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Abstract

We introduce PACE, a backpropagation-free con-
tinual test-time adaptation system that directly op-
timizes the affine parameters of normalization lay-
ers. Existing derivative-free approaches struggle
to balance runtime efficiency with learning capac-
ity, as they either restrict updates to input prompts
or require continuous, resource-intensive adapta-
tion regardless of domain stability. To address
these limitations, PACE leverages the Covariance
Matrix Adaptation Evolution Strategy with the
Fastfood projection to optimize high-dimensional
affine parameters within a low-dimensional sub-
space, leading to superior adaptive performance.
Furthermore, we enhance the runtime efficiency
by incorporating an adaptation stopping criterion
and a domain-specialized vector bank to elim-
inate redundant computation. Our framework
achieves state-of-the-art accuracy across multiple
benchmarks under continual distribution shifts,
reducing runtime by over 50% compared to ex-
isting backpropagation-free methods. The code
is available at https://anonymous. 4open.
science/r/PACE_.

1. Introduction

Test-time adaptation (TTA) (Wang et al., 2021) has emerged
as a practical approach to adapt a deployed neural net-
works on-the-fly, increasing its robustness to shifting data
distributions. While backpropagation (BP)-based meth-
ods (Niu et al., 2023; 2022; Wang et al., 2022; 2021)
achieve strong performance via self-supervised learning,
their high memory requirements and incompatibility with
non-differentiable quantized models limit their deployment

! Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email @domain.com>.

Preliminary work. Under review by the ICML 2026 Workshop
“Continual Adaptation at Scale: Towards Sustainable AI”. Do not
distribute.

0.14

6751 oK ° °
~65.01 £€=0.045 (def.) n 0.12
s / ----- NoAdapt
6251 0.10 m FOA
g 0.08 € 20A
560.0 : ZOA (fp=28)
9 0.06 @ PACE (ours)
<575

................................................................... 0.04
55.0 T
2 4 6 8 10 12
Runtime [h]

Figure 1. Accuracy versus runtime trade-off on the ImageNet-C
benchmark using a ViT-B model, across various adaptation stop-
ping thresholds e (star marks the default setting e = 0.045). The
horizontal dotted line represents the NoAdapt baseline accuracy.
In addition to outperforming existing baselines and preventing the
waste of computational resources on marginal accuracy gains, our
approach provides a convenient mechanism to control the accuracy-
runtime trade-off.

on resource-constrained edge devices (Niu et al., 2024; Deng
et al., 2025; Jia et al., 2024). Conversely, although exist-
ing BP-free methods reduce memory overhead and support
quantization (Boudiaf et al., 2022; Iwasawa & Matsuo, 2021;
Deng et al., 2025; Niu et al., 2024), the inherent challenges
of derivative-free adaptation hinder their ability to balance
runtime efficiency with learning capacity.

Existing BP-free methods suffer from two primary limita-
tions: 1) restricted learning capacity: current state-of-the-
art does not update the model parameters (Boudiaf et al.,
2022; Iwasawa & Matsuo, 2021; Schneider et al., 2020;
Khurana et al., 2021; Lim et al., 2023), limits updates to
input prompts (Niu et al., 2024), or relies on inherently
noisy zeroth-order gradient estimation (Spall, 2002; Deng
et al., 2025), which limits their ability to resolve complex
distribution shifts. 2) high computational overhead: exist-
ing approaches (Niu et al., 2024; Deng et al., 2025) require
numerous forward passes to match the performance of BP-
based methods. Furthermore, these methods waste resources
by performing adaptation on every batch indefinitely, regard-
less of domain stability.

To address these challenges, we introduce Projected Adapta-
tion via Covariance Evolution (PACE), an efficient BP-free
adaptation system that expands learning capabilities while
minimizing inference overhead. We start by adapting the
model utilizing the Covariance Matrix Adaptation Evolu-
tion Strategy (CMA-ES). While CMA-ES is effective for
TTA, its high-dimensional complexity typically limits opti-
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mization to input prompts (Niu et al., 2024). However, we
find that updating the affine parameters of normalization
layers, as commonly done in TTA (Wang et al., 2021; Niu
et al., 2023; 2022; Dobler et al., 2023), yields significantly
better performance (Fig. 2). To make this tractable, PACE
leverages the low intrinsic dimensionality of TTA gradients
(as noted in (Duan et al., 2025) and Fig. 3) by optimizing
a compact vector projected via the Fastfood transform (Le
et al., 2013) for efficiency. To further reduce overhead, we
leverage the observation that the CMA-ES adaptation pre-
dominantly occurs at the onset of a stable domain, yielding
negligible accuracy improvements in later batches (Fig. 4)
and introduce a dynamic stopping criterion. Finally, we
maintain a bank of domain-specialized vectors to enable
rapid recovery in recurring similar domains. Together, these
components form a practical, backpropagation-free system
for long-term edge deployment.

In summary, our contributions are:

¢ We introduce PACE, a BP-free continual TTA method
that enables tractable normalization layer adaptation
with CMA-ES by optimizing within a low-dimensional
subspace via Fastfood transform.

* We design a dynamic stopping criterion based on the
CMA-ES distribution mean to eliminate redundant
computation by halting adaptation during stable do-
main phases.

* We develop a domain-specialized vector bank to facili-
tate knowledge accumulation and ensure rapid perfor-
mance recovery in recurring domains.

PACE outperforms existing BP-free approaches in both ac-
curacy and efficiency, reducing runtime by 50% and consis-
tently surpassing the CMA-ES-based FOA baseline.

