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Abstract

Quantizing deep models prior to deployment is a widely adopted
technique to speed up inference for various real-time applications,
such as autonomous driving. However, quantized models often
suffer from severe performance degradation in dynamic environ-
ments with potential domain shifts and this degradation is signifi-
cantly more pronounced compared with their full-precision coun-
terparts, as shown by our theoretical and empirical illustrations.
To address the domain shift problem, test-time adaptation (TTA)
has emerged as an effective solution by enabling models to learn
adaptively from test data. Unfortunately, existing TTA methods
are often impractical for quantized models as they typically rely
on gradient backpropagation—an operation that is unsupported
on quantized models due to vanishing gradients, as well as mem-
ory and latency constraints. In this paper, we focus on TTA for
quantized models to improve their robustness and generalization
ability efficiently. We propose a continual zeroth-order adaptation
(ZOA) framework that enables efficient model adaptation using
only two forward passes, eliminating the computational burden of
existing methods. Moreover, we propose a domain knowledge man-
agement scheme to store and reuse different domain knowledge
with negligible memory consumption, reducing the interference of
different domain knowledge and fostering the knowledge accumu-
lation during long-term adaptation. Experimental results on three
classical architectures, including quantized transformer-based and
CNN-based models, demonstrate the superiority of our methods
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for quantized model adaptation. On the quantized W6A6 ViT-B
model, our ZOA is able to achieve a 5.0% improvement over the
state-of-the-art FOA on ImageNet-C dataset. The source code is
available at https://github.com/DengZeshuai/ZOA.
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1 Introduction

The common paradigm in deploying deep neural network models
involves quantizing full-precision models into low-bit precision,
e.g., 8-bit precision, before deployment using training-aware quan-
tization [13, 16, 25, 27] or post-training quantization [40, 54, 56, 59].
This workflow has become a standard practice in multimedia ap-
plications, aiming to accelerate inference and improve response
speed across a wide range of scenarios, including those involving
low-power edge devices or latency-sensitive contexts. However,
after deployment, the environments may dynamically change with
domain shifts, such as changes in lighting variations and sensor
noise [42, 52, 53], and under such domain shifts, these models may
suffer from severe performance degradation.

In this paper, we identify that quantized models are more sen-
sitive to domain shifts compared with their full-precision coun-
terparts, exhibiting significantly greater performance degradation
when encountering such shifts. As illustrated in Fig. 1, the accuracy
gap between in-distribution (ID) and out-of-distribution (OOD) data
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Figure 1: Quantized models often exhibit substantial perfor-
mance degradation on out-of-distribution (OOD) data com-
pared to their full-precision counterparts. The red arrows
represent the accuracy gap between the results of models on
in-distribution (ID) data (ImageNet) and OOD data (ImageNet-
C). “32FP” denotes the 32-bit floating-point ViT-B model, and
“WNAN?” indicates the N-bit quantized ViT-B variant.

widens markedly as the bit-width of the quantized model decreases.
This is because the quantization process inevitably introduces loss
errors when facing out-of-distribution perturbations, and this loss
increases as the bit-precision decreases, see our analyses in Sec. 3.1.
However, existing quantization methods typically optimize the
quantized models on source ID data, overlooking their performance
on OOD ones [29, 57]. Therefore, there remains an urgent demand
to efficiently adapt quantized models to new environments.

To address the domain shift issue, test-time adaptation (TTA) [26,
42, 43, 52, 63] has emerged as a promising paradigm by adapting
deployed models to out-of-distribution data during test time. Based
on whether they rely on backpropagation (BP), existing methods
can be broadly categorized into two groups: (i) BP-based methods,
such as entropy minimization [42, 52], prediction consistency max-
imization [63], and feature distribution alignment [38]; and (ii) BP-
free methods like calibrating the statistics of batch normalization
layers [39, 45] and correcting the predicted logits [23]. However,
effectively supporting various quantized models remains challeng-
ing for these approaches, making them impractical for scenarios
such as deployment on edge devices. The reasons are as follows.

BP-based TTA methods typically [42, 50, 52] focus on full-precision
models and rely on BP for model adaptation, which requires the
function of model inference to be continuous and differentiable.
However, the forward process of quantized models exhibits discrete
characteristics and lacks differentiability due to their extremely low-
bitwidth parameter representations (e.g., 4-bit or 8-bit precision).
Besides, gradient computation through BP entails substantial mem-
ory overhead for retaining intermediate activation values. While the
edge devices, such as FPGAs and smartphones, are often resource-
limited, making it unaffordable to perform these computationally
expensive BP-based methods. Therefore, it is non-trivial to directly
use these methods for efficient quantized model adaptation.

BP-free TTA methods [2, 23, 41] adapt the deployed models using
forward passes only. However, conventional methods like T3A [23]
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and LAME [2] are learning-free. Without updating the core pa-
rameters of models (such as parameters of normalization layers),
these methods often show limited learning capabilities(see results
in Tab. 2). Recently, the learning-based method FOA [41] has been
proposed, demonstrating much better performance compared with
learning-free approaches. However, it often requires many forward
passes per test sample to achieve satisfactory results, which may be
impractical for real-time applications. Moreover, FOA is specifically
designed for transformer architectures, limiting its applicability to
a broader range of model types. Thus, achieving real-time, resource-
efficient adaptation for quantized models in long-term, dynamically
changing environments remains an open and challenging problem.

