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Deep neural networks (DNNs) deployed on edge devices often suffer from severe performance degradation when exposed
to dynamic and continually shifting environments. Test-time adaptation (TTA) has emerged as a promising solution by
updating models online with incoming test data. However, edge deployment poses unique challenges: limited computational
resources, latency caused by adaptation delays, and knowledge isolation across devices. The situation becomes even more
complex in open-world scenarios, where the presence of unknown categories further disrupts adaptation. To overcome these
limitations, we propose TeamTTA, a cloud-integrated framework designed for efficient multi-device collaboration open-set
test-time adaptation. Specifically, TeamTTA aggregates reliable samples from multiple edge devices through crowdsourcing,
uploads them to the cloud, and maintains a memory buffer for continual adaptation. A large vision model (LVM) in the
cloud leverages its zero-shot generalization ability to filter out open-set samples and acts as a teacher model, distilling its
knowledge into a replicated student edge model stored in the cloud. The adapted model parameters, or alternatively global
statistics under poor network conditions, are then transmitted back to the edge devices for efficient inference. Extensive
experiments on standard public TTA benchmarks, including corrupted and open-set datasets, show that TeamTTA achieves
superior adaptation accuracy, robustness to distribution shifts, and communication efficiency, outperforming state-of-the-art
TTA baselines. These results validate the effectiveness of integrating cloud-edge collaboration and LVM-driven knowledge
distillation for real-world edge intelligence.
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1 Introduction

Deep neural networks (DNNs) have achieved remarkable success in computer vision (Voulodimos et al. 2018) tasks
such as image classification (L. Chen et al. 2021), object detection (Zou et al. 2023), and semantic segmentation (Mo
et al. 2022). Despite their outstanding performance in cloud-based and laboratory environments, deploying DNNs
on resource-constrained edge devices still faces significant challenges. Specifically, edge devices often operate
in complex and dynamically changing environments, such as image blur, illumination variation, and sensor
performance degradation (Niu, J. Wu, Y. Zhang, Wen, et al. 2023). These factors lead to distribution shift, where the
test data distribution during deployment differs from that in training, thereby severely affecting model inference
performance (Murphy 2022). In particular, in edge environments, models must simultaneously cope with two key
types of distribution shifts: covariate shift (domain shift) (Stan and Rostami 2024) and semantic shift. Covariate
shift refers to changes in the test distribution, such as variations in image characteristics caused by weather
changes (Ioffe 2015); semantic shift refers to the occurrence of categories during testing that are not included in
the training set, which often happens in open-world environments (Gao et al. 2024). These shifts may lead to
severe consequences such as misclassification, thereby significantly undermining the reliability and robustness of
the model in real-world tasks. Therefore, improving the adaptability of DNNs in dynamic edge scenarios under
distribution shift has become one of the core issues in current edge intelligence research.

To address distribution shift, test-time adaptation (TTA) has emerged as a promising paradigm (D. Wang et al.
2020). The core objective of TTA is to update the model during inference by exploiting incoming unlabeled test
data without requiring access to source data. This property is particularly important for resource-constrained
edge devices operating in complex and rapidly changing task scenarios. Numerous methods (Liang et al. 2023; Z.
Wang, Luo, et al. 2024; Xiao and Snoek 2024; Yu et al. 2023) have been proposed to enhance both the performance
(e.g., accuracy) and efficiency (e.g., reduced memory footprint and computational cost) of TTA. For example,
CoTTA (Q. Wang et al. 2022) leverages image augmentation to mitigate error accumulation, while RoTTA (Yuan
et al. 2023) introduces a robust batch normalization (BN) scheme for more accurate normalization statistics.
These approaches significantly improve adaptation accuracy. In contrast, another method emphasizes enhancing
the efficiency of TTA—EATA (Niu, J. Wu, Y. Zhang, Y. Chen, et al. 2022) adapts only on reliable samples and
LAW (Park et al. 2024) minimizes the number of layers requiring adaptation. Despite these advances, most existing
TTA approaches assume closed-set environments and large batch sizes, making them unsuitable for open-set
edge deployment.

Open-set adaptation (Gao et al. 2024; Lee, Das, et al. 2023) poses a significant challenge, especially for models
deployed on resource-constrained edge devices. Unlike the closed-set assumption, where all test categories are
present in the training data, open-set scenarios require the model to handle instances from entirely unseen
categories during deployment. For example, in autonomous driving scenarios (Wong et al. 2020), a vehicle entering
a dimly lit tunnel may encounter novel, unrecognized objects, potentially leading to severe traffic accidents. In
such open-set scenarios, models must not only maintain high performance on known categories (closed sets)
but also correctly recognize unknown categories (open sets) that are not encountered during training. This dual
requirement increases the complexity of TTA, as the model must simultaneously differentiate between known
and novel categories when adapting to continuously changing environmental conditions.