2. Problem Statement

Continual TTA consists of adapting a pre-trained source
model fg0) to a non-stationary sequence of unlabeled do-
mains. The model is initially trained on a labeled source
dataset D, = {(a;, y;)}~°, sampled from distribution P;.
At inference, the model encounters a sequence of 7' do-

,DﬁT), where ng) = {wg-k)}]-vkl and

ing: )
mains: D, 7, ... =

scgk) ~ Q) (x).

Each domain ng) consists of unlabeled samples {a:ﬁk)}

These domains are out-of-distribution (Q(k) # Ps) and the
sequence is non-stationary (Q*) % Q(*+1))_ The model is
adapted on-the-fly using only current samples.

3. Methodology

We introduce PACE, which comprises three main compo-
nents: Subspace Adaptation 3.1, Adaptation Stopping 3.2,
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Figure 2. A comparison of updating the affine parameters of nor-
malization layers (Norm.) versus three input prompts (Prompt)
in ViT-B model during test-time adaptation on ImageNet-C bench-
mark. We evaluate these using ground-truth labels with an SGD
optimizer with varying learning rate. Updating the normalization
layers allows the model to *undo’ the covariate shift at every depth
of the network more effectively for every tested learning rate value.
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Figure 3. Intrinsic dimensionality of continual TTA gradients in
ViT-B. An analysis of concatenated gradients from all ImageNet-C
domains reveals that only 566 components explain 90 % of the vari-
ance. These results are obtained via optimization of the affine pa-
rameters of normalization layers using SGD with the loss function
from FOA (Niu et al., 2024). They highlight the low-dimensional
nature of the adaptation space. Note that only the most significant
components are shown for clarity. The analysis is based on 11 729
gradient samples (batches).

and Domain-Specialized Vector Bank 3.3. A more detailed
description of the proposed method is provided in the Ap-
pendix (Sec. A.3).

3.1. Subspace Adaptation

Model Update. We adapt the model by adding the con-
stant random projection proj(+) of a low-dimensional vec-
tor v € R? into high-dimensional space proj(v) € R” to
adapted model weights, where D > d. The adapted model
weights are the affine parameters of normalization layers,
therefore we set D to be equal to their total dimensionality.
We partition proj(v) to match the dimensionality of each
parameter tensor and add the resulting components to the
initial weights to get the adapted model: fg(0) 4 proj(v)- Ini-
tializing with a zero vector (v = 0) ensures the adaptation
starts exactly from the state of the pre-trained model. Our
adaptation objective is to find the optimal low-dimensional
vector v*, that minimizes the fitness function £(-), given
test samples .

v* = argmin £(fg©) 4 proj(v) (€)) M
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Figure 4. Marginal accuracy gain per unit time across adaptation
budgets on ImageNet-C with ViT-B model. For each consecutive
pair of adaptation step budgets, we compute the increase in mean
accuracy across domains and divide it by the additional estimated
wall-clock time required for that interval using our Subspace Adap-
tation with CMA-ES algorithm. The mean of CMA-ES distribution
m is used as the evaluated model update. Higher bars indicate
more efficient use of adaptation time, while decreasing bars indi-
cate diminishing returns from further adaptation.

We optimize the v using CMA-ES, which is an evolutionary
optimization algorithm that iteratively adapts a multivariate
Gaussian distribution by sampling candidate solutions and
updating its mean m®), step size 7(*), and covariance ma-
trix 3*) based on the fitness rankings of those samples to
progressively increase the likelihood of reaching successful
outcomes. We utilize the fitness function used in FOA (Niu
et al., 2024) and ZOA (Deng et al., 2025) because of its
proven effectiveness and to enable direct comparison. It
simultaneously minimizes prediction entropy to increase
model confidence and penalize the Lo distance between test-
batch and source-domain activation statistics (us,;, 0s,;) t0
maintain feature consistency across L intermediate blocks.

Efficient Dimensionality Expansion. To efficiently project
low-dimensional vectors v into the high-dimensional pa-
rameter space, we employ the Fastfood transform (Le et al.,
2013). It approximates high-dimensional Gaussian random
projections by replacing a dense, memory-intensive matrix
with a product of structured diagonal, permutation, and
Walsh-Hadamard matrices, reducing computational com-
plexity from O(D?) to O(Dlog D). By default, we set
d = 2304 and the dimensionality of the updated ViT-B
model parameters is equal D = 34800. In that case, the
Fastfood transform significantly reduces memory overhead,
requiring only 0.13 MB compared to the 306 MB needed
for a standard dense projection matrix.

3.2. Adaptation Stopping

Stopping Heuristic. Because CMA-ES continuously up-
dates its distribution to track optimal candidates, we monitor
the relative change in the distribution’s mean m. Specifi-
cally, we stop the adaptation when the normalized difference
between the distribution mean at the current time step 7m.(*)
and the previous time step m(*~ 1) falls below a convergence
threshold e.

Resuming the Adaptation. Since continual TTA lacks

explicit domain labels, we require a criterion to re-initialize
the adaptation process. To detect these shifts, we adopt the
domain shift detection scheme established in (Hong et al.,
2023; Chen et al., 2024; Deng et al., 2025).