In this paper, we propose a zeroth-order test-time adaptation
algorithm (ZOA) that efficiently adapts quantized models using
only two forward passes. Specifically, we design a continual domain
knowledge learning method that accumulates knowledge across
different domains. To reduce the interference between different
domains, we design a domain knowledge management scheme to
store and reuse the learned knowledge. With a set of learnable
coefficients to aggregate the knowledge from different domains,
our ZOA efficiently enhances the reliability of quantized models in
long-term adaptation. We evaluate our ZOA and existing methods
across three classical architectures and different quantization bit-
precision. Experimental results demonstrate the effectiveness of our
methods on quantized model adaptation. Overall, the contribution
of our work is summarized as follows:

o We identify that the quantized models exhibited higher sensi-
tivity to domain shift than their full-precision counterparts. To
achieve reliable AI applications under dynamic conditions on
edge devices, we design a continual zeroth-order adaptation
framework, namely ZOA, to efficiently adapt the quantized mod-
els during testing using only two forward passes per sample.

e We introduce a zeroth-order continual domain knowledge learn-
ing scheme. This method reduces cross-domain knowledge in-
terference and enables the accumulation and reuse of historical
adaptation knowledge for more effective forward-only TTA. We
further propose a domain knowledge management strategy to
ensure the computational and memory efficiency of our ZOA.

Experiments on three classical architectures across different bit-

precisions demonstrate that our ZOA is able to efficiently adapt

the quantized models by storing and reusing the learned domain
knowledge to boost the long-term test-time adaptation.

2 Related Works

2.1 Test-Time Adaptation

Test-time Adaptation (TTA) aims to adapt a pre-trained model to
unlabeled test data to handle the domain shift between training
and testing data. According to whether the model adaptation re-
lies on backpropagation, existing methods can be categorized into:
1) Backpropagation-based methods: Early TTA methods optimize a
source model via backpropagation using an extra self-supervision
task at testing, such as rotation prediction [49], contrastive learn-
ing [1, 32], reconstruction learning [11, 15], etc. However, self-
supervised tasks are essentially proxy tasks, which usually alter
the training process, and this solution is not always feasible in
practice. To address this issue, fully test-time adaptation methods
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have been proposed, which update models using unlabeled test
data through unsupervised learning objectives, including entropy
minimization [42, 50, 52], energy alignment [8, 61], and predic-
tion consistency maximization [4, 14, 53, 63], etc. Nonetheless, the
aforementioned methods suffer from computational and memory
inefficiency and limited application scenarios, e.g., can not be ap-
plied to quantized models, due to their reliance on backpropagation.
2) Backpropagation-free methods: A common approach for BP-free
TTA is to calibrate the statistics of batch normalization (BN) using
the mean and variance computed over the test data [37, 45, 52].
Nevertheless, this method requires multiple test data to calculate
statistics and assumes a balanced class distribution within a batch.
To address this, later studies adopt data augmentations [63] for
single-sample BN calibration or a class-wise sample bank [17] for
the imbalanced data stream. However, without optimizing the core
parameters of models, these methods often show limited online
learning capabilities. Recently, a forward-optimization adaptation
(FOA) [41] has been proposed to optimize quantized models without
requiring backpropagation. However, FOA requires a long adapta-
tion time—up to 28 forward passes per sample, which is impractical
for real-time applications. Instead, our ZOA seeks to use only two
forward passes per sample to adapt quantized models continually,
boosting TTA’s practicality in various resource-limited contexts.

2.2 Zeroth-Order Optimization

Zeroth-order Optimization (ZO) leverages forward passes to es-
timate gradients without backpropagation. Recent advances in
ZO have significantly expanded its applications in machine learn-
ing [30] and natural language processing [36], particularly in sce-
narios where gradient information is unavailable or impractical to
obtain [10]. Motivated by the need for black-box adaptation in NLP,
methods like BBT [48] and BBTv2 [47] have employed evolutionary
strategies such as CMA-ES [19] to optimize proprietary models
without access to gradients, while RLPrompt [10] leverages rein-
forcement learning for prompt tuning. However, these approaches
often face challenges with high variance and instability [30], espe-
cially in vision tasks. To address these limitations, recent work has
focused on improving gradient estimation accuracy through tech-
niques like two-sided approximations [44] and reducing variance
in ZO fine-tuning of large language models by sparse parameter
perturbations [33], and increased batch sizes [24] and tensorized
adapters [60]. Additionally, efforts to scale up ZO optimization have
included integrating historical data [6], and reusing intermediate
features [3] to enhance efficiency and convergence rates. These
advancements highlight the growing potential of ZO methods in
handling complex, large-scale machine learning problems while
maintaining computational efficiency and adaptability. In this pa-
per, we incorporate the advantage of zeroth-order optimization to
update the core parameters of the quantized neural networks for
test-time adaptation.