Recent studies have explored innovative solutions for open-set adaptation. OSTTA (Lee, Das, et al. 2023)
uses crowd wisdom to filter out open-set samples, while UniEnt (Gao et al. 2024) proposes a unified entropy
optimization framework. Specifically, the UniEnt framework first employs a distribution-aware filter to distinguish
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between covariate-shifted in-distribution (csID) and covariate-shifted out-of-distribution (csOOD) samples. It then
minimizes entropy for csID samples while maximizing it for csOOD samples, facilitating more effective adaptation
in open-set environments. Although these open-set TTA methods demonstrate strong performance in controlled
experimental settings, they exhibit critical limitations that hinder practical deployment in real-world, resource-
constrained edge environments: (1) Heavy reliance on large batch sizes for adaptation. Model performance degrades
sharply as batch size decreases; in extreme cases, adaptation can even cause catastrophic failure, producing
results worse than those of the original, unadapted model. As illustrated in Fig.1, when operating with small
batch sizes, the state-of-the-art (SOTA) open-set TTA method UniEnt (Gao et al. 2024) performs significantly
worse than the closed-set method Tent (D. Wang et al. 2020). For Fig.1, we empirically validate the limitations
of existing TTA methods using the CIFAR-10-C dataset (Krizhevsky, Hinton, et al. 2009) to simulate covariate
shift, and extend the evaluation to open-set scenarios by introducing the SVHN-C dataset (Netzer et al. 2011)
as the out-of-distribution (OOD) domain (See Section 5.1 for specific experimental settings). To better reflect
practical deployment conditions—where high-resolution inputs are common—we upsample all images from their
original resolutions to 224 X 224. Experiments are conducted under varying batch sizes of 4, 8, 16, and 200 to
investigate performance sensitivity to batch size. The Adam optimizer (Kingma 2014) is employed for model
adaptation across all settings. Performance is evaluated using a comprehensive set of metrics: Accuracy (Acc)
for in-distribution classification performance, AUROC for open-set separability, FPR@TPR95 to quantify false
positive rates at a fixed true positive rate, and OSCR to jointly measure classification and OOD detection capability.
Detailed definitions for these metrics are provided in Section 5.1. (2) High memory consumption with increasing
batch sizes. Even at relatively low image resolutions (e.g., 32x32), memory usage escalates rapidly as batch size
grows, as shown in Fig. 2. This issue is exacerbated in real-world edge scenarios, where input images often
have substantially higher resolutions, further straining the already limited on-device memory resources. These
constraints underscore the pressing need for open-set TTA methods that maintain robustness under small-batch
settings, while operating efficiently within the stringent memory and computational limits of edge devices.

In this paper, we identify several key issues that TTA faces in edge scenarios. Firstly, isolated operation
and lack of knowledge sharing. Edge devices often function as isolated knowledge silos, unable to exchange
or leverage useful adaptation information from other devices. This isolation limits their ability to generalize
quickly, resulting in suboptimal adaptation performance. Secondly, severe resource constraints for online
adaptation. Most edge devices possess just enough computational and memory capacity to support forward
inference, but lack the additional resources, particularly GPU memory and processing power, required for
backpropagation during adaptation. This restricts the application of existing TTA methods. Thirdly, strict task
completion time constraints. Applications in dynamic edge environments, such as autonomous driving, often
have task completion time requirements. These real-time demands make it impractical to deploy sophisticated
TTA methods. Finally, low robustness to open-set conditions. In practical deployment, models frequently
encounter open-set data containing unseen classes. Without robust open-set handling, such conditions can
cause severe performance degradation or even lead to model collapse, undermining both reliability and safety.
Addressing these issues is essential to enabling TTA methods that are not only accurate but also efficient, robust,
and deployable under the stringent constraints of edge intelligence scenarios.

To overcome the aforementioned challenges, we propose TeamTTA, a novel cloud-integrated framework for
efficient and open-set TTA in edge environments. Inspired by crowdsourcing (X. Chen et al. 2022; Smirnova et al.
2024; Z. Wang, Zhao, et al. 2021; Zhong et al. 2023), TeamTTA adopts a cloud-edge and multi-device collaborative
paradigm, in which the cloud serves as a task publisher that issues sample collection requests, while multiple
edge devices act as workers contributing reliable samples. A large vision model (LVM) (Y. Chen, Cai, et al. 2024;
Tahmasebi et al. 2024) deployed in the cloud first refines the collected samples by filtering them for open-set
instances. Leveraging these refined datasets, the LVM then guides the update of replicated edge models in the
cloud, after which the new model parameters are sent back to the corresponding edge devices, completing
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Fig. 1. Performance comparison of different methods across various batch sizes. The red dashed line represents the original
model’s performance. T indicates better values, and vice versa.

the adaptation cycle. A central advantage of TeamTTA lies in its ability to offload computationally expensive
tasks to the cloud, enabling resource-constrained edge devices to benefit from efficient backpropagation and
collaborative learning without exceeding their hardware limitations. In addition, TeamTTA capitalizes on the
zero-shot capabilities of LVMs to address open-set challenges, thereby enhancing model robustness in complex
real-world scenarios (Table 1). Finally, as a plug-and-play framework, TeamTTA can be seamlessly integrated
with existing TTA methods, further improving overall performance and adaptability (Fig. 7).

In summary, our main contributions are as follows:

o We identify the key challenges of edge TTA as knowledge isolation, resource constraints, latency sensitivity,
and open-set conditions. To tackle these issues, we propose TeamTTA, a universal and efficient framework,
which is the first work to study edge open-set TTA.

e We integrate the idea of crowdsourcing into TeamTTA, enabling multiple edge devices to collaborate and
share adaptation knowledge through the cloud, thereby breaking the limitations of single-device isolation
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Fig. 2. Memory usage of different methods across various batch sizes. Memory footprint includes the memory consumption
of both model parameters and activation storage (Song et al. 2023).

and alleviating resource constraints. Furthermore, we leverage the capabilities of large vision models
(LVMs) to guide edge model updates, providing robust open-set recognition.

e We conduct extensive experiments on CIFAR benchmarks, with upsampled high-resolution inputs (224
X 224) to better match real-world application demands, demonstrating that TeamTTA achieves superior
performance, robustness, and efficiency compared to state-of-the-art TTA methods, and can be combined
with existing TTA methods as a plug-and-play module.

2 Related Work
2.1 Test-Time Adaptation and Optimization

Test-Time Adaptation (TTA) aims to mitigate performance degradation caused by distribution shift by adapting
model parameters during inference, without access to the source data (Lee, Das, et al. 2023). A seminal work in this
field is Tent (D. Wang et al. 2020), which updates Batch Normalization (BN) parameters by minimizing entropy
loss, offering a simple yet highly efficient adaptation strategy. Building on this foundation, CoTTA (Q. Wang
et al. 2022) extends TTA into a continual adaptation paradigm, enabling models to handle covariate drift (domain
drift) (Sun et al. 2022), which is particularly beneficial for real-world, dynamic scenarios such as autonomous
driving.