3.3. Domain-Specialized Vector Bank

We maintain a memory bank B of vectors v derived from
past domains. Specifically, upon detecting a domain shift,
we archive the current mean of the CMA-ES search distribu-
tion, m, into the bank. For the incoming domain, the new
CMA-ES optimizer is initialized using the archived mean
that minimizes the fitness function £ on the current data
batch z™®):

Myt = argmin L(fg) 4 proj(m.) () )
m;EB
Adaptation then proceeds conventionally. This retrieval
mechanism facilitates the rapid reuse of learned experiences,
effectively preventing performance degradation even in the
presence of sudden domain shifts.

4. Experiments
4.1. Experimental Details

Datasets and models. We conduct experiments on three
standard TTA benchmarks: ImageNet-C (Hendrycks & Di-
etterich, 2019), ImageNet-R (Hendrycks et al., 2021), and
DomainNet-126 (Peng et al., 2019). Experiments are con-
ducted with both full-precision and quantized versions of
ViT-B (Dosovitskiy et al., 2021) and DeiT-B (Touvron et al.,
2021) models. Unless otherwise specified, experiments are
reported with full-precision models.

Baselines. We compare against both previously defined
categories of state-of-the-art TTA methods: BP-free, in-
cluding LAME (Boudiaf et al., 2022), T3A (Iwasawa &
Matsuo, 2021), FOA (Niu et al., 2024), and ZOA (Deng
et al., 2025), and BP-based, specifically TENT (Wang et al.,
2021), CoTTA (Wang et al., 2022), and SAR (Niu et al.,
2023). To ensure a fair comparison, we also compare with
ZOA (fp=28), a modified version of ZOA where we match
the number of forward passes used in FOA and PACE by
increasing the sampled perturbations for gradient estimation
to 27. Further details and hyperparameter ablation studies
are provided in Appendix Secs. A.4 and A.5.4, respectively

4.2. Results

Results on Full-Precision Models. PACE achieves the
highest average accuracy across all benchmarks and full-
precision models, consistently outperforming other BP-free
baselines (Tab. 1). Specifically, it surpasses direct com-
petitors FOA and ZOA by 1.7 and 4.0 percentage points,
respectively. When ZOA is modified to match the forward-
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Table 1. Accuracy on ImageNet-C (IN-C), ImageNet-R (IN-R)
and DomainNet-126 (DN) with ViT-B and DeiT-B. Bold indicates
best result, underlined second best.

ViT-B DeiT-B
Method Backprop. IN-C IN-R DN IN-C IN-R DN Avg.

NoAdapt X 555 595 531 516 528 602 555
TENT v 617 639 538 555 561 604 586
CoTTA v 584 635 620 554 530 604 588
SAR v 615 633 538 594 574 607 594
LAME X 541 590 516 509 525 589 545
T3A X 554 580 562 435 497 618 541
FOA X 650 638 560 613 563 630 609
ZOA X 615 607 558 569 535 624 585
ZOA (fp=28) X 663 626 565 617 558 634 6L1
PACE (ours) X 67.0 645 570 627 595 643 625

Table 2. Corruption Accuracy (%) on ImageNet-C with Quantized
ViT-B models.

Model NoAdapt T3A FOA ZOA ZOA (fp=28) PACE (ours)
8-bit 54.1 55.6  63.5 59.7 64.7 65.0
6-bit 47.7 433 558 543 57.5 58.1

pass budget of PACE and FOA, our method maintains a
1.4 percentage point lead despite adapting to fewer batches
(Tab. A.1). While CoTTA achieves the highest accuracy on
DomainNet-126 by leveraging backpropagation, it is sig-
nificantly more memory-intensive than PACE (Tab. A.1)
and lacks support for quantized model updates. Despite the
constraints of BP-free optimization, PACE outperforms BP-
based methods on average, underscoring the effectiveness
of our approach. More detailed results for ImageNet-C are
presented in Tab. A.2 and Fig. A.2 in the Appendix.

Results on Quantized Models Our method consistently
outperforms competing approaches on quantized models
across both bit-widths (Tab. 2). Notably, our 8-bit model
achieves 65.0 % accuracy, matching the 32-bit FOA baseline
while significantly exceeding almost all 32-bit competitors.
The performance margin over ZOA (fp = 28) increases
as quantization becomes more aggressive, rising from 0.3
percentage points at 8-bit to 0.6 percentage points at 6-bit.

Ablation Study Tab. 3 decomposes the performance gains
of PACE across its three core components. To isolate the
impact of subspace adaptation, we first compare PACE vl
against FOA. While both methods employ CMA-ES, FOA
updates input prompts whereas PACE v1 exclusively utilizes
subspace adaptation. PACE v1 outperforms FOA by 1.1 per-
centage points, demonstrating that the low-dimensional up-
date of normalization layers is more effective than input
prompt tuning. Integrating the domain-specialized vector
bank and shift detection (PACE v2) further improves ac-
curacy. This suggests that the model effectively reuses
fine-tuned vectors from previously encountered similar do-
mains. This configuration achieves the highest overall re-
sult by maintaining updates for every data point. In con-
trast, PACE v3 prioritizes efficiency by utilizing adaptation
stopping but not the vector bank, which reduces runtime.

Table 3. Ablation study on each component of PACE on
ImageNet-C with ViT-B.

adapt. vector subspace  Avg. Runtime
Method stopping  bank adapt. Acc.  (hours)
NoAdapt 55.5 0.01
Baseline (FOA) 65.0 11.6
PACE vl 4 66.1 10.3
PACE v2 v v 67.2 10.3
PACE v3 4 v 66.3 54
PACE v 4 v 67.0 5.4

Ultimately, the full PACE provides the optimal trade-off,
combining all three components to achieve high accuracy
with low computational overhead.