3 Motivation and Problem Statement

In this section, we first theoretically demonstrate that QNN are
highly vulnerable to distribution shifts, and then revisit the limita-
tions of existing TTA solutions in adapting quantized models.
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3.1 Sensitivity of QNN with Distribution Shift

We theoretically analyze the impact of out-of-distribution (OOD)
perturbations on QNNs and provide justification for the necessity of
TTA strategies in such scenarios, especially under low-bit precision.

ProrosITION 1. Considering linear models, let n denote the bit-
precision of quantized models, for out-of-distribution (OOD) input
perturbations §, the quantization-induced loss difference AL = L(x+
8) — L(x + ) satisfies:

1
AL >0, and AL x —,
22

n

1)

where £ and £ denote the MSE losses of quantized and full-precision
models, respectively.

The proof of Proposition 1 is provided in Appendix A. This result
highlights two key insights: 1) Quantization always increases the
loss under OOD perturbations, i.e, AL > 0; and 2) This sensitivity
grows exponentially as the bit-precision n decreases, i.e., AL 22%,
Our empirical observations in Fig. 1 are also aligned with our theo-
retical analysis. Overall, these findings underscore a critical limita-
tion of QNNs and motivate the need for an effective TTA solution
to enhance their robustness against distribution shifts.

3.2 Test-Time Adaptation

Let fg(-) be the model trained on the source training dataset Ds =
{xi,yi },Iis1 and x; ~ P(x). During testing, test samples can be drawn
from a shifted and dynamically changing distribution Q(x), where
Q(x) # P(x), causing performance degradation in fy(-) predictions.
To adapt the pre-trained model fy(-) to the target domain, conven-
tional TTA methods [42, 52] seek to optimize the model using some
un/self-supervised learning objective on test samples:

min £(x; 6), x ~ Q(x), )
0
where 0 C 6 denotes the learnable parameters involved in TTA,
and the test-time objective £(-) is often formulated as entropy
minimization [42, 52, 53], activation alignment [38, 41], and etc.
Nevertheless, existing TTA methods typically require gradient-
based updates through backpropagation, posing a fundamental
limitation when applied to quantized models that do not support
backpropagation. Recently, FOA [41] circumvents backpropagation
by employing an evolutionary strategy to optimize input prompts.
However, it 1) incurs substantial computational cost—requiring up
to 28 forward passes per sample—and 2) assumes a low-dimensional
adaptation space, making it less flexible for adapting deep quantized
models with high-dimensional parameters. Motivated by adaptation
efficiency and applicability on various QNNs, in this paper, we
seek to propose a novel TTA approach that effectively adapts a
quantized model using only two forward passes per sample—one
forward pass for standard inference and a single extra forward pass
for TTA—without assuming a low-dimensional adaptation space.

4 Continual Zeroth-Order Adaptation for QNNs

In this paper, we propose a novel continual Zeroth-Order Adap-
tation (ZOA) framework, which is designed to efficiently adapt a
quantized model with only two forward passes per sample to boost
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Figure 2: The overall framework of ZOA. We perturb the learnable parameters and the aggregation coefficients using the
random perturbation vectors € and v, which are sampled from a predefined distribution #. The gradient is estimated based on
the loss £’ and £, where £’ = L(x; 0+ ce, a + cv) is the loss related to perturbed parameters and £ = L(x; é @) is related to
learnable parameters. The yellow blocks represent the learnable parameters, including « and 6. The blue blocks represent the
parameters perturbed by random vectors v and €. The gray blocks represent the frozen parameters that would not be updated.

Algorithm 1: The pipeline of our ZOA.
Input: Test samples D; = {x;}, source model fgo(-),
distribution P, learning rate n4 and 7.
1 Initialize 7~ = {0}, 0=0and a = 0.
2 for x € D; do
3 // First forward pass.

4 Forward to obtain y; and compute £(x; é ).

5 Sample perturbations v and € from distribution P.

6 /] Second forward pass.

7 Forward to compute £(x; 0+ CE, a + V).

8 Estimate gradients g(é) and §( ) based on Eq. (5).

9 Update 6 using é(é) and 7.
10 Update « using () and 7,.
11 if Domain changes then
12 Store current parameters A; into 7~ using Eq. (7).
13 Add new learnable parameters 6’ using Eq. (8).
end
if |7 > N then

‘ Remove redundant parameters via Eq. (9) and (10).

14

15

16

17 end
end

Output: The predictions {y;}.

18

TTA practicality. As shown in Fig. 2, ZOA comprises two key de-
signs: 1) A continual domain knowledge learning scheme based on
zeroth-order optimization, which learns and reuses domain knowl-
edge without forgetting for more effective TTA using two forward
passes (c.f. Sec. 4.1); and 2) A domain knowledge management strat-
egy that preserves diverse, and informative domain knowledge to

7261

reduce memory overhead while maintaining TTA performance (c.f.
Sec. 4.2). We summarize the pseudo-code of ZOA in Algorithm 1.