Research on TTA optimization focuses on performance and efficiency. Performance Optimization: Inspired
by Tent (D. Wang et al. 2020), many studies have refined entropy minimization to enhance adaptability. For instance,
MEMO (M. Zhang et al. 2022) enhances single-sample test-time robustness by leveraging data augmentation
and adaptive adjustment of model parameters to minimize the prediction entropy on augmented samples.
Domainadaptor (J. Zhang et al. 2023) mitigates inaccurate statistic estimation by dynamically blending training
and test statistics. Additionally, it employs a generalized entropy minimization loss with temperature scaling
to enhance the model’s learning capability for high-confidence samples. SOTTA (Gong, Y. Kim, et al. 2024)
enhances robustness through a dual-strategy approach: high-confidence uniform class sampling at the input
level to filter out noisy samples and balance class distribution, and entropy sharpness minimization at the
parameter level to smooth the loss function, thereby reducing gradient disturbances caused by noisy samples.
DeYO (Lee, Jung, et al. 2024) assesses prediction changes before and after data augmentation using pseudo-
label probability differences, boosting adaptation accuracy. STAMP (Yu et al. 2025) improves robustness to
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distribution shift by constructing a stable memory bank that dynamically stores reliable samples with low
entropy and consistent labels, and by combining this with a self-weighted entropy minimization strategy to
optimize the model. Efficiency Optimization: Efficient adaptation is crucial for resource-constrained devices.
For example, EATA (Niu, J. Wu, Y. Zhang, Y. Chen, et al. 2022) introduces an active sample selection strategy
that optimizes only reliable and non-redundant test samples, thereby improving computational efficiency. In
addition, it incorporates Fisher information-based weight regularization to prevent the model from forgetting
knowledge of the original distribution when adapting to a new one. MECTA (Hong et al. 2023) significantly
reduces memory overhead by minimizing caching in three dimensions: batch size, channel count, and layer depth.
Specifically, it dynamically adjusts the forgetting gates of normalization layers to stabilize small-batch statistics,
randomly prunes channels to reduce memory usage for gradient computation, and trains layers on demand
to avoid redundant computation. LayerwiseTTA (Park et al. 2024) proposes a layer-wise automatic weighting
algorithm based on the Fisher information matrix, which can autonomously identify neural network layers that
need to be preserved or intensively adapted. It further incorporates an exponential min-max scaler to amplify
the differences in learning weights between layers, thereby effectively handling target distribution shift while
reducing computational load. CEMA (Y. Chen, Niu, et al. 2024) innovatively designs a cloud-edge elastic model
adaptation paradigm, which offloads computationally intensive tasks to the cloud and optimizes the adaptation
process through cloud integration. This work offers new perspectives for deploying TTA on resource-constrained
devices.

2.2 Open-Set Test-Time Adaptation

Traditional TTA methods primarily target closed-set scenarios, where the categories in the test data are assumed to
fully overlap with those seen during training. This assumption rarely holds in practice, as real-world environments
often contain unseen or novel categories that are absent from the training distribution. Such open-set conditions
pose a greater challenge, as models must not only adapt to distribution shift but also avoid making overconfident
predictions on unknown classes. To tackle this problem, recent studies such as OSTTA (Lee, Das, et al. 2023) and
UniEnt (Gao et al. 2024) extend TTA into the open-set setting. These methods employ entropy-based strategies to
distinguish between covariate-shifted in-distribution (csID) and out-of-distribution (csOOD) samples, enabling
targeted adaptation that improves robustness against open-set noise and unseen categories.

This paper edge TTA in open environments under the Continual Test-Time Adaptation (CTTA) (Nguyen
et al. 2024) setting. To strengthen robustness in such challenging conditions, we incorporate the zero-shot
generalization capability of large vision models (LVMs) (Chitty-Venkata et al. 2024) into the adaptation process.
Unlike conventional TTA methods that primarily focus on covariate shift (changes in input distribution), our
proposed framework simultaneously addresses both covariate shift and semantic shift by enabling the model to
detect and adapt to previously unseen categories in open-set scenarios (Geng et al. 2020). This dual adaptation
strategy not only improves classification accuracy for known categories but also enhances the model’s ability
to handle novel categories without retraining, thereby broadening the applicability and adaptability of TTA in
real-world edge deployments.

3 Problem Statement
Continual Test-time Adaptation. Given a target domain sequence D = {Dy, D, ..., D;}, the target domain at
. . N .
time step T = k is denoted as Dy, = {Xl.k}l.:kl. Here, xlk represents the i-th unlabeled test sample, Xl.k denotes the set

of test samples at step k, and Ny is the number of such samples. The source domain is defined as Dy = {(X S ys )},
where the model is initially trained. Given a deep learning model f(6y), where 0y is the initial parameter pre-
trained on the source domain Dy. However, due to storage limitations or privacy concerns, the source domain
data Dy cannot be accessed during the test phase (Y. Wang et al. 2024). The objective of Continual Test-time
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Fig. 3. The overview of TeamTTA framework.

Adaptation (CTTA) is to improve the performance of the model f(6,) in an online manner for a continually
changing target domain Dy with k > 1. That is, during the inference phase of the target domain Dy, the unlabeled
sample data X* is fed to the model f(6)). The model makes a prediction and adapts its parameters accordingly
0k — Ok+1. This continual process enables the model to progressively adapt to domain drift in the target stream
without revisiting the source data, ensuring robustness under dynamic environments.