Computational Complexity Analysis. Fig. 1 shows the
accuracy-runtime trade-off for varying adaptation thresh-
old e. Additionally, Tab. A.1 in the Appendix compares
the wall-clock time, memory consumption, and percentage
of adaptation batches of PACE against BP-based and BP-
free baselines. While PACE maintains the low memory
footprint typical of BP-free methods, it improves efficiency
over leading alternatives such as FOA and ZOA (fp =28).
Specifically, our adaptation stopping technique reduces their
wall-clock time by 53 % and 46 %, respectively, cutting run-
time from over 10 h to 5.4 h while simultaneously increas-
ing accuracy. When we increase the threshold e to match
the runtime of default ZOA (PACE with ¢ € {0.125,0.14}),
accuracy gains diminish to levels similar to ZOA or lower.
However, PACE achieves this performance by adapting to
only 3.5 %—4.8 % of batches, requiring only a single for-
ward pass for the remaining samples. For PACE (K=6),
we reduce the population size and maintain the default e,
which outperforms ZOA by 0.3 percentage points and re-
duces runtime by an additional 0.1 h, despite adapting to
13.7% of batches. These results indicate that the adaptation
stopping has its limits and keeping the e threshold low while
decreasing population size is a more effective strategy for
drastically minimizing total runtime. Figs. 1 and A.3 in the
Appendix further validate the efficiency of our approach on
the JETSON XAVIER NX.

5. Conclusions

In this work, we presented PACE, an efficient BP-free frame-
work for continual test-time adaptation. By exploiting the
low intrinsic dimensionality of normalization layer updates
in TTA, PACE overcomes the restricted learning capacity
of prior BP-free methods without the prohibitive memory
requirements of backpropagation. Furthermore, the intro-
duction of an adaptation stopping criterion and a domain-
specialized vector bank ensures that PACE remains efficient
and robust during long-term deployment across recurring
distribution shifts. We experimentally verified that our ap-
proach enables high-performance adaptation on resource-
constrained edge devices.
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Appendix
A.l. Overview

This Appendix provides related work section (Sec. A.2), detailed description of the proposed method (Sec A.3), compre-
hensive experimental details (Sec. A.4) and additional experiments (Sec. A.5). Experiments include the computational
complexity analysis (Sec. A.5.1), detailed results on the ImageNet-C benchmark (Sec. A.5.2), recurring domains sce-
nario (Sec. A.5.3) and hyperparameter ablation studies (Sec A.5.4) on the optimization dimensionality d, capacity of
domain-specialized vector bank p, and domain shift threshold .

A.2. Related Work

Test-Time Adaptation. TTA targets distribution shifts during inference by adapting pre-trained models without access to
source data or labels (Wang et al., 2021). Continual TTA further assumes a non-stationary environment where domains
change without access to domain labels (Wang et al., 2022). Existing methods can be divided into backpropagation-based
(BP-based) and backpropagation-free (BP-free) approaches.

BP-based methods. These methods utilize gradient descent to update model parameters at test time. To balance efficiency
with learning capacity, most approaches restrict updates to affine parameters in normalization layers (Niu et al., 2023; 2022;
Wang et al., 2021; Débler et al., 2023). In the absence of labels, these methods employ self-supervised objectives such as
entropy minimization (Wang et al., 2021; Niu et al., 2022; Tan et al., 2025), pseudo-labeling variants (Dobler et al., 2023;
Wang et al., 2022), rotation prediction (Sun et al., 2020), or feature distribution alignment (Mirza et al., 2022). Because
self-supervised signals can be unreliable, stabilization techniques are often required. For instance, SAR (Niu et al., 2023)
filters samples by entropy and seeks flat loss minima, while CoTTA (Wang et al., 2022) adopts a teacher-student framework
with stochastic weight restoration. Despite their effectiveness, BP-based methods demand high memory and differentiable
weights, which limits their utility on quantized or resource-constrained edge devices.

BP-free methods. Early BP-free TTA focused on adjusting batch normalization statistics using test data batches (Nado
et al., 2020; Schneider et al., 2020; Gong et al., 2022). Subsequent work extended the statistics update to single-sample
adaptation (Khurana et al., 2021) and handling the temporal class correlation (Gong et al., 2022; Zhao et al., 2023). However,
these approaches require the presence of batch normalization layers in model architectures. Further works explored
prototype-based classifier adjustment (T3A) (Iwasawa & Matsuo, 2021) and logits correction (LAME) (Boudiaf et al.,
2022). None of those methods update core model weights, resulting in significantly limited learning capacity. Recent work
introduces weight-updating BP-free methods: FOA (Niu et al., 2024) adapts input prompts via CMA-ES, and ZOA (Deng
et al., 2025) employs zeroth-order gradient estimation. While promising, FOA’s prompt-only updates restrict its flexibility.
Furthermore, FOA adapts on every batch, demanding up to 28 forward passes, which is computationally prohibitive for
every data sample in real-world deployment. In contrast, ZOA reliably updates core model weights with only 2 forward
passes. However, to remain competitive with BP-based methods, its computational demands are similar to FOA. Our PACE
improves adaptation effectiveness through subspace adaptation of affine parameters of normalization layers via CMA-ES
and minimizes overhead by introducing an automated stopping criterion that halts adaptation once it is no longer beneficial.
Additionally, drawing on recent BP-based TTA work (Vray et al., 2025), we incorporate a domain-specialized vector bank
to aggregate knowledge across diverse environments. This mechanism enables the model to rapidly recover performance
when re-encountering domains, significantly enhancing its readiness for practical deployment.