4.1 Continual Domain Knowledge Learning

Unlike conventional TTA methods that update the model via back-
propagation, we aim to achieve both computationally and memory-
efficient TTA—requiring only two forward passes per test sample.
To this end, one direct solution is using the Covariance Matrix Adap-
tation Evolution Strategy [18] (CMA-ES), as in FOA [41]. However,
this is inefficient and ineffective in our setting, due to: 1) CMA-ES
relies solely on the rank of candidate solutions but ignores the de-
tailed fitness (target loss) value, failing to provide sufficient learning
signals when only two forward passes per sample are available,
as in Fig. A of Appendix; 2) CMA-ES assumes a low-dimensional
optimization space (e.g., prompt learning on ViT [41]), restricting
its efficacy on quantized models with high-dimensional parameters.
In this paper, we seek to exploit the exact loss values of candidate
solutions to deliver richer learning signals for more efficient and ef-
fective forward-only adaptation, and thus introduce a zeroth-order
adaptation method. Additionally, we devise a continual learning
scheme that accumulates learned knowledge without forgetting,
thereby further boosting the efficiency and effectiveness of subse-
quent forward-only adaptations under a very limited number (i.e.,
2) of forward passes. We depict them in the following.
Zeroth-Order Gradient Estimation. To efficiently update the
QNN with two forward passes, we explore the zeroth-order opti-
mization SPSA [46] in TTA, which leverages the exact loss values
L(+) of solutions for gradient estimation. Specifically, the one-sided
averaged gradient estimator of SPSA [31, 51] can be formulated as:

L(x;0 +cej) — L(x;0) =
c i

9
§(0) =9 L0xi0) =2 > E)

i=1
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where g denotes the step of perturbations, ¢ > 0 is the perturbation
scale, and € is a random perturbation vector sampled from mean-
zero distributions, such as Rademacher and Segmented Uniform
distribution [44]. For our ZOA, we set the number of steps g to be
1. Therefore, we only require two forward passes to estimate the
gradients, including one forward pass for standard inference and
computing the loss of current parameters £(x; 8), and one forward
pass for computing the loss of perturbed parameters L(x; 0 + ce).
Continual Knowledge Reprogramming Learning. Although
exploiting exact loss values in Eq. (3) improves learning efficiency,
using only two forward passes provides only a coarse gradient
estimation, which may still limit the learning efficacy for TTA. On
the other hand, increasing the number of forward passes to deliver
more informative gradients would compromise the efficiency we
aim to preserve. Alternatively, we explore the potential of continual
learning with zeroth-order optimization, which seeks to accumu-
late and leverage the historical adaptation knowledge to boost the
efficacy of subsequent TTA without expensive computational cost.
To achieve knowledge accumulation, we first decouple the knowl-
edge of different domains into domain knowledge vectors [58], i.e.,
Aj=0; - 0°, where 0; is adapted parameters on the j-th domain,
and 6° is the source pre-trained parameters. We then save A j in
knowledge base 7~ = {A; }5\7: o upon distribution shifts (as discussed
in Sec. 4.2). Given the knowledge base 7~, our continual knowledge
reprogramming learning process is formulated as:

N ~
DA +6, AT (4)

min £L(x; é), where 6 = 0° +
, 7=0

«,0

Here, 6 denotes a set of new learnable parameters to enable learning
new domain knowledge. « is the learnable aggregation weights for
different domain knowledge, normalized with the softmax function,
ie., Zy: o0 @j = 1. The relevant domain knowledge is retrieved to
enhance adaptation with a large coefficient «;, while the irrelevant
domain knowledge is suppressed with a small coefficient.

Within our zeroth-order optimization framework, we only up-
date the parameters 6 and @, while freezing other parameters.
Notably, we perturb 6 and o simultaneously at each step to avoid
introducing an additional forward pass for Eq. (3). The estimated
gradients of domain knowledge parameters 6 and aggragation co-
efficients « are computed by:

[é(9)J
g(e@)

6_1
v—l

_L(x 0+ce,a+cv) - L(x0,a)

)

c

where € is the random perturbation vectors for 6 and v is the
random perturbation vectors for a. With the estimated gradients of
learnable parameters, we can update the parameters using gradient
descent methods, such as SGD or AdamW [35].

Objective Function for Quantized Model Adaptation. Our pro-
posed continual zeroth-order optimization framework does not
limit the objective function used to optimize a and 6.In our imple-
mentation, we select FOA [41] as our test-time learning objective,
which provides stable learning signals for forward optimization
with a feature discrepancy loss and an entropy minimization loss.
Specifically, we first calculate the mean and standard deviations
of the output activations of L intermediate blocks {15, o7 }I.L:O over
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a small set of unlabeled ID data. During testing, we calculate the
statistics {p; (x;), Ui(x,)}{.“:o over the current batch of test samples
x¢. The objective function for B test samples x; is then given by:

e 3 e

X€Xt ceC

L(x;60") =

L ©)
T ;nui(xn = ll2 + 1161 (xe) = Iz,

where 0" denotes the adapted parameters at ¢-th step. y, is the c-th
element of the prediction §; = fy¢ (x;), C is the dimension of class
space C, and A is a trade-off parameter. Note that a small number of
unlabeled ID samples (e.g., 32 samples) is sufficient to compute the
feature statistics of ID data [41], making it practical for application.