Open-set Continual Test-time Adaptation in TeamTTA.. Building upon the above CTTA setting, our goal of
TeamTTA is to further enhance adaptation performance in open-set edge TTA settings by leveraging the collective
intelligence of multiple distributed edge devices. We define the set of edge devices as E = {Edge;, Edges, . . ., Edge, }.
At the initial stage, all edge devices are deployed with the same model architecture and parameters, capable
of classifying only uncorrupted images from the closed-set. Specifically, the initial model on each device Edge;
is denoted as s? (Dy; 0y). Besides, we introduce an initial replicated edge model (student model) s(6y) stored in
the cloud, which shares the same architecture and initialization as the initial edge models. In parallel, the cloud
hosts a large vision model (LVM), denoted as the teacher model #(¢). The LVM performs zero-shot inference to
guide the updating of student model s(8) at step k. The adaptation process is formulated as parameter updates
Or — Ok+1 based on the teacher model’s supervision. As a result, edge devices can progressively improve their
ability to both classify corrupted closed-set categories and detect novel open-set categories, achieving reliable
performance under real-world data streams.

4 Method
4.1 Overview of TeamTTA

Design. Our proposed TeamTTA framework, illustrated in Fig. 3, comprises a centralized cloud server and n dis-
tributed edge devices, such as cameras, drones, and smartphones. The overall process of the TeamTTA framework
is as follows. (1) The cloud server, as task publisher, initiates a crowdsourcing task across all participating edge
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Algorithm 1 TeamTTA framework at edge device Edge;

Initialization: Initial edge model s;(Do; 6))
Input: Time step T = k(k > 1), target domain Dy = {Xlk}ikl
Ni+1

current edge model s; (6y)

Output: Classification predictions of test samples {?ik“}
i=1

1: for test samples x € Xl.k in Dy do

2. Calculate the classification prediction by s;(6;).

3. Calculate the sample selection score Score(x) by Eq. 1.

4. if Score(x) =1 then

5: Upload the reliable sample x with its entropy value Ent(x; 6y) to the cloud.
6: endif

7: end for

8: Update the edge model parameters 6y — 0.1 from the cloud.

9: Calculate the updated edge model sfinq1(0+1) by Eq. 6.

—_

—~ Ni+
0: Calculate the classification predictions of test samples {Yik“} 3 1 by sfina1 (Or+1)-

i=

devices to collect test samples. (2) Upon receiving the task, each edge device as worker evaluates its incoming
data stream, applies the Reliable Sample Selection (RSS) strategy to filter low-entropy samples, and uploads only
the selected reliable samples along with their corresponding entropy values to the cloud. (3) The cloud server
establishes and incrementally updates a memory buffer, which stores representative samples and continuously
maintains their global statistics (i.e., mean and variance). (4) All incoming samples in the memory buffer are
processed by the Large Vision Model (LVM), which identifies and filters out open-set samples that do not belong
to any known categories for model adaptation. (5) A replicated copy of the edge model is then updated on the
cloud side using both the LVM’s guidance and the filtered sample set. (6) Finally, the updated model parameters
are transmitted back to edge devices when network conditions are good (or global statistics when network
conditions fluctuate), completing the adaptation cycle. As shown in Fig. 3, at the initial deployment stage, an edge
device Edge; can only recognize clean and in-distribution categories (e.g., uncorrupted birds), failing to identify
unknown categories (e.g., dogs, lions, meerkats). Over time, with the adaptation process enabled by TeamTTA,
Edge; progressively adapts to classify corrupted known categories and detect corrupted unknown categories.
For example, at time step T = t, the adapted edge model can not only classify heavily fuzzy bird images with
high accuracy but also reliably detect previously unseen categories such as fuzzy dogs, lions, and meerkats, even
under severe image corruption. This continual improvement is achieved through coordinated adaptation between
the cloud and multiple edge devices, where reliable samples are selectively uploaded to the cloud for aggregation,
guidance, and feedback. For clarity, the pseudo-code describing the operations of edge devices and the cloud
server in our TeamTTA framework is provided in Algorithm 1 and Algorithm 2, respectively.

Edge. Edge devices begin by classifying incoming test samples using their locally stored, current model to
obtain preliminary predictions. Next, they apply the RSS method, which leverages prediction entropy to assess
the confidence of each sample and filter out unreliable samples. Finally, the selected samples, together with
their associated entropy values, are transmitted to the cloud, where they will be aggregated and used for model
adaptation.

Cloud. A memory buffer is initialized using the uploaded samples and is continuously updated at each time step
to reflect the changing test data stream. Besides, the cloud maintains a group of global statistics that summarizes
the aggregated knowledge from all participating edge devices. The LVM then performs zero-shot inference on the

Journal of Artificial Intelligence Research, Vol. 85, Article 43. Publication date: April 2026.



TeamTTA « 439

Algorithm 2 TeamTTA framework in the cloud

Initialization: Large visual model ¢(¢), initial copy of edge model s(6y), memory buffer M with its capacity B
Input: Time step T = k(k > 1), uploaded test sample set I

Output: Updated edge model s(0r.1), updated global statistics (g1, o,i o)

1: Add Iy into M.

2: Calculate the sample importance Imp(x),x € M by Eq. 2.

3: if |[M| > B then

4. Remove samples by Imp(x) from smallest to largest.

5. end if

6: Calculate the updated group of global statistics (p, ai) by Eq. 3 and Eq. 4.
7: Filter a sample set N]; from M with t(¢).

8: Update the edge model parameters 0y — Ox1q via L;o41 by Eq. 5 with £(¢) and N,;.
9: Get the updated edge model s(6x+1) by Eq. 6.
10: if Network conditions fluctuate then
11:  Send the updated global statistics (i1, 0%, ,) to edge devices.
12: else
13:  Send the updated model parameters 6x.; to edge devices.
14: end if

buffered samples to further filter out open-set samples and try to ensure in-distribution data for model adaptation.
Beyond filtering, the LVM also distills semantic knowledge into the replicated copy of the edge model, enhancing
its ability to handle both covariate shift and semantic shift. Finally, depending on real-time network conditions,
the cloud selectively transmits either the global statistics or the updated model parameters back to the edge
devices.