A.3. Methodology

We introduce a novel BP-free continual TTA method, coined Projected Adaptation via Covariance Evolution (PACE),
designed to be a fully practical TTA system. It comprises three main components: Subspace Adaptation A.3.1, Adaptation
Stopping A.3.2, and Domain-Specialized Vector Bank A.3.3.

A.3.1. Subspace Adaptation

Building on established TTA frameworks (Wang et al., 2021; Niu et al., 2023; 2022; Dobler et al., 2023) and our observation
that input prompt tuning is less effective than updating affine parameters of normalization layers (Fig. 2), we employ
CMA-ES to optimize these layers. To ensure high-dimensional optimization remains tractable by CMA-ES, we leverage the
observation that TTA gradients have low intrinsic dimensionality (as noted in (Duan et al., 2025) and Fig. 3), which suggests
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that effective updates can be achieved within a low-dimensional subspace.

Model Update. We adapt the model by adding the constant random projection proj(-) of a low-dimensional vector v € R?
into high-dimensional space proj(v) € R to adapted model weights, where D >> d. The adapted model weights are the
affine parameters of normalization layers, therefore we set D to be equal to their total dimensionality. We partition proj(v)
to match the dimensionality of each parameter tensor and add the resulting components to the initial weights to get the
adapted model: fg(0) 4 proj(v)- Initializing with a zero vector (v = 0) ensures the adaptation starts exactly from the state of
the pre-trained model. Our adaptation objective is to find the optimal low-dimensional vector v*, that minimizes the fitness
function L(-), given a test samples x.

v* = argmin L(fg(0) 4 proj(v) (T)) 3)

CMA-ES Optimization. We perform the adaptation using the CMA-ES strategy. Rather than directly optimizing the vector
v, CMA-ES maintains and optimizes a multivariate Gaussian distribution over the search space. At each iteration ¢ (¢-th test
batch), a population of K candidate solutions is sampled from ths distribution:

v~ m® 4 7O (0, 50) 4)

where k = 1,..., K. Here, m*) € R? represents the mean of the search distribution at iteration step t, 7(!) € Rt is the
overall standard deviation controlling the global step size, and X(*) is the covariance matrix defining the distribution’s shape
and orientation.

For each candidate v,(:) , we evaluate its fitness by updating the model and computing the loss on the current test sample 2(*).

This yields a fitness value I, for each candidate. CMA-ES then updates the distribution parameters (m®), 7(!), and X(*))
for the next generation based on the ranking of the fitness values. This process systematically increases the likelihood of
previously successful candidates (see (Hansen, 2016) for details). Following (Niu et al., 2024), we output the prediction
associated with the lowest fitness value as the final prediction of the model.

Fitness Function. We utilize the fitness function used in FOA (Niu et al., 2024) and ZOA (Deng et al., 2025) because of
its proven effectiveness and to enable direct comparison. Prior to adaptation, we pass a small set of source data through
the model to calculate the means and standard deviations of activations from L intermediate model blocks, denoted as
{tts,is as7i}iL:1. During test time, we calculate the corresponding statistics on the current batch of test samples x®), yielding
{pi(x®), o;(x®)}E_,. The fitness function combines the prediction entropy with the divergence between these activation
statistics:

C
1
L(fg0) 1 projiut®) (&) = % > —yelogye

xrexy c=1
2)

where y. is the c-th element of the prediction probability vector y = f, ) +pmj(v(t))(a:(t)), C is the total number of classes,
k

&)

L
AY (Is(@®) = pillz + o (@) = o,
=1

A is a balancing hyperparameter, and B is the batch size.

Efficient Dimensionality Expansion. To efficiently project low-dimensional vectors v into the high-dimensional parameter
space, we employ the Fastfood transform (Le et al., 2013). Standard dimensionality expansion requires multiplying v by a
dense projection matrix W € RP*9_ Storing this dense matrix can incur high memory costs for large networks.

Fastfood circumvents this bottleneck by approximating the dense Gaussian matrix W with a product of structured diagonal
matrices and the Fast Walsh-Hadamard Transform (FWHT). We redefine the linear projection as:

Wov =~ SHGPHBwv = proj(v) (6)

where B € R%*? is a diagonal matrix with entries sampled uniformly from {—1,1}, P € RP*P is a random permutation
matrix, and G € RP*P is a diagonal matrix with entries drawn from a standard normal distribution A/(0, 1). The matrix
S € RP*P is a diagonal scaling matrix ensuring the rows of the resulting pseudo-random matrix possess the correct Ly
norm to approximate the x-distribution of a true Gaussian random matrix. Finally, H represents the Walsh-Hadamard matrix.
We perform multiplication by H via the FWHT, entirely avoiding the instantiation of the matrix in memory.

8
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Figure A.1. Diagram of our method. 1) Subspace Adaptation: We adapt the model by adding a high-dimensional random projection of a
small, learnable vector to the model’s normalization layer weights. We use the CMA-ES strategy to iteratively evolve a population of
these vectors, selecting the one that minimizes the loss on current test samples. 2) Adaptation Stopping: For efficiency, we stop the

adaptation when the mean of the distribution optimized by CMA-ES is lower than the threshold. Along with Domain-Specialized Vector
Bank, they make an effective and efficient TTA system.

To achieve the exact target dimensionality D, we pad the input to the nearest power of two (enabling FWHT), process it
through stacked independent Fastfood blocks, and subsequently slice it to the required length. We initialize the Fastfood
transform components once at the beginning of the adaptation phase and freeze them for the remainder of the process.