4.2 Domain Knowledge Management

In this section, we introduce our domain knowledge management
strategy that preserves valuable learned knowledge during the
continual TTA while maintaining a manageable memory footprint.
Domain Knowledge Preservation. In the long-term TTA, we use
domain shift detection [5, 22] to identify whether the test distribu-
tion changes. We compute the distribution distance of current test
samples and historical samples, the domain change occurs when the
distance is larger than a predefined threshold (refer to Appendix B
for details). Once changes occur, we accumulate the learned domain
vectors in 7~ and initialize a new set of parameters 6 in Eq. (4) for
further domain adaptation. Specifically, the knowledge preservation
process is formulated as:

7 =T U{A;}, where A, = 6, — 6°. )
Here, 0; is the ensemble parameters at the ¢-th domain from Eq. (4).
Note that the sum of all coefficients equals to 1 due to the softmax
function, i.e., Z;'l:o aj+a; = 1, thus adding new domain vectors A;
in 7 can change the value of the ensemble parameter in Eq. (4).

To keep TTA stability, we seek to keep the ensemble parameters
6; unchanged after storing new domain vectors A; in 7. To this
end, let 0’ be the updated ensemble parameters after adding new
parameters in 7, we re-initialize the 6 for new domain as:

0 =60-(0' -0, ®)
where 6 and 6’ denote the learnable parameters before and after
vector preservation, respectively. We also carefully initialize the
coefficient a; of the domain parameters A; to keep the parameters
0’ initialized as small as possible, thereby reducing cross-domain
interference. We put more details of « initialization in Appendix C.
Redundant Domain Knowledge Removal. Over time, the num-
ber of stored domain vectors in 7 may grow excessively large,
resulting in an unbearable memory footprint that hinders TTA
practicality. To prevent this, we aim to preserve only the most
diverse and informative ones to reduce the memory overhead.

To keep the memory footprint manageable, we restrict 7~ to a
maximum size N and remove redundant domain vectors (i.e., those
that are outdated and show a large similarity with other vectors)
when the number of vectors in 7~ exceeds N. Formally, the similarity
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Table 1: Effectiveness of our ZOA on Quantized ViT-B models. We report the Accuracy (%) on ImageNet-C (severity level 5)
during the 10th round of continual adaptation. “WNAN” indicates that the ViT-B model is quantized to N-bit precision.

Noise Blur Weather Digital Average
Model Method Gauss. Shot Impul. Defoc. Glass Motion Zoom Snow Frost Fog Brit. Contr. Elas. Pix. JPEG  Acc.
Source 56.1 56.0 56.7 46.7 34.9 52.5 426 611 61.7 659 771 243 445 656 66.8 54.2
VIT-B WSAS T3A [23] 529 531 535 45.0 33.7 50.2 40.5 582 605 626 746 423 392 63.8 64.8 53.0
FOA [41] (K=2) 57.1 575 58.0 49.0 378 54.1 456 638 647 705 775 540 486 664 67.8 58.2
ZOA (ours) 60.2 620 618 54.6 50.2 59.1 552 67.0 655 68.0 79.1 58.0 59.6 70.7 705 62.8
Source 442 420 448 39.8 28.9 43.4 34.7 53.2 598 59.0 751 274 390 59.1 653 47.7
ViT-B W6AG T3A [23] 37.1  36.6 379 28.0 25.1 36.6 27.7 452 546 528 698 197 315 564 615 414
FOA [41] (K=2) 464 454 47.0 42.5 33.1 46.4 39.0 573 630 66.1 757 359 442 603 66.2 51.3
ZOA (ours) 526 542 550 48.4 42.8 53.7 46.7 605 63.8 648 76.5 420 50.0 658 68.2 56.3
Source 46.0 455 46.2 414 288 44.3 37.3 50.7 575 620 745 260 39.6 569 63.8 48.0
VIT-B W4A4 T3A [23] 413 416 421 39.1 27.9 41.5 346 471 558 60.1 717 30.0 36.1 538 61.5 45.6
FOA [41] (K=2) 475 46.8 47.6 434 31.2 46.8 40.4 548 596 647 748 395 434 577 64.8 50.9
ZOA (ours) 498 50.7 526 48.6 38.2 52.8 47.6 555 561 597 753 381 475 62.6 654 534

Table 2: Effectiveness of our ZOA on Quantized ViT-B models in long-term continual adaptation. We report the average Accuracy
(%) on ImageNet-C (severity level 5) at each round of adaptation. “WNAN” indicates that the ViT-B model is quantized to N-bit
precision. The bold number indicates the best result. “4FP” is the number of forward passes to obtain output and update models.