4.2 Reliable Sample Selection

We employ an entropy-based Reliable Sample Selection (RSS) method to perform initial filtering of samples
on edge devices to ensure that only useful samples are uploaded for model adaptation. Prior work provides
strong motivation for this design. EATA (Niu, J. Wu, Y. Zhang, Y. Chen, et al. 2022) points out that high-entropy
samples may lead to biased and unreliable gradients, thereby negatively affecting model performance. Moreover,
in open-set scenarios, UniEnt (Gao et al. 2024) indicates that unknown-category samples may cause inaccurate
estimation of batch normalization (BN) statistics, and minimizing the entropy of samples containing unknown
categories may undermine the model’s confidence. These issues result in a significant degradation of classification
performance on known categories and detection performance on unknown categories. To address these problems,
we randomly select a batch of 64 online samples, consisting of 32 closed-set samples and 32 open-set samples, and
analyze their entropy values, as shown in Fig.4. The results reveal that most closed-set samples have relatively
low entropy values, whereas open-set samples tend to have higher entropy values. Based on this observation,
we define a maximum entropy threshold ENT,,, to filter out unreliable test samples. Additionally, for each test
sample, we assign a sample selection score (D. Wang et al. 2020), denoted as Score(x).

Score(x) = I{Ent(x:0)<ENTpmar } (¥) (1)

where I;.1(+) is an indicator function and Ent(x; 0) is the entropy value of the prediction s;(8) for sample x at
edge device Edge;. When Score(x) = 1, sample x is deemed reliable. Edge devices transmit reliable samples with
entropy values Ent(x; 6) to the cloud.
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Fig. 4. Entropy values between closed-set and open-set samples.

To further quantify the discriminative behavior of entropy, we additionally compute the Pearson and Spearman
correlation coefficients between sample type (closed-set vs. open-set) and entropy values. Specifically, we randomly
select 64 online samples (32 closed-set and 32 open-set) consistent with Fig. 4. For CIFAR-10-C/SVHN-C and CIFAR-
100-C/SVHN-C datasets, the corresponding Pearson correlations are —0.3744 and —0.2833, and the Spearman
correlations are —0.4026 and —0.2927, respectively. Pearson correlation measures linear dependence, whereas
Spearman correlation captures monotonic dependence using rank ordering (De Winter et al. 2016). The negative
correlation coefficients confirm a consistent statistical trend: closed-set samples generally exhibit lower entropy,
while open-set samples tend to have higher entropy. This trend aligns with the entropy distribution patterns
observed in Fig. 4 and quantitatively supports the use of entropy as a preliminary screening indicator. Notably,
the correlations are slightly stronger for the CIFAR-10-C + SVHN-C setting compared to CIFAR-100-C + SVHN-C.
This is expected because the CIFAR-10 dataset contains fewer and more semantically separated categories, making
entropy more sensitive to distribution shifts. In contrast, the CIFAR-100 dataset involves a significantly larger
number of fine-grained classes, where the semantic distances between closed-set and open-set samples are smaller,
naturally reducing the discriminative strength of entropy. The absolute values of the correlation coefficients
(approximately 0.2-0.4) indicate low to moderate correlation. This means that entropy alone cannot perfectly
distinguish closed-set from open-set samples due to overlapping distributions, yet it does provide statistically
meaningful discriminative power. These observations align with our design philosophy—entropy is intentionally
used only as a lightweight, low-overhead coarse filtering metric on edge devices, effectively reducing the number
of high-uncertainty samples before transmission. The inherent limitations of entropy further justify the necessity
of our two-stage architecture, in which the cloud-based CLIP model performs fine-grained filtering to correct
potential misclassifications induced by entropy-only selection at the edge.

4.3 Memory Buffer Establishment

As the adaptation process unfolds, the number of samples accumulated in the cloud increases steadily. To manage
these samples efficiently, we establish a memory buffer M with a fixed capacity B. Once the number of stored
samples exceeds B, unimportant samples must be removed to make room for new ones. Rather than applying
a naive first-in—first-out (FIFO) policy, we selectively discard samples that contribute the least to updating the
edge models. The importance of each sample is jointly determined by timeliness and entropy. Recent samples
are typically more representative of the current distribution of the target domain, whereas samples with higher
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entropy values often exhibit higher uncertainty. Samples with high uncertainty may generate erroneous gradient
information, thereby hindering the model’s adaptation (Yuan et al. 2023). To capture this intuition, we introduce a
heuristic importance function Imp(x), which normalizes both timeliness and entropy, and computes an aggregate
importance score for each sample x € M. Samples with lower Imp(x) values are preferentially removed.

Max(Age(M)) — Age(x) Max(Ent(M)) — Ent(x; 0)
Max(Age(M)) — Min(Age(M)) * Max(Ent(M)) — Min(Ent(M))
where Age(x) represents the duration that sample x has been in the buffer, measured as Age(x) = T. Min(Age(M))
and Max(Age(M)) denote the shortest and longest durations, respectively. Ent(x; 0) is the entropy value of
sample x uploaded from the corresponding edge device to the cloud.

Besides, we maintain a group of global statistics (y7, 07) to normalize the feature mapping of all the samples
stored in the memory buffer. Here, pyr and 0'72- denote the mean and variance of the BN layer at time step T,
respectively. Prior to initiating the TTA process, the running mean and variance of s(0) are used to initialize
the global statistics (yo, 7). To preserve the gradient properties of the calibrated statistics during adaptation,
we update the group statistics using the exponential moving average (EMA) (Hong et al. 2023; Yuan et al. 2023)
method, as shown in Eq. 3 and Eq. 4.

Imp(x) = (2)

pr = (1—a)ur-1 + apy 3)
0'% =(1- a)cr%_l + aO'gz (4)

where (yg, 03) represents the global statistic of the current time step’s samples, and a € [0, 1] is a parameter.
Smaller « values indicate longer-term memory.

4.4 Model Adaptation

After the initial filtering of test samples at the edge devices, the cloud’s memory buffer gradually accumulates a
sufficient number of candidate samples. Nevertheless, due to the limited capacity of the lightweight edge models,
a portion of open-set samples may remain in the memory buffer. If left unaddressed, these noisy samples may
bias the parameter updates of the replicated edge model. To mitigate this, we incorporate Large Vision Models
(LVMs) with strong zero-shot inference capability to conduct a secondary filtering step, effectively removing
open-set samples and ensuring that only high-quality, noise-free data are retained for model adaptation.