By default, we set d = 2304 and the dimensionality of the updated ViT-B model parameters is equal D = 34800. In that
case, the Fastfood transform significantly reduces memory overhead, requiring only 0.13 MB compared to the 306 MB
needed for a standard dense projection matrix.

A.3.2. Adaptation Stopping

‘We observe that adaptation at the beginning of a stable domain drives the majority of performance improvements (Fig. 4).
However, the adaptation process incurs significant computational overhead. While test data distributions might remain stable
for extended periods in real-world deployment, current BP-free TTA methods adapt indefinitely. This approach wastes
computational resources and energy, a critical bottleneck for long-term deployments on embedded devices. To address this
inefficiency, we introduce a heuristic to halt adaptation when it yields marginal performance gains.

Stopping Heuristic. Because CMA-ES continuously updates its distribution to track optimal candidates, we monitor the
relative change in the distribution’s mean m. Specifically, we stop the adaptation when the normalized difference between
the distribution mean at the current time step mm(*) and the previous time step m(*—1) falls below a convergence threshold e:

m® — i)
[m =]

<€ @)

We rely on this specific formulation because the mean m(*) represents the algorithm’s current best estimate for the optimal
parameters v. When this relative change approaches zero, it indicates that the CMA-ES optimization has converged on a
local optimum for the current data distribution. Furthermore, normalizing the difference by the previous mean ensures that
our stopping criterion is scale-invariant, making it robust across different network layers or parameter magnitudes. Once the
stopping criterion in Eq. 7 is satisfied, the model is updated with the CMA-ES mean m(*) and fixed.

Resuming the Adaptation. Since continual TTA lacks explicit domain labels, we require a criterion to re-initialize the
adaptation process. To detect these shifts, we adopt the domain shift detection scheme established in (Hong et al., 2023;
Chen et al., 2024; Deng et al., 2025), which remains invariant to updates to the model.

We maintain the exponential moving average (EMA) of the activation statistics from the stem layer of the model:

Penta = B 4+ (1 - B)oiih, 8)

where ¢ represents the activation mean and variance for the (¢ — 1)-th batch, and 8 = 0.8 denotes the moving average
factor. To quantify the shift, we compute the symmetric Kullback-Leibler (KL) divergence between the current batch

(t=1)
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statistics ¢(*) and the historical EMA d)%[}i:

H

- 1 —1)i) (1), i) 5 (t=1)si
U(dgara ) = 5 DKLy 01 + KL 651 )], ©)
i=1

where H is the dimensionality of the statistics. A domain shift is detected when this distance exceeds a predefined threshold
7, at which point we re-initialize the adaptation using the Domain-Specialized Vector Bank. To ensure robust detection, we
cease updating ¢ s 4 once the adaptation has stopped, by the technique described above.

A.3.3. Domain-Specialized Vector Bank

In real-world, long-term deployments, domain recurrence can be a common phenomenon (Vray et al., 2025). A fully
practical TTA system must account for this by rapidly reusing knowledge acquired from previously encountered domains.

To achieve this, we maintain a memory bank B of vectors v derived from past domains. Specifically, upon detecting a
domain shift, we archive the current mean of the CMA-ES search distribution, m, into the bank. For the incoming domain,
the new CMA-ES optimizer is initialized using the archived mean that minimizes the fitness function £ on the current data
batch ®):

Mijn;e = arg min E(f9(0)+pr0j(mi) (:L'(t))) (10)

m;EB

Adaptation then proceeds conventionally. This retrieval mechanism facilitates the rapid reuse of learned experiences,
effectively preventing performance degradation even in the presence of sudden domain shifts.

To ensure strict memory bounds, we constrain the maximum capacity of the bank to p vectors. When a newly optimized
mean is added to a full bank (|B| > p), we employ a redundancy-based removal policy. We calculate the average pairwise
cosine similarity for each mean m; in the bank and discard the vector that exhibits the highest average similarity to the
others:

Mrop = ArgMax 5—— Z i Ty an
e B—1 2 ]

This strategy effectively prunes the most redundant information, maximizing the diversity of the domain representations
stored in the bank.

Subspace adaptation enables memory-efficient storage of knowledge from previous domains. A single float32 domain vector
with our default dimensionality (d =2304) occupies approximately 0.0088 MB of memory. Consequently, the total memory
usage is only about 0.26 MB when the bank’s maximum default capacity p=30 is utilized.

A.4. Experimental Details
A.4.1. Datasets and models.

We conduct experiments on three standard TTA benchmarks: ImageNet-C (Hendrycks & Dietterich, 2019), ImageNet-
R (Hendrycks et al., 2021), and DomainNet-126 (Peng et al., 2019). ImageNet-C consists of 15 corruption functions across
five severity levels. Following the protocol in (Wang et al., 2022), we evaluate using the classic corruption sequence with the
highest severity level. ImageNet-R provides diverse renditions of 200 ImageNet classes, while DomainNet-126 contains
images from four distinct domains (real, clipart, painting, and sketch).

Experiments are reported with both full-precision and quantized versions of ViT-B (Dosovitskiy et al., 2021) and DeiT-
B (Touvron et al., 2021) models. Unless otherwise specified, experiments are reported with full-precision models. We
implement quantization using PTQ4ViT (Yuan et al., 2022), following (Niu et al., 2024). For ImageNet benchmarks, we use
checkpoints trained on the ImageNet-1K (Deng et al., 2009) training set obtained from the t imm repository (Wightman,
2019). For DomainNet-126, we utilize models trained on the real domain using the repository from (Zhang et al., 2023) and
evaluate on the remaining three domains.

A .4.2. Implementation Details

We adopt the hyperparameter settings specified in the original papers for all baselines, except where they were not provided.
In those instances, the learning rate was specifically tuned for our model and experimental setup. We utilized method
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implementations from the code repository of FOA (Niu et al., 2024) and ZOA (Deng et al., 2025). In the following, we
present the details regarding each method.

PACE (ours). To ensure a fair comparison with FOA, we configure the CMA-ES population size K to 28 and set the
optimization vector dimensionality d to 2304. Following FOA and ZOA, we utilize the validation set of ImageNet-1K to
compute the statistics of in-distribution data, setting A to 0.2 for ImageNet-R and 0.4 for all other benchmarks. We set the
domain shift detection threshold -y to 0.03, the adaptation stopping threshold € to 0.045, and the maximum capacity of the
domain-specialized vector buffer p to 30. Our method specifically updates the affine parameters of the normalization layers.
Following ZOA, we keep the layer normalization parameters of the first block and the last three blocks of the tested models
fixed.

FOA (Niu et al., 2024). We set the number of input prompt embeddings to 3 and the population size K to 28. In-distribution
statistics are computed using the ImageNet-1K validation set. The loss trade-off parameter A is set to 0.2 for ImageNet-R
and 0.4 for all other benchmarks, while the moving average factor for batch-to-source shift activation is maintained at 0.1.

ZOA (Deng et al., 2025). The learnable parameters are perturbed with a step size of 0.02 for gradient estimation, while
the step size for the coefficients of different domain parameters is set to 0.05. The SGD optimizer with a weight decay of
0.4 is used to update the model parameters, and the AdamW optimizer with a weight decay of 0.1 is used to update the
coefficients. The maximum number of domain knowledge parameters is set to 32. The learning rate for coefficients is set to
0.01 for all setups. The learning rate for model parameters is set to 0.0002 for 6-bit ViT-B and 0.0005 for all other models.
In terms of ZOA (fp=28), the optimal learning rate chosen on ImageNet-C is set to 0.005 for all models and datasets.

LAME (Boudiaf et al., 2022). Following (Niu et al., 2024), we use the kNN affinity matrix set to 5, as this value was found
to be optimal for ImageNet-C.

T3A (Iwasawa & Matsuo, 2021). Following (Niu et al., 2024), the number of supports to restore M is set to 20, as this value
was found to be optimal for ImageNet-C.

TENT (Wang et al., 2021). We use SGD optimizer, with a momentum of 0.9. The learning rate was tuned on ImageNet-C
and set to 0.0001 for both ViT-B and DeiT-B models.

SAR (Niu et al., 2023). We use SGD optimizer with a momentum of 0.9. The learning rate tuned on ImageNet-C is set to
0.001 for both ViT-B and DeiT-B. The entropy threshold Ej is set to 0.4 x [nC, where C is the number of task classes.

CoTTA (Wang et al., 2022). We use SGD optimizer, with a momentum of 0.9. The learning rate was tuned on ImageNet-C
and set to 0.001 for ViT-B and 0.005 for DeiT-B. The augmentation threshold pyj, is set to 0.1. The restoration probability is
set to 0.01 and the EMA factor for teacher update is set to 0.999.

A.S. Additional Experimental Results
A.5.1. Computational Complexity

Tab. A.1 compares the wall-clock time, memory consumption, and percentage of adaptation batches of PACE against
BP-based and BP-free baselines. While PACE maintains the low memory footprint typical of BP-free methods, it improves
efficiency over leading alternatives such as FOA and ZOA (fp=28).

A.5.2. Detailed ImageNet-C Results

Fig. A.2 illustrates the per-batch accuracy and throughput on the ImageNet-C dataset using a JETSON XAVIER NX.
PACE dynamically leverages throughput by prioritizing adaptation at the onset of new domains (resulting in temporary
throughput drops) and resuming high-speed inference once the domain stabilizes. In contrast, competing approaches
maintain significantly lower throughput while achieving inferior accuracy (see Tab. A.2). While certain domain shifts remain
undetected due to inter-domain similarity, this suggests that re-initiating adaptation in such instances is unnecessary.

A.5.3. Performance On Recurring Domains

Tab. A.3 compares PACE against BP-free approaches in long-term continual adaptation scenarios involving recurring
domains, following (Niu et al., 2024; Vray et al., 2025; Hoang et al., 2024). We evaluate performance on the repeated
ImageNet-C. While competing methods require multiple passes over the benchmark to converge toward our accuracy,
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Table A.1. Computation complexity comparison on ImageNet-C with ViT-B. Forward and backward passes (#FP/#BP ) are counted for
processing a single sample. The wall-clock time (hours) and memory usage (MB) are measured for processing the whole ImageNet-C on
a single RTX 4090 GPU. Adapted batches are indicated by the percentage on which adaptation was performed.

Avg. Acc. Runtime Memory Adapt.