Models Methods #FP 1 2 3 4 5 6 7 8 9 10 Average
Source 1 54.2 54.2 54.2 54.2 54.2 54.2 54.2 54.2 54.2 54.2 54.2
T3A [23 1 55.6 55.6 55.1 54.9 54.6 54.3 53.9 53.7 53.4 53.0 54.4
ViT-B W8AS8 (23]
FOA [41] (K=2) 2 58.0 57.9 58.1 58.1 58.2 58.1 58.2 58.2 58.1 58.2 58.1
ZOA (ours) 2 59.7 61.0 61.4 61.5 62.0 61.9 62.1 62.1 62.1 62.8 61.7
Source 1 47.7 47.7 47.7 47.7 47.7 47.7 47.7 47.7 47.7 47.7 47.7
. T3A [23] 1 433 447 44.3 439 43.5 43.0 42.6 42.2 419 414 43.1
ViT-B W6A6
FOA [41] (K=2) 2 51.1 51.6 51.5 51.3 51.3 51.1 51.0 51.1 51.1 51.3 51.3
ZOA (ours) 2 54.3 55.2 55.8 55.7 55.8 55.7 56.2 56.4 56.5 56.3 55.8
Source 1 48.0 48.0 48.0 48.0 48.0 48.0 48.0 48.0 48.0 48.0 48.0
T3A [23 1 47. 47. 47. 47. 46. 46.4 46.2 46. 45. 45. 46.
ViT-B W4A4 3A [23] 7.3 7.6 7.3 7.0 6.6 6 6 6.0 5.9 5.6 6.6
FOA [41] (K=2) 2 50.7 50.8 50.9 50.9 50.9 50.8 50.8 50.9 50.9 50.9 50.8
ZOA (ours) 2 52.1 52.8 53.2 53.5 53.3 53.4 53.9 53.3 53.6 53.4 53.2
between domain knowledge vectors is computed as: contains corrupted images in 15 types and each type has 5 sever-
ity levels. In the experiments, we mainly report the results on
k, p = argmax cos(A;, Aj), Y P iy rep .
AnAeL ImageNet-C at severity level 5. For simplicity, we abbreviate the
) 15 types of ImageNet-C as Gauss., Shot, Impul., Defoc., Glass, Mo-
cos(A, Aj) Z (Aip A Js 1) tion, Zoom, Snow, Frost, Fog, Brit., Contr., Elas., Pix., and JPEG,
i» A7) 1A IHIA e respectively. We evaluate the different methods using ViT-B [12],

where k and p are the indices of the selected domain parameters,
A1 is the parameters in the [-th layer of A}, and -, -) represents the
inner product. In implementation, we pre-compute the similarities
between all Aj € 7 to efficiently obtain the index k and p. Based
on k and p, we remove the most outdated domain vectors from 7

T =7 \{Ao}, (10)

where \ denotes the remove operation and o = min(k, p).

5 Experiment

Datasets and Models. We conduct experiments on the bench-
mark of test-time adaptation, such as ImageNet-C [21]. ImageNet-C

ViM-S [64], and ResNet-50 [20]. These models are trained on the
ImageNet-1K [9] training set. We obtain the model weights from
the timm repository [55]. To obtain the quantized models, we adopt
PTQ4ViT [62] to obtain the W8A8 and W6A6 ViT-B models. And
we use AdaLog [56] to obtain the W4A4 and W3A3 ViT-B models.
For the ViM-S model, we adopt PTQ4VM [7] to quantize the model
into W8AS precision. Moreover, we use MQBench [28] to obtain
the quantized W8A8 and W2A4 ResNet-50 models. In the experi-
ment, we use ’Source’ to represent the deployed models without
adaptation. We put more details in Appendix D.

Compared Methods. In the experiment, we compare our ZOA with
there BP-free methods, including LAME [2], T3A [23], and FOA [41].
Since the edge devices are resource-limited, we mainly compare
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Table 3: Effectiveness of our ZOA on W8A 8 ResNet-50 and ViM-S models. We report the Accuracy (%) on ImageNet-C (severity
level 5) at the 10th round of adaptation. The bold number indicates the best result.

Noise Blur Weather Digital Average
Model Method Gauss. Shot Impul. Defoc. Glass Motion Zoom Snow Frost Fog Brit. Contr. Elas. Pix. JPEG  Acc.
Source 3.5 4.2 3.2 17.6 9.5 15.0 22.7 16.5 228 238 59.0 5.5 16.4 213 32.6 18.3
BN Adapt 16.1 17.3  16.9 14.4 15.1 25.8 38.4 342 332 476 653 159 444 491 40.1 31.6
ResNet-50 W8A8 T3A [23] 135 144 144 12.8 12.8 22.1 32.5 300 284 40.7 56.6 139 37.1 409 34.0 26.9
FOA [41] (K=2) 159 174 153 12.8 13.3 20.2 30.2 257 274 37.0 569 12.0 36.2 432 37.8 26.7
ZOA (ours) 229 238 234 18.8 21.1 29.5 40.5 359 353 472 644 20.7 481 502 4338 35.0
Source 42.2 422 427 29.7 17.1 38.1 31.1 489 551 619 712 467 346 405 538 43.7
ViM-S W8AS T3A [23] 393 393 392 29.4 16.7 36.9 300 482 539 59.0 703 492 341 394 533 42.6
FOA [41] (K=2) 42.8 420 44.1 27.6 15.2 37.1 32.2 493 557 605 704 51.6 356 40.1 537 43.9
ZOA (ours) 46.5 479 487 314 23.8 43.5 36.2 50.7 550 635 71.6 49.6 37.0 434 55.6 47.0

Table 4: Effectiveness of our ZOA on Quantized ResNet-50 and ViM-S models in long-term continual adaptation. We report
the average Accuracy (%) on ImageNet-C (severity level 5) at each round of adaptation. Both models are quantized into 8-bit
precision. The bold number indicates the best result. “4FP” is the number of forward passes to obtain output and update models.

Models Methods #FP 1 2 3 4 5 6 7 8 9 10 Average
Source 1 18.3 18.3 18.3 18.3 18.3 18.3 18.3 18.3 18.3 18.3 18.3
BN Adapt 1 31.6 31.6 31.6 31.6 31.6 31.6 31.6 31.6 31.6 31.6 31.6
T3A [23 1 30.3 29.8 29.1 28.7 28.3 28.0 27.6 27.4 27.2 26.9 28.3
ResNet50 W8AS8 (23]
FOA [41] (K=2) 2 24.9 26.2 26.2 26.4 26.5 26.7 26.7 26.8 26.8 26.7 26.4
ZOA (ours) 2 32.8 33.7 34.1 34.1 344 34.6 34.3 34.4 34.6 35.0 34.2
Source 1 43.7 43.7 43.7 43.7 43.7 43.7 43.7 43.7 43.7 43.7 43.7
T3A [23 1 43.7 43.9 43.8 43.6 43.5 43.4 43.2 43.1 42.9 42.6 43.4
ViM-S W8AS8 (23]
FOA [41] (K=2) 2 43.9 43.9 43.9 43.9 43.9 43.9 43.9 43.9 43.9 43.9 43.9
ZOA (ours) 2 46.1 46.4 46.5 46.8 46.8 47.0 46.9 46.9 46.8 47.0 46.7

FOA (K=2) in our experiments, which only uses two forward passes.
We also compare our methods with BP-based methods on the full-
precision ViT-B model to show the effectiveness of our method
on resource-abundant devices. The compared BP-based methods
include TENT [52], MEMO [63], SAR [43], CoTTA [53], EATA [42],
and DeYO [26]. We report the adaptation results on the test dataset
in terms of Top-1 Accuracy (abbreviated as Acc.).
Implementation Details. For fair comparison, we set the batch
size of test samples to 64 as TENT [52] and SAR [43]. Following
FOA [41], we use the validation set of ImageNet-1K to compute the
statistics of ID data. During adaptation, we use the SGD optimizer to
update the learnable domain parameters 6, and use the AdamW [35]
to update the aggregation coefficients . For all quantized models,
we sample the perturbation vectors € and v from a Rademacher
and Segmented Uniform distribution [44]. For the W8A8 ViT-B
model, we add the perturbation vectors € and v with the step size
of 0.02 and 0.05, respectively. We set the learning rate of 6 and &
to be 0.0005 and 0.01, respectively. We set the maximum number of
domain knowledge parameters as N = 32 to avoid large memory
consumption. We put more details in Appendix D.

5.1 Results on Quantized Neural Networks

Results on Quantized ViT-B models. We evaluate our ZOA on
the quantized ViT-B models. Since the edge devices are resource-
limited, we configure FOA to employ two forward passes as our
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ZOA. As shown in Tab. 2, our ZOA achieves the best performance in
the first round of adaptation on ImageNet-C dataset. Moreover, dur-
ing the long-term adaptation process, our ZOA is able to accumulate
the learned domain knowledge and further boost the adaptation
performance. We also show the results at the 10th round of adap-
tation in Tab. 1. As shown in Tab. 1, our methods achieve a 5.0%
improvement over FOA on average on the quantized W6A6 model.
These results on quantized models with different bit precisions
demonstrate the superiority of our ZOAover existing methods.
Results on Quantized ResNet-50. We evaluate our ZOA on the
classical convolutional neural network, i.e., the quantized W8AS8
ResNet-50 model in Tab. 3 and Tab. 4. From Tab. 3, FOA achieves
limited results compared with the BN adapt baseline with only
two forward passes. This limitation arises because FOA relies on
low-dimensional prompt learning to adapt the model, which is less
flexible on CNN-based architectures. Instead, our ZOA consistently
adapts the quantized ResNet-50 to the target domains. As shown in
Tab. 4, our ZOA benefits from our continual knowledge accumula-
tion to achieve better performance in long-term adaptation.
Results on Quantized ViM-S. We also evaluate the different BP-
free adaptation methods on the quantized Vision Mamba model,
i.e., the quantized W8A8 ViM-S model from PTQ4VM [7]. Since
PTQ4VM [7] uses the per-token quantization scheme, it requires
appropriate quantization parameters for activations related to the
inserted prompts by FOA. However, obtaining suitable parameters
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Table 5: Comparisons w.r.t. computational complexity. FP/BP
is short for forward/backward propagation. Acc. (%) is the
average accuracy on ImageNet-C (level 5) at the 10th round
of continual adaptation. Memory (MB) is measured for pro-
cessing 64 images on a single GPU. “*” denotes resetting the
model parameters after adaptation on each corruption.

Model Method BP #FP  #BP | Acc. Memory (MB)
Source X 1 0 | 555 819
MEMO [63] v 65 64 | 57.2 11,058
. TENT*[52] ¢ 1 1 ]596 5,165
ViT-B TENT[52] ¢ 1 1|01 5,165
CoTTA* [53] vV 3o0r3 1 61.7 16,836
CoTTA [53] vV 3o0r3 1 34.0 16,836
LAME[2] X 1 0 | 541 819
Source X 1 0 | 542 205
. T3A [23] X 1 0 |530 239
VITBWBAS | poA[41] (K=2) X 2 0 | 582 208
ZOA(ours) X 2 0 | 628 207
Source X 1 0 | 477 102
. T3A [23] X 1 0 | 45.6 120
VITBWAAL | poA 1] K=2) x 2 0 | 509 104
ZOA(ours) X 2 0 |534 103
Source X 1 0 | 183 195
T3A [23] X 1 0 | 269 249
ResNet-50 W8AS | pop [41] (K=2) X 2 0 | 267 195
ZOA(ours) X 2 0 |35.0 197

Table 6: Ablation studies of each component on ImageNet-C
(level 5). ZO denotes we use the zeroth-order optimizer for
adaptation, and DRL denotes our continual domain repro-
gramming learning. We report the average accuracy at the
first (R1) and the last round (R10) of continual adaptation.

Method #FP  ZO DRL ‘ R1 R10  Memory (MB)
Source 1 542 54.2 205
FOA 2 58.0 582 208
Vi 2 (%4 59.7 60.2 206
ZOA(Ours)y 2 ¢ v |597 628 207

Table 7: Effect of the number of domain parameters at the
10th round adaptation on ImageNet-C

N | o 2 4 8 16 32 64 128
Accuracy (%) | 33.6 335 341 346 349 350 354 353
Memory (MB) | 0.00 0.02 0.03 007 013 027 053 1.06

for these new prompts is challenging during testing. This mismatch
in quantization parameters can degrade the performance of the
pre-quantized model, further affecting the adaptation capability
of FOA. As shown in Tab. 3, FOA achieves a limited performance
gain compared with the source model. Instead, without requiring
new prompt tokens, our ZOA does not suffer from the quantization
scheme. Thus, our method is still able to adapt the quantized models
and achieve the best results. From Tab. 3, our method achieves a3.1%
improvement over FOA on the quantized W8A8 ViM-S model. The
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results on three quantized models demonstrate the effectiveness of
our method on different architectures.

Computational Complexity Analyses. In this part, we analyze
the computational cost of different adaptation methods in Tab. 5.
Following [34, 41], the memory consumption for quantized W8AS
and W4A4 models is an ideal estimation by 0.25X and 0.125X mem-
ory of 32-bit models, respectively. For the adaptation of the W8AS8
ViT-B model, our ZOA achieves the best results with merely two
forward passes, whose computational cost is only approximately
twice that of the standard forward of the quantized model. The
memory consumption of our ZOA is almost the same as that of the
quantized model inference. On the quantized W8A8 ViT-B model,
our ZOA even achieves a better performance than the BP-based
methods on full-precision models, such as MEMO [63], TENT [52],
and CoTTA [53]. Moreover, for the adaptation of the quantized
ViT-B model with the W4A4 precision, our ZOA is able to adapt the
model with merely 103 MB memory consumption. In conclusion,
the cost of our ZOA is affordable for many resource-limited devices,
such as smartphones, FPGAs, and laptops.

5.2 Further Experiments

In this part, we evaluate the component of our ZOA and provide
more results and discussions in the following. Due to the page limit,
we put more results and discussions in Appendix E.

Ablation Studies. In this part, we analyze the effectiveness of
each component of our ZOA. We construct an additional baseline,
namely V1, which does not use our continual domain knowledge
learning scheme. To show the effectiveness of our method, we
compare these methods with the state-of-the-art FOA in terms of
accuracy at the 10th round of adaptation. As shown in Tab. 6, our
baseline V1 using zero-order adaptation already achieves better
results than FOA on ImageNet-C. Moreover, the results of the last
row show that our continual domain knowledge learning greatly
boost the long-term adaptation for quantized models with merely 2
MB extra memory consumption compared with the source model.
Effect of the number of domain parameters N. To investi-
gate the hyperparameters N, we evaluate our ZOA on the W8AS8
ResNet50 model. As shown in Tab. 7, when N > 4, our ZOA achieves
promising improvements compared to the baseline without our con-
tinual knowledge learning scheme (i.e., N = 0). In our experiments,
we set N=32 for all quantized models by default.

6 Conclusion

In this paper, we theoretically and empirically illustrate the high sen-
sitivity of quantized models to out-of-distribution data. To this end,
we propose a continual zeroth-order adaptation framework (ZOA)
for efficient quantized model adaptation with only two forward
passes per test data. To further enhance the efficacy of forward-only
TTA, we propose to accumulate and leverage the historical TTA
knowledge with a continual knowledge reprogramming learning
scheme, and devise a domain knowledge management strategy
to reduce memory overhead. Experiments on quantized models
across different architectures demonstrate the effectiveness of our
framework for efficient quantized model adaptation.
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