LVM (Bai et al. 2024) utilizes neural networks with a large number of parameters to analyze and understand
visual content, thereby capturing complex patterns and relationships in images. For the LVM, we employ CLIP
(Contrastive Language—-Image Pre-training) (Radford et al. 2021), a powerful vision-language model trained
on hundreds of millions of diverse image—text pairs. Unlike conventional supervised models, which require
task-specific fine-tuning, CLIP leverages its joint semantic embedding space to generalize across domains and
tasks. This property is particularly advantageous in open-world and domain-shift scenarios, where the target
distribution contains categories unseen during training. CLIP’s zero-shot capabilities enable it to act as a teacher
model in the cloud, providing reliable guidance to the lightweight replicated edge models.

To validate CLIP’s suitability, we conduct a comparative study on corrupted CIFAR benchmarks, evaluating
its zero-shot classification performance against the ResNet-18 (He et al. 2016) edge model. As illustrated in
Fig. 5, CLIP consistently achieves substantially higher accuracy across most corruption types, underscoring its
robustness and generalization ability under distribution shift. These results strongly support our design choice:
CLIP not only serves as a robust filter for open-set noise but also as a knowledge distillation source to enhance
the adaptation capacity of edge models.
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Fig. 5. Performance comparison of ResNet-18 and CLIP accuracy. CLIP functions via zero-shot classification, utilizing an
input image paired with a text prompt. For the prompt, we adopt CLIP’s default template: this is a {category}, where
"{category}’ represents one of the candidate classes being tested.

Using the LVM, our objective is to update the replicated edge model s(6x) with the filtered sample set N,; at
time step k. To achieve this goal, we introduce knowledge distillation by aligning the prediction distributions of
the teacher model (LVM, denoted as t(¢)) and the student model (replicated copy of the edge model, denoted as
s(0x)) using Kullback-Leibler (KL) divergence (Y. Chen, Niu, et al. 2024) to optimize the replicated edge model.
By minimizing the KL divergence, this alignment process effectively transfers the richer semantic knowledge
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encoded in the LVM into the lighter edge model, thereby enhancing its representational capacity and improving
generalization on the filtered samples. Consequently, at time step T = k, we optimize s(0y) such that 6 — 0k
by the following equation.

Liotal = ﬁ-Eent + (1 - ﬁ)LKL(t((p): S(ek)) (5)
where f denotes the weight factor that balances the self-supervision loss and the KL divergence. L.,; represents
the entropy loss of the replicated edge model, which can be derived from the loss function of existing TTA
methods (D. Wang et al. 2020). Besides, we use the KL divergence term to align the prediction distribution
between the teacher and student models. The combination of these two losses, through unsupervised learning
and knowledge distillation, enables the cloud-side replicated copy of the edge model to learn the knowledge of
LVM from the cloud model in a complementary manner.

When updating the replicated copy of the edge model in the cloud, we further adopt the EMA strategy (Hong
et al. 2023; Yuan et al. 2023) to mitigate catastrophic forgetting and stabilize the adaptation process. This ensures
that the model not only adapts to the changing data distribution but also preserves representations learned
previously. Formally, the final adapted model at time step T = k + 1 is computed as follows.

Sfinal(Ok+1) = (1= @)s(6k) + as(Op+1) (6)
If network transmission conditions become unstable, the cloud may not be able to deliver the updated model
parameters to edge devices in real time. To maintain model adaptability under such constraints, we instead
transmit the global statistics (7, 07) at time step T. These compact statistics require significantly less bandwidth
than full parameter updates, enabling efficient synchronization even under limited communication resources.
Upon reception, the edge devices leverage these statistics to update their local BN layers’ statistics online, thereby
aligning the edge model with the latest domain distribution and ensuring more robust inference performance
despite fluctuating network conditions.

5 Experiments
5.1 Experimental Setup

Datasets. We follow the common experimental setup in the TTA research field, selecting standard public
datasets to ensure fair and reproducible comparisons with existing methods. Specifically, the datasets used in
our experiments include the CIFAR (Krizhevsky, Hinton, et al. 2009) benchmarks and the SVHN (Netzer et al.
2011) dataset. The CIFAR benchmark consists of CIFAR-10 and CIFAR-100 datasets, each containing 50,000
training images and 10,000 test images with an original resolution of 32 x 32. The CIFAR-10 dataset comprises 10
categories: airplane, automobile, bird, cat, deer, dog, frog, horse, ship, and truck. In contrast, the CIFAR-100 dataset
provides a finer granularity with 100 distinct categories. The SVHN dataset is a real-world street view house
number recognition dataset collected and annotated by Google from Google Street View. It also has an original
resolution of 32 X 32 and contains 10 categories corresponding to digits 0-9. Additionally, we use the widely
adopted corrupted versions of CIFAR-10 and CIFAR-100 datasets, namely CIFAR-10-C and CIFAR-100-C datasets,
to evaluate the proposed TeamTTA framework (D. Wang et al. 2020). These datasets are created by applying
various synthetic corruptions to the original CIFAR test sets, aiming to simulate covariate shift encountered in
real-world scenarios and comprehensively assess model robustness. Specifically, CIFAR-10-C and CIFAR-100-C
datasets both contain 15 types of corruption (e.g., Gaussian noise, motion blur, pixelation) and 5 severity levels
(ranging from mild to extreme), providing a standardized benchmark for evaluating model performance under
complex perturbations. For the open-set scenario, following prior studies (Gao et al. 2024; Lee, Das, et al. 2023),
we introduce the SVHN dataset as unknown category samples into the test environment. To ensure experimental
consistency, the SVHN dataset is subjected to the same corruption types and severity levels as the CIFAR-10-C
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and CIFAR-100-C datasets. From this, we construct the corresponding SVHN-C dataset using 10,000 test images.
This design ensures that open-set samples (SVHN-C) and closed-set samples (CIFAR-10-C and CIFAR-100-C)
share identical distribution shift patterns, while their category spaces remain mutually exclusive. That is, SVHN
contains digit classes (0-9) that do not overlap with CIFAR’s object classes (e.g., airplanes, birds, etc.). Such a setup
allows for a rigorous evaluation of the model’s ability in two key aspects. (1) Closed-set classification: correctly
classifying known categories (from CIFAR-10-C and CIFAR-100-C) under covariate shift; (2) Open-set recognition:
effectively rejecting unknown categories (from SVHN-C) and avoiding misclassification as known ones. By
jointly using CIFAR-10-C, CIFAR-100-C, and SVHN-C datasets, our experiments provide a unified analysis of
both closed-set and open-set performance under identical corruption conditions, thus more faithfully reflecting
the model’s real-world applicability. The relationship between the CIFAR-10 and SVHN datasets in open-set and
closed-set TTA tasks is illustrated in Fig. 6, with a similar relationship holding between the CIFAR-100 and SVHN
datasets.

Closed-Set TTA _ Open-Set TTA

B%|

SVHN-C dataset

3l ik
|

CIFAR-10 dataset SVHN dataset

Domain Shift

\ 4

Semantic Shift

Fig. 6. Relationship between experimental datasets in open-set and closed-set TTA tasks.

Models. We select two representative classification models, one deployed on the cloud and the other on the edge.
Specifically, the cloud model utilizes CLIP (Radford et al. 2021), while the edge model employs ResNet-18 (He et al.
2016), which features a simple structure and low computational overhead, making it well-suited for deployment on
resource-constrained edge devices. In the training process, the edge model is first trained on a clean, uncorrupted
training set under supervised learning to acquire basic image classification capabilities. Subsequently, during the
testing phase, the model is evaluated and adapted on a test set containing both corrupted samples and unknown
categories.

Metrics. To comprehensively evaluate the performance of the proposed TeamTTA framework, we employ the
following set of metrics for quantitative analysis.
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(1) Classification Accuracy (Acc): Measures the model’s ability to correctly classify samples from known
categories, reflecting its recognition performance in closed-set tasks.

(2) Area Under the Receiver Operating Characteristic curve (AUROC): Indicates the model’s discrim-
inative ability in distinguishing between known and unknown category samples. Higher values imply better
open-set recognition performance.

(3) False Positive Rate at 95% True Positive Rate (FPR@TPR95): Assesses the probability of misclassifying
unknown samples as known ones while ensuring the true positive rate reaches 95%. Lower values indicate
stronger robustness in high-recall scenarios.

(4) Open-Set Classification Rate (OSCR) (Dhamija et al. 2018): Provides a joint evaluation of the model’s
ability to recognize known categories while detecting unknown categories correctly. This metric is particularly
suited for open-set scenarios, offering an intuitive measure of the trade-off between recognition and detection
performance.

(5) Number of Uploaded Samples: Evaluates communication efficiency by measuring the consumption of
network resources in edge environments.

Baselines. To validate the effectiveness and advancement of the proposed TeamTTA framework, we conduct
comparative experiments against several representative TTA methods, covering approaches from classical
techniques to the latest open-set TTA methods, as follows.

(1) Source Model: Source (Zagoruyko and Komodakis 2016) directly tests the source-domain trained model
without any TTA.

(2) Classical TTA Method: Tent (D. Wang et al. 2020) adapts the model by minimizing the prediction entropy
of test samples. This approach requires no access to source data or labels and offers strong generality.

(3) Efficient TTA Method: EATA (Niu, J. Wu, Y. Zhang, Y. Chen, et al. 2022) selects reliable samples in an active
learning-like manner, then updates the model based on these representative samples to reduce computational
overhead.

(4) Classical CTTA Method: CoTTA (Q. Wang et al. 2022) mitigates cumulative errors via weighted averaging
and data augmentation. In each iteration, a small portion of neurons is randomly reset to the source pre-trained
weights to prevent catastrophic forgetting, enabling long-term adaptation.

(5) Memory-Enhanced TTA Method: RoTTA (Yuan et al. 2023) proposes a robust batch normalization scheme
for estimating normalization statistics, and leverages a memory pool that samples class-balanced data.

(6) Open-Set TTA Methods: OSTTA(Lee, Das, et al. 2023) filters open-set samples through collective intel-
ligence; UniEnt and its improved variant UniEnt+ (Gao et al. 2024) introduce a unified entropy optimization
framework that simultaneously adapts to in-distribution covariate shift and detects out-of-distribution data.

(7) Latest TTA Method: DeYO (Lee, Jung, et al. 2024) improves adaptation accuracy by evaluating pseudo-label
probability differences to assess prediction changes before and after data augmentation.

Implementation Details. To validate the practicality and robustness of the TeamTTA framework in real-world
dynamic environments, we evaluate various TTA methods under continuously changing test domains without
resetting the model between domains, better simulating realistic deployment scenarios (Q. Wang et al. 2022).
Specifically, we set up a multi-device testing environment with three edge devices and randomly assigned the
15 image corruption types from the CIFAR-10-C or CIFAR-100-C datasets to each device, ensuring that the
corruption types on each device did not overlap. This simulates the heterogeneity of perceived scenes across
different terminals in real-world settings. All methods are evaluated for online adaptation under the most severe
corruption level (level 5). During testing, each incoming sample is first used for prediction and then for model
adaptation based on the current test sample, following the mainstream TTA process (Y. Wang et al. 2024). Each
adaptation batch contains 32 samples, where 16 samples are from the closed-set CIFAR-10-C or CIFAR-100-C
dataset and 16 samples are from the open-set SVHN-C dataset. The input resolution for all images is fixed at 224
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X 224 to match the precision requirements of high-resolution scenarios. For deployment, the cloud server uses a
desktop equipped with an NVIDIA RTX 4090 GPU, while each edge device independently runs its adaptation
process as a background thread locally. All experiments are implemented using the PyTorch framework (Paszke
et al. 2019). In addition, to assess the model’s ability to handle unknown categories, we employ the energy score
method (Liu et al. 2020). The energy score measures the log probability density of an input sample to evaluate
whether it belongs to the model’s known training distribution. Theoretically, energy scores are closely related
to the generative probability of a sample: known-category samples typically have lower energy values, while
unknown-category samples have higher energy values. Therefore, in open-set recognition, the energy score
can serve as an effective criterion—by setting an energy threshold, test samples can be classified as known or
unknown, thereby significantly enhancing the model’s ability to detect unseen categories. During inference on
the edge side, the energy score performs the final open-/closed-set decision for each new sample encountered by
the deployed model when computing evaluation metrics. Besides, energy-score threshold follows UniEnt (Gao
et al. 2024) and uses the default configuration provided by the official implementation. Code is available at
https://github.com/xiaoluludexiaoxiaolu/TeamTTA. The specific parameter configurations are as follows.

(1) Reliable sample selection threshold on the edge side: Maximum entropy threshold ENT,,, for filtering
samples to be uploaded to the cloud.

(2) Cloud-side memory buffer capacity: B = 128 to control the scale of historical samples used for adaptation.

(3) Global statistics computation: EMA memory control hyperparameter set to @ = 0.05 in Eq. 3 and Eq. 4 (Yuan
et al. 2023).

(4) Loss function weighting: Weight factor = 0.9 for the adaptation loss in Eq. 5.

(5) Optimizer: Adam (Kingma 2014) with a learning rate of 0.001 and momentum of 0.9 to update the cloud-side
replicated edge model.

5.2 Experiments Result

Table 1. Performance Comparison of Different Methods across Three Edge Devices

Method CIFAR-10-C CIFAR-100-C Average
Acc] AUROCT FPR@TPR95| OSCRT Accl AUROCT FPR@TPR95) OSCRT Accl AUROCT FPR@TPR95| OSCRT
Source 560 869 86.9 524 338 40.6 99.4 192 449 63.8 93.2 35.8
Tent 24.7 496 96.4 139 319 62.0 91.5 247 283 55.8 94.0 19.3
EATA 463 51.1 95.3 294 487 706 89.1 410 475 60.9 92.2 35.2
OSTTA 69.7 71.4 87.7 56.5 486  78.2 80.4 435 592 740 83.3 50.9
UniEnt 47.0 51.9 94.2 308 33.0 59.2 92.7 246 400 55.6 93.5 27.7
UniEnt+ 613 58.7 84.1 364 357 68.0 91.5 296 485 634 87.8 33.0
TeamTTA (Ours) 70.6  77.3 79.9 60.7 457 71.9 76.7 456 582  74.6 78.3 53.2

Multi-Device Performance Comparison. We first evaluate the adaptation performance of the proposed TeamTTA
framework in a multi-device scenario, and compare it with multiple mainstream TTA baselines. The results are
shown in Table 1. The experiments use a small batch size of 16, and for both the CIFAR-10-C and CIFAR-100-C
datasets, the average values of four key performance metrics are computed over 15 types of image corruptions.
To assess multi-device adaptation capability, these metrics are further averaged across the three edge devices. In
Table 1, T indicates that larger values are better, and vice versa. From the results, it can be observed that even
under small-batch testing conditions, the TeamTTA framework demonstrates excellent adaptation capability,
improving classification accuracy for closed-set samples while significantly enhancing recognition performance
for open-set samples. Notably, in open-set recognition tasks, TeamTTA shows a clear advantage over existing
open-set TTA methods (e.g., OSTTA, UniEnt, and UniEnt+) in identifying unknown categories, indicating
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stronger generalization and robustness. Specifically, on both CIFAR-10-C and CIFAR-100-C datasets, TeamTTA
outperforms current mainstream methods in most evaluation metrics, fully validating its adaptation performance
in multi-device environments. A notable observation is that on CIFAR-100-C, the closed-set accuracy of TeamTTA
is slightly lower than OSTTA (45.7% vs. 48.6%). This behavior may stem from a trade-off design in our framework.
TeamTTA integrates a KL-based alignment between the edge model and a CLIP-based teacher model, with the
total loss Eq. 5. With f = 0.9, entropy minimization dominates the optimization, while the KL term introduces
a smoothing effect due to the inherently softer distribution of CLIP. This alignment significantly enhances
open-set robustness—TeamTTA achieves substantially better AUROC, OSCR, and FPR@TPR95 than OSTTA on
both datasets—but such smoothing slightly reduces fine-grained discrimination on challenging datasets with
many categories. The CIFAR-100-C dataset, containing 100 categories, amplifies this trade-off: the KL-induced
regularization mildly attenuates the model’s ability to distinguish between visually similar categories, resulting in
a small drop in closed-set accuracy. Moreover, Table 1 highlights the impact of category diversity: as the number
of categories increases, the closed-set accuracy of all methods decreases due to the increased task difficulty,
and TeamTTA exhibits a slight drop—consistent with its design focus on improving open-set performance.
Importantly, on the CIFAR-10-C dataset, where the task is less fine-grained, TeamTTA surpasses OSTTA in both
closed-set accuracy and open-set metrics. Although its classification accuracy in closed-set TTA tasks is slightly
lower than OSTTA (with an average drop of about 1.0%), the improvement in open-set detection is much greater,
compensating for the small loss in closed-set accuracy. Overall, these results indicate that the proposed TeamTTA
framework can effectively address challenges posed by the combination of covariate shift and semantic shift,
providing a more robust and practical TTA solution for real-world edge environments with limited resources.

Table 2. Performance Comparison of Different Methods regarding Accuracy (%) on a Single Edge Device

Noise Blur Weather Digital

Dataset  Method Gauss. Shot Impul Defoc. Glass Motion Zoom Snow Frost Fog Brit. