10 to 5000
samples. This saturation occurs because scalar transfor-
mation has only one degree of freedom: once the corrup-
tion magnitude is estimated from initial samples, addi-
tional data provides no further information.

Unsupervised adaptation closely matches supervised
performance. ITEM achieves 83.3% compared to super-
vised adaptation’s 83.2%, a negligible gap suggesting
that entropy signals provide nearly as much useful infor-
mation as true labels for this adaptation task

Fashion-MNIST presents a more challenging sce-
nario with baseline corruption degrading accuracy from
73.6% to 34.4%. ITEM recovers to 73.0%, achieving
99.2% of original performance. The consistent sample
efficiency pattern holds, with performance stabilizing at
72.7% across larger calibration sets. The slightly lower
recovery compared to MNIST reflects Fashion-MNIST’s
reliance on fine texture details that are more severely
affected by brightness reduction.

4.3 Comparison with Existing Methods

We compare ITEM against established test-time
adaptation methods to evaluate its performance un-
der conditions of extreme calibration sample scarcity.
We selected representative methods from each TTA
category: gradient-based (TENT [28], SAR [22],
EATA [21]), statistics-based (AdaBN [15]), pseudo-
labeling (SHOT [16], RPL [24]), and architectural-
specific (T3A [9], CoTTA [29], MEMO [33]) ap-
proaches.

Table 4 demonstrates systematic failure of established
test-time adaptation methods under extreme sample con-
straints, revealing fundamental assumptions that break
when calibration data is scarce.

Gradient-based methods require statistical relia-
bility. TENT shows virtually no improvement (67.4%
throughout on MNIST) because single-sample batches



Table 4. Comparison with test-time adaptation baselines. ITEM operates without model access yet outperforms most methods

requiring gradients, parameters, or architectural knowledge.

MNIST Fashion-MNIST

Method Calibration Samples per Class Calibration Samples per Class

1 100 500 1 100 500
Original Model 0.832 +£0.015 0.736 £ 0.015
Corrupted (No Adapt) 0.674 £0.138 0.344 £ 0.138
ITEM (Ours) 0.833+0.017 0.833+0.017 0.833+0.017 0.730+0.018 0.727 £ 0.015  0.727 £+ 0.016
Methods violating our constraints
TENT 0.674 £0.138  0.674+0.138  0.671 £0.143  0.344£0.138  0.344+0.138  0.343+0.138
AdaBN 0.832+£0.017 0.833+£0.017 0.834+0.017 0.737+0.018 0.733+0.017 0.733 +£0.016
SAR 0.674£0.138  0.670+0.144 0.646+0.183 0.344£0.138 0.343+0.139 0.335+0.143
EATA 0.674£0.138  0.673+£0.140 0.667 £0.151  0.344 £0.138  0.343+£0.139  0.340+0.146
CoTTA 0.640£0.182  0.141 £0.080 0.101 £0.007  0.131 £0.067 0.100 +0.000  0.100 + 0.000
SHOT 0.571£0.158  0.684 +0.151 0.688+0.145 0.290£0.134 0368 £0.151  0.373 +0.145
RPL 0.674£0.138  0.674£0.138  0.674+0.138 0.374+0.136  0.398 £0.096 0.414 +0.112
T3A 0.566 £0.132  0.678 £0.083  0.571+£0.079 0.299 £0.111  0.441 +£0.080  0.269 + 0.071
PseudoLabeling 0.802+0.021 0.800+0.018 0.800+0.018 0.493+£0.100 0.483+0.085 0.485+0.091
MEMO 0.402+0.117 0404+0.119 0403+0.118 0.212+0.100 0.215+0.104 0.213+0.103
Supervised 0.832+0.018 0.832+0.018 0.832+0.018 0.718 £0.017 0.707+£0.021  0.706 + 0.018

cannot provide meaningful batch normalization statistics.
With batch size 1, the batch mean equals the sample value
and variance is undefined, making BatchNorm updates
pure noise. SAR and EATA exhibit similar failures, with
SAR degrading to 64.6% at 500 samples. These methods
implicitly assume batch sizes large enough for stable gra-
dient estimation, requiring O(K log K) samples where K
is the number of classes.

AdaBN succeeds through simplicity. By directly
replacing stored statistics with target batch statistics (mo-
mentum=1.0), AdaBN achieves optimal performance
(83.3% on MINIST). This validates that distribution shift
primarily manifests in normalization statistics for bright-
ness corruption. However, this approach requires direct
access to BatchNorm layers, violating deployment con-
straints in certified or encrypted systems.

Pseudo-labeling methods suffer from feedback
loops. SHOT catastrophically fails (57.1% on MNIST
with 1 sample), while basic pseudo-labeling shows sur-
prising resilience (80.2%). The difference stems from
SHOT’s diversity regularization term, which assumes
multiple samples per class. With single samples, the di-
versity maximization objective dominates, preventing
convergence. RPL’s conservative confidence threshold
(0.9) prevents any updates when initial predictions are un-
certain, explaining its baseline-equivalent performance.

Architecture-specific methods collapse. T3A’s
prototype-based adaptation assumes sufficient samples
to estimate class centers, failing with 1 sample per class
(56.6%). CoTTA’s continual adaptation framework ex-
pects temporal correlation between samples, but random
sampling violates this assumption, leading to exponential

error accumulation (10.1% at 100 samples). MEMO’s
augmentation strategy cannot overcome the fundamental
lack of calibration data, showing modest degradation.

ITEM achieves best performance without model
access. Our method matches AdaBN’s accuracy while
respecting all deployment constraints shown in Table 1.
The 50x sample efficiency gap (optimal performance
with 10 samples versus others needing 500+) represents
a fundamental algorithmic advantage. By operating in
the constrained input space rather than high-dimensional
parameter space, minimization achieves more efficient
adaptation.

The results on Fashion-MNIST amplify these pat-
terns. Methods requiring statistical estimation fail more
severely due to the increased complexity of fashion
items versus digits. ITEM maintains robust performance
(73.0% with 1 sample), while gradient methods show
negligible improvement even with 500 samples.

4.4 Analysis of Learned Transformations

We analyze the transformation parameters learned
through entropy minimization and compare them to those
required for perfect input reconstruction.

Table 5 reveals a systematic pattern: models prefer
task-optimal transformations over pixel-perfect recon-
struction.

For MNIST with ao = 0.2 brightness corruption, per-
fect reconstruction requires ¢* = 5.0 to exactly invert
the corruption. However, entropy minimization consis-
tently learns ¢ = 3.80, a 24% undercorrection. This bias
increases with corruption severity: at a = 0.1, models



Table 5. Learned transformation values across corruption levels.
Models consistently prefer task-optimal transformations (un-
dercorrection) over perfect reconstruction. 1% Range” shows
the c-value range achieving 99% of optimal performance.

Dataset  « Best ¢ 1% Range  Width  Theoretical c*
0.1 7.58+032 [3.84,12.0] 8.16 10.0
02 3.80£024 [1.95,10.0] 8.05 5.0
MNIST s 1455013 [081,40] 3.19 2.0
20 036+0.04 [0.19,1.0] 081 0.5
0.1 10724028 [8.0,12.0] 4.0 10.0
Fashion 02 6842035 [4.05,10.0] 595 5.0
ashion 5 9744019 [1.62,4.0]  2.38 2.0
20 0.54+0.03  [0.40,1.0]  0.60 0.5

learn ¢ = 7.58 instead of 10.0 (24% undercorrection),
while at &« = 2.0, they learn ¢ = 0.36 instead of 0.5 (28%
undercorrection).

Fashion-MNIST shows different behavior, learning
slight overcorrections. For a = 0.2, the optimal ¢ =
6.84 exceeds the theoretical 5.0 by 37%. This dataset-
specific difference reflects Fashion-MNIST’s reliance on
texture information, where slight contrast enhancement
aids classification even at the cost of pixel fidelity.

The wide performance plateaus shown in the 1%
Range” column indicate robust adaptation. For MNIST
with a = 0.2, any value in [1.95, 10.0] achieves 99% of
optimal accuracy. This 8-point range suggests entropy
landscapes have broad minima where exact transforma-
tion values matter less than being in the correct region.

These findings reveal that models optimize for de-
cision boundary compatibility rather than input recon-
struction. Perfect restoration might push samples into
regions where the model’s confidence calibration breaks
down, while task-optimal transformations maintain in-
puts within learned feature distributions. This principle,
where adaptation prioritizes functional performance over
reconstruction fidelity, represents a key insight for de-
signing future test-time adaptation methods.

5 Conclusion

We present ITEM, the first preparation-agnostic sam-
ple adaptation method for test-time adaptation. By refor-
mulating adaptation from parameter space to input space,
ITEM enables performance recovery for arbitrary pre-
trained models while respecting deployment constraints
that prohibit model modification.

Our key contributions challenge fundamental assump-
tions in test-time adaptation. First, we demonstrated that
effective adaptation does not require parameter updates,
architectural knowledge, or training preparation. Trans-
forming inputs to minimize prediction entropy suffices
for significant performance recovery. Second, we re-
vealed extreme sample efficiency emerges naturally from

input-space optimization, with single calibration samples
providing sufficient signal when transformation complex-
ity is appropriately constrained. Third, we discovered that
task-optimal transformations systematically differ from
reconstruction-optimal ones, indicating models prioritize
maintaining inputs within learned decision boundaries
over pixel-perfect restoration.

Broader implications. ITEM’s success suggests the
test-time adaptation community should reconsider the ne-
cessity of model modification. While parameter updates
offer flexibility, our results demonstrate that careful input
transformation can achieve comparable adaptation with
far stricter constraints. The extreme sample efficiency,
achieving with 10 samples what gradient methods re-
quire 500+ for, questions whether existing approaches
over-engineer solutions to fundamentally simple prob-
lems. The systematic failure of established methods under
sample scarcity reveals how architectural dependencies
create unnecessary brittleness during deployment.

Limitations and Future Work. Our evaluation fo-
cuses on uniform brightness corruption across two bench-
mark datasets. While this controlled setting enables care-
ful analysis, broader evaluation is needed. Testing across
diverse corruption types (blur, noise, weather), additional
datasets (CIFAR, ImageNet), and varied architectures
(ResNets, Vision Transformers) would strengthen gener-
alizability claims. The scalar transformation, while effec-
tive for global corruptions, represents the simplest instan-
tiation of input-space adaptation. Extending to learnable
spatial transformations under the constraints highlighted
in Tab. 1 presents an important challenge. The frame-
work naturally extends to richer parameterizations: neural
network transformations could address spatially-varying
corruptions while maintaining gradient-only operation.

Sample selection strategies offer another research
direction. While random selection suffices, entropy-based
selection could improve efficiency. Initial experiments
suggest boundary samples with highest initial entropy
provide marginally better adaptation signals. Combined
with few-shot learning techniques, this approach could
push sample requirements even lower.

ITEM opens a new research direction at the inter-
section of test-time adaptation and deployment-aware
machine learning. By demonstrating that preparation-
agnostic sample adaptation is not only possible but ef-
fective, we hope to inspire methods that bridge the
gap between academic innovation and real-world con-
straints. As models increasingly become immutable ser-
vices rather than modifiable artifacts, adaptation tech-
niques must evolve accordingly. Our work shows that
respecting deployment constraints need not compromise
adaptation effectiveness.

Code: https://github.com/LeTeutz/
tta-item
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Background

This chapter establishes the theoretical foundations necessary for understanding test-time adaptation.
We begin with deep learning architectures that power modern computer vision systems, examine how
batch normalization creates both opportunities and vulnerabilities for adaptation, analyze distribution
shift phenomena that degrade model performance, and explore entropy-based methods for uncertainty-
aware adaptation. These concepts provide the foundation for understanding how models can adapt to
new data distributions during deployment without access to their internal parameters.

3.1. Deep Neural Networks

3.1.1. Fundamentals of Neural Networks
Neural networks transform input data through sequences of parameterized operations, learning complex
mappings from data rather than explicit programming. At its core, each layer computes:

y = f(Wx+b) (3.1)

where x € R™ represents the input, W € R™*" the weight matrix, b € R™ the bias vector, and f
a non-linear activation function. The non-linearity proves essential, since without it, any deep network
collapses to a single linear transformation, severely limiting representational capacity. An example of
such a neural network can be seen in Figure 3.1.

The Universal Approximation Theorem [5-7] provides theoretical justification for neural networks’
effectiveness. This fundamental result proves that networks with sufficient capacity can approximate
any continuous function on compact sets to arbitrary precision. The theorem guarantees existence of
such approximations but does not specify the required architecture size or guarantee that gradient-based
optimization will find these approximations. This gap between theoretical possibility and practical opti-
mization remains a central challenge in deep learning.

3.1.2. Convolution Operation
The convolution operation forms the computational foundation of convolutional neural networks (CNNs).
Unlike matrix multiplication in fully connected layers, convolution exploits the spatial structure of images
through local connectivity and parameter sharing. Figure 3.2 illustrates how a kernel slides across an
input to produce feature maps.

Mathematically, for 2D input I and kernel K

K,—1K,—1

(I K)(i,j)= > > I(i+m,j+n) K(m,n) (3.2)

This operation exhibits three key properties. Local connectivity ensures each output depends only on
a spatially localized input region, reducing parameters from O(n*) to O(k*n?) for n x nimages and k x k
kernels. Parameter sharing applies the same kernel across all spatial locations, enforcing translation

13
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Hidden 1

Input Q Hidden 2 -
O g )
)

Figure 3.1: Feedforward neural network architecture. Information flows from input through hidden layers to output, with full con-
nectivity between adjacent layers. Each neuron computes a weighted sum followed by non-linear activation.
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filter
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destination pixel = {0x0)+(1x0)+{2x0)+({-1x0)+{ 1x2)+({ 11 )+ (-2x0)+(1x1}+(0x0) = 4

Figure 3.2: Convolution operation. A 3x3 filter slides across the input, computing element-wise products at each position. The red
box shows the current receptive field being processed. The output value represents the sum of element-wise products between
the kernel and the highlighted input region. Figure taken from [8].

equivariance: a shifted input produces a correspondingly shifted output. These properties enable CNNs
to learn visual features while maintaining computational efficiency.

3.1.3. Convolutional Neural Networks

Convolutional Neural Networks [9, 10] leverage the convolution operation within a hierarchical architec-
ture designed for visual recognition. The key insight lies in combining local feature extraction with spatial
pooling to build increasingly abstract representations. Figure 3.3 shows a typical CNN architecture.

A typical CNN architecture consists of several components working together. Convolutional layers
apply banks of learnable filters to extract features at multiple scales and orientations. Each filter learns
to detect specific patterns: edges, textures, or more complex structures in deeper layers. Pooling layers
downsample spatial dimensions through max or average operations, providing translation invariance and
computational efficiency. Activation functions, typically ReLU [11], introduce non-linearity: ReLU(x) =
max(0,z). Finally, fully connected layers aggregate spatial features for classification.

3.1.4. Image Classification as a Computer Vision Task

Image classification represents a fundamental challenge in computer vision: assigning semantic labels
to images based on their visual content. This task requires models to extract meaningful features from
raw pixel intensities and map these representations to discrete categories. The complexity arises from
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Feature Extraction ) )
Classification

32x32x3 =1 Conv32x32x32 —1 Pool16x16x32 — Conv16x16x64 —| Pool8x8x64 256 — 10

Figure 3.3: CNN architecture showing the progression from spatial feature maps through pooling to final classification. Spatial di-
mensions decrease while channel depth increases. The architecture extracts hierarchical features through alternating convolution
and pooling operations before final classification.

intra-class variation such as dogs of different breeds, viewpoint changes, illumination differences, occlu-
sions, and background clutter.