Method Backprop.  #FP #BP (%) (hours) (MB) Batches (%)

NoAdapt X 1 0 55.5 0.01 819 0

TENT (4 1 1 61.7 0.03 5,165 100

SAR v [1,2] [0, 2] 61.5 1.1 5,166 100

CoTTA v 3or35 1 58.4 1.5 16,836 100

T3A X 1 0 56.9 0.7 957 100

FOA X 28 0 65.0 11.6 832 100

ZOA X 2 0 61.5 0.7 858 100

ZOA (fp=28) X 28 0 66.3 10.0 862 100

PACE (e=0.125) X 1or28 0 61.5 0.8 863 4.8

PACE (e=0.14) X l1or28 0 61.0 0.7 863 3.5

PACE (K =6) X lor6 0 61.8 0.6 863 13.7

PACE X 1or28 0 67.0 5.4 863 50.6
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Figure A.2. Smoothed per-batch accuracy for the ImageNet-C benchmark with ViT-B model. The throughput was measured on JETSON
XAVIER NX. The gray vertical lines indicate the start of a domain.

Table A.2. Comparisons with SOTA methods on ImageNet-C with ViT-B regarding Accuracy (%). BP is short for backward propagation.

Noise Blur Weather Digital
Method BP Gauss. Shot Impul. Defoc. Glass Motion Zoom Snow Frost Fog Brit. Contr. Elas. Pix. JPEG Avg.
NoAdapt X 56.8 568 575 46.9 35.6 53.1 448 622 625 657 777 326 460 670 676 555
TENT v 576 598 609 512 494 59.6 532 640 627 678 786 665 545 700 69.7 617
CoTTA v 574 584 597 475 383 54.9 473 624 634 699 778 543 478 68.0 68.6 584
SAR v 591 611 616 54.2 55.1 58.6 557 603 615 643 766 582 581 686 689 615
LAME X 56.5 565 572 46.4 34.7 52.7 442 584 616 631 774 247 446 66.6 672 54.1
T3A X 564 56.6  56.7 45.5 34.4 51.9 434 606 628 609 771 458 445 667 685 554
FOA X 563 617 639 56.1 533 61.4 589 675 691 730 802 659 621 725 730 650
ZOA X 586 605 623 529 467 58.8 542 660 627 645 788 606 554 709 703 615
ZOA (fp=28) X 61.3 637 641 58.8 56.1 62.8 605 685 674 721 802 669 654 737 726 663
PACE (ours) X 612 623 627 59.1 58.2 64.2 613 69.6 684 735 807 671 687 749 733 670
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Table A.3. Comparisons with state-of-the-art methods on ImageNet-C with ViT-B in long-term continual adaptation. We report average
accuracy at each round of continual adaptation. Bold indicates best result, underlined second.

Method roundl round2 round3 round4 round)5

NoAdapt 55.5 55.5 55.5 55.5 55.5

T3A 554 55.9 55.2 55.0 54.6

FOA 65.0 65.6 66.1 66.2 66.4

Z0OA 61.5 63.0 63.2 63.9 64.0

ZOA (fp=28) 66.3 67.4 67.3 67.8 68.0

PACE (ours) 67.0 67.9 67.8 68.1 67.8
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Figure A.3. Smoothed per-batch accuracy for the repeated Glass Blur domain from ImageNet-C with ViT-B model. The throughput was
measured on a JETSON XAVIER NX. The gray vertical lines indicate the start of each repetition. The throughput from ZOA (fp =28) is
covered by FOA.

PACE achieves a significantly high accuracy at the first round, then peaks by the second and maintains stability across
the subsequent ones. Only ZOA (fp = 28) outperforms PACE after five repetitions, gaining a marginal 0.2 percentage
points of accuracy after the fourth repetition, while adapting to all test samples. Fig. A.3 illustrates per-batch accuracy and
throughput for repeated Glass Blur domain from ImageNet-C. PACE identifies when adaptation is no longer necessary
and terminates redundant updates, maintaining a throughput of 13 fps on the JETSON XAVIER NX. While FOA and ZOA
(fp = 28) maintain similar accuracy, they expend computational resources by adapting throughout the entire sequence,
resulting in a significantly lower throughput of 0.45 fps.

A.5.4. Ablation Studies

Optimization dimensionality (d). Tab. A.4 (a) shows performance degradation when d is either increased or decreased.
The reduction in accuracy at lower dimensions indicates insufficient expressivity for the optimization updates. Meanwhile,
the drop at higher dimensions is likely due to the increased search space complexity, which would require a larger CMA-ES
population than our budget of 28.

Domain-Specialized Vector Bank maximum capacity (p). Tab. A.4 (b) shows the impact of the domain-specialized vector
bank capacity p on the ImageNet-C benchmark. Performance improves as p increases, reaching a plateau at p=15. This
behavior is expected since ImageNet-C consists of 15 distinct domains. As shown in Fig. A.2, our method successfully
detects almost every domain transition and initializes from the bank (see Throughput). Consequently, increasing the capacity
beyond the number of available domains yields no further gains.

Domain shift threshold . The effect of domain shift threshold + is evaluated in Tab. A.4 (c). While a lower  increases
sensitivity to distribution shifts, frequent resets prevent the CMA-ES from reaching an optimal distribution. On the other
hand, a higher v results in insufficient sensitivity, leaving the model with suboptimal starting points when significant shifts
occur. Our results suggest that a balanced threshold is necessary to maintain both detection accuracy and optimization
stability.
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Table A.4. Accuracy (%) of PACE on ImageNet-C with a ViT-B model.

(a) low-dimension space (d)
300 768 2304 3000

PACE (ours) 63.8 654 67.0 66.5

(b) maximum vector bank capacity (p)
0 5 15 30 40 50

PACE (ours) 663 66.6 67.0 67.0 67.0 67.0

(c) domain shift threshold ()
0.01 002 003 005 0.1 1.5

PACE (ours) 659 67.0 67.0 665 666 63.0
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