Classical approaches relied on hand-crafted features like SIFT [12], HOG [13], and bag-of-visual-words
[14]. These methods required domain expertise and often failed to generalize across diverse datasets.
The introduction of convolutional neural networks revolutionized this field by learning hierarchical feature
representations directly from data.

For evaluation, classification accuracy measures the fraction of correct predictions, while top-5 error
considers a prediction correct if the true label appears among the five highest confidence predictions.
The MNIST dataset [15] of handwritten digits containing 28x28 grayscale images across 10 classes
serves as a canonical benchmark for method development, though its simplicity limits its utility for eval-
uating modern architectures. Figure 3.4 shows sample digits from this dataset.

23945789

Figure 3.4: Example digits from the MNIST dataset showing handwritten numerals 0-9. Each image contains 784 pixels (28x28)
representing grayscale intensity values. The dataset contains 60,000 training and 10,000 test images.

3.1.5. Training Deep Networks
Network training optimizes millions of parameters through gradient-based methods. Given loss function
L, parameters # update according to:

0,1 =0,—aV,L (3.3)

where a denotes the learning rate and V, L represents the gradient of the loss with respect to param-
eters. Backpropagation [16] efficiently computes gradients through recursive application of the chain
rule. Modern optimizers like SGD with momentum [17], Adam [18], and AdamW [19] incorporate adaptive
learning rates and momentum terms for improved convergence.

The choice of learning rate « critically affects training dynamics. Too large values cause divergence;
too small values slow convergence. Learning rate schedules, including step decay, cosine annealing [20],
and warm restarts, help navigate this trade-off.

3.2. Batch Normalization

3.2.1. Motivation and Mechanism

Batch Normalization (BN) [21] addresses internal covariate shift: the changing distribution of layer inputs
during training. As parameters in early layers update, subsequent layers must continuously adapt to
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shifting input distributions, necessitating lower learning rates and careful initialization.
For mini-batch B = {z, ..., z,, }, BN normalizes activations through:

1 m
= — . 34
135/} m — z; ( )
R S E (35)
m =1
5= i I3 (3.6)
\/ JQB+6
Y =%, + B (3.7)

where e ensures numerical stability, and learnable parameters ~, 8 allow the network to recover the
original distribution if beneficial. Figure 3.5 illustrates the batch normalization pipeline.

Input Batch: x = [z, ...7mm]]

Training:
Per-batch

Compute: = =Sz, 02

m

1

|}
(= p)? }‘ """"""" % Running Statsyu,, o2, (Inference) E Inference:

Fixed stats

m

__________________________

{Normalize: T, = 7K } __________________________________ 1

Transform: y;, = vz, + 5]

Figure 3.5: Batch Normalization pipeline. During training, statistics are computed per batch. During inference, fixed running statis-
tics ensure deterministic predictions. The dashed path indicates the use of accumulated statistics during inference mode.

3.2.2. Benefits and Vulnerabilities

BN accelerates training by enabling higher learning rates and reducing sensitivity to initialization [22, 23].

The normalization effect acts as implicit regularization, often eliminating the need for dropout [24].
However, BN introduces vulnerabilities during deployment. The fixed statistics assumption breaks

under distribution shift: when test data differs from training data, pre-computed statistics become inap-

propriate. This mismatch particularly affects applications with varying deployment conditions, motivat-

ing test-time adaptation methods that adjust normalization statistics online.

3.3. Distribution Shift and Domain Adaptation
3.3.1. Types of Distribution Shift

Distribution shift represents a fundamental challenge in deploying machine learning systems. We cate-
gorize shifts based on which aspects of the joint distribution P(X,Y") change between training and test
time. Understanding these categories helps identify appropriate adaptation strategies. Thus, the shifts
are categorized in the following way:

1. Covariate Shift occurs when P, i, (X) # Piegt(X) While P (Y|X) = Pesi(Y|X). The marginal in-
put distribution changes but the conditional label distribution remains stable. This shift commonly
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appears in computer vision when lighting conditions, camera sensors, or image quality differ be-
tween training and deployment environments;

2. Concept Drift manifests when Py, (Y|X) # Peu(Y]X). The fundamental relationship between
inputs and outputs evolves over time. Fashion classification systems face this challenge as styles
change seasonally, and malware detection systems encounter it as attack patterns evolve;

3. Prior Shift occurs when P, i, (Y) # P (Y) While P, (X]Y) = Pt (X|Y). Class frequencies
change between training and deployment, which frequently happens in medical diagnosis where
disease prevalence varies across populations and geographic regions.

3.3.2. Impact on Neural Networks

Distribution shift degrades model accuracy through cascading effects. Early layers encounter features
outside their trained activation ranges, causing representation collapse. Batch normalization statistics
calibrated on training data produce incorrect normalizations. Decision boundaries optimized for train-
ing distributions no longer separate classes effectively. Uncertainty estimates become miscalibrated,
producing overconfident errors on out-of-distribution samples [25, 26].

Consider medical imaging systems trained on high-quality research data but deployed with commod-
ity hardware. Lower resolution, different acquisition protocols, and patient population shifts combine to
create substantial accuracy degradation. Without adaptation mechanisms, such systems fail to maintain
clinical utility.

3.3.3. Domain Adaptation Approaches

The machine learning community has developed various strategies to address distribution shift, each
with distinct assumptions and requirements. These approaches differ primarily in their access to source
data and timing of adaptation. We highlight three such strategies:

1. Source-Dependent Methods assume continued access to source data during adaptation. Domain
Adaptation (DA) [27, 28] learns invariant representations by jointly optimizing on source and target
data. Transfer Learning [29] follows a two-stage approach: pre-training on large source datasets
followed by fine-tuning on limited target data. These methods achieve strong results but require
storing and accessing potentially sensitive training data;

2. Source-Free Methods operate without source data access, addressing privacy and storage con-
straints. Source-Free Domain Adaptation (SFDA) [30, 31] adapts pre-trained models using unla-
beled target data collected before deployment. Test-Time Adaptation (TTA) pushes this constraint
further, performing adaptation online during inference without any data collection phase;

3. Temporal Adaptation Strategies differ in when adaptation occurs relative to deployment. Offline
methods collect target data for batch adaptation before deployment, allowing multiple optimiza-
tion passes. Online methods adapt during deployment as samples arrive, requiring single-pass
algorithms. Continual methods [32] handle non-stationary distributions over extended periods, in-
corporating forgetting prevention mechanisms.

3.4. Test-Time Adaptation

Test-time adaptation represents the most challenging setting: adapting models during deployment using
only unlabeled test data. Given model f, trained on source distribution D, TTA methods must improve
accuracy on shifted distribution 2, without labels or source data access.

3.4.1. Categories of TTA Methods

TTA approaches fundamentally differ in which model component they modify during adaptation. Each
category offers distinct trade-offs between adaptation effectiveness, computational requirements, and
deployment constraints. This taxonomy, introduced by Liang et al. [33], provides a systematic framework



18 3. Background

for understanding the landscape of test-time adaptation methods. Figure 3.6 illustrates all five adaptation
paradigms:

1. Model Adaptation directly updates neural network parameters during test time. These methods
optimize unsupervised objectives like entropy minimization to align the model with test data char-
acteristics. TENT [2] updates batch normalization affine parameters, while MEMO [34] performs
full model adaptation using augmentation-based consistency. While effective, parameter updates
require gradient computation and careful hyperparameter tuning to prevent catastrophic adapta-
tion on outliers;

2. Sample Adaptation transforms test inputs to better match the training distribution rather than mod-
ifying the model. This approach learns input-space transformations that reduce distribution mis-
match. DUA [35] applies learnable augmentations, while TTT [36] uses self-supervised rotation
prediction to adapt representations. The model remains frozen, eliminating risks of parameter cor-
ruption while maintaining computational efficiency;

3. Normalization Adaptation updates only batch normalization statistics to match test data. This
lightweight approach modifies normalization parameters while keeping all other model weights
frozen. AdaBN [3] replaces source statistics with target statistics, while OTTA [37] uses optimal
transport for statistics alignment. The method exploits BN's sensitivity to distribution shift, achiev-
ing significant improvements with minimal computational overhead;

4. Inference Adaptation adjusts predictions without modifying model parameters or inputs. These
methods use techniques like self-ensembling, test-time augmentation, or prediction refinement.
BACS [38] performs Bayesian pseudo-label correction, while T3A [39] uses a lightweight classifier
adjustment module. The approach maintains model integrity while improving predictions through
post-processing strategies;

5. Prompt Adaptation learns input-space prompts that guide pre-trained models toward better test-
time predictions. This paradigm gained prominence with vision transformers and foundation mod-
els. TPT [4] optimizes visual prompts using confidence selection, while VPT [40] learns task-specific
prompt tokens. Prompts act as task-specific conditioning signals that adapt model behavior with-
out parameter updates.

3.4.2. Preparation Requirements

TTA methods impose different requirements on model training and data preparation. These constraints
determine which existing models can benefit from each adaptation approach. The following catego-
rization, systematically introduced by Liang et al. [33], captures the spectrum of preparation complexity
across TTA methods:

1. Preparation-Agnostic TTA works with any pre-trained model without special training procedures.
These methods adapt standard models at test time using only the test data. TENT [2] exempli-
fies this approach by updating only batch normalization parameters, while BN adaptation methods
like AdaBN [3] simply replace normalization statistics. This flexibility enables retrofitting existing
deployed models with adaptation capabilities;

2. Training Preparation TTA requires specific training procedures but uses standard training data.
TTT [36] trains with auxiliary rotation prediction tasks, while SAR [42] incorporates sharpness-aware
regularization during training. These methods embed adaptation-friendly properties into models
during training, limiting applicability to new training pipelines but achieving superior adaptation
without data augmentation;

3. Training and Data Preparation TTA requires both specialized training procedures and augmented
training data. MEMO [34] trains with consistency regularization across augmentations, while MetaTTA
[43] employs meta-learning with simulated distribution shifts. These methods prepare models ex-
plicitly for test-time adaptation scenarios through adversarial training or meta-learning approaches.
While achieving superior adaptation, the extensive preparation requirements limit practical deploy-
ment.
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Figure 3.6: Five categories of test-time adaptation methods [33]. Each approach modifies different components: (a) updates model
parameters, (b) transforms inputs, (c) adjusts normalization statistics, (d) refines predictions, and (e) learns adaptive prompts.
Figures taken from [41].
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3.4.3. Online versus Offline Adaptation

The temporal characteristics of test data arrival fundamentally shape adaptation strategies. Each setting
presents unigue challenges for maintaining model stability while achieving effective adaptation. The two
situations mentioned above are:

1. Offline TTA assumes access to the entire test set before making predictions. This setting allows
multiple passes through the data and computation of global statistics. Batch normalization adap-
tation methods often operate in this setting, computing stable statistics from the complete test
distribution. The approach suits scenarios like adapting to a new deployment environment with
representative data available;

2. Online TTA adapts to each sample or mini-batch as it arrives, making predictions immediately. This
setting reflects real-world deployment scenarios where data arrives sequentially. Online methods
must balance adaptation speed with stability, often using momentum-based updates or sample se-
lection strategies. The challenge lies in preventing catastrophic updates from outliers while main-
taining responsiveness to distribution changes.

3.4.4. Entropy Minimization for Test-Time Adaptation

TENT [2] exemplifies modern TTA approaches by minimizing prediction entropy through selective param-
eter updates:

0" = argmin Exp, H(fy(x)) (38)

where H(-) denotes entropy. For details on entropy, see Section 3.5. This optimization encour-
ages confident predictions, leveraging the cluster assumption that decision boundaries should lie in low-
density regions. The method updates only the affine parameters of batch normalization layers, maintain-
ing computational efficiency while achieving significant adaptation benefits.

3.4.5. Common Requirements and Limitations

TTA methods face several operational constraints that limit their deployment scenarios. Understand-
ing these limitations helps select appropriate methods for specific applications. Such operational con-
straints are:

1. Gradient Access Requirements: Most TTA methods require computing gradients for optimization,
limiting deployment to white-box settings. Black-box scenarios where only predictions are available
require alternative approaches like input transformation or output calibration;

2. Batch Size Dependencies: Batch statistics estimation needs sufficient samples for reliability. Small
batch sizes lead to noisy estimates, while large batches may contain multiple distribution modes.
Methods must balance statistical stability with computational constraints;

3. Architectural Assumptions: Some approaches require specific architectural components like batch
normalization layers. Models without these components cannot benefit from normalization-based
adaptation. Architecture-agnostic methods trade effectiveness for broader applicability;

4. Distribution Shift Assumptions: Accuracy guarantees typically assume specific shift types like co-
variate shift. Methods optimized for one shift type may fail catastrophically under different shifts.
Practical deployments must consider the expected shift characteristics [44].

3.5. Entropy and Uncertainty

3.5.1. Information-Theoretic Foundations

Shannon entropy [45] quantifies uncertainty in probability distributions. For discrete distribution p over
outcomes X
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H(p)=—>_ p(x)logp(z) (3.9)

zeXl

Entropy achieves its maximum log |X| for uniform distributions representing maximum uncertainty
and minimum O for deterministic outcomes. This measure provides a principled approach to quantifying
prediction confidence.

Consider a 3-class classification problem with predictions p = [0.8,0.15, 0.05]. The entropy equals:

H(p) = —(0.810g0.8 + 0.1510g 0.15 + 0.0510g 0.05) ~ 0.64 (3.10)
Compare this to a uniform distribution p = [0.33, 0.33, 0.34] with entropy:
H(p) ~ 1.10 ~ log3 (3.17)

The confident prediction yields lower entropy than the uncertain uniform distribution.

3.5.2. Entropy in Neural Network Predictions
Classification networks output probability distributions over classes through the softmax function:

_ exp(z;)

where z, represents the logit for class i. The entropy of this predictive distribution:

C
H(p)=—> p;logp, (3.13)
i=1

serves as an uncertainty measure. Low entropy indicates confident predictions with probability mass
concentrated on few classes. High entropy suggests uncertainty with probability spread across multiple
classes.

3.5.3. The Cluster Assumption and Entropy Minimization

The cluster assumption [46] posits that decision boundaries should traverse low-density regions of the
data distribution. This principle underlies semi-supervised learning and manifests in test-time adaptation
through entropy minimization. Figure 3.7 visualizes this concept.

For well-separated clusters, samples near cluster centers should yield confident predictions with low
entropy, while samples near boundaries produce uncertain predictions with high entropy. Entropy mini-
mization during test time implicitly pulls samples toward nearby clusters, adapting the decision boundary
to the test distribution.

Low H High H Low H
. i
o ®o |
%*e , ® Decisianboundary
2 o © |
[ ] 1
Class A i Class B

Figure 3.7: The cluster assumption illustrated. Decision boundaries lie in low-density regions between clusters. Samples near
cluster centers have low entropy (confident predictions), while samples near boundaries have high entropy (uncertain predictions).

This approach assumes test samples lie near meaningful clusters in feature space, an assumption
that may fail for severe distribution shifts or truly out-of-distribution samples. Recent work [42] explores
entropy minimization techniques that identify and handle unreliable samples through sample selection
and weighted updates.
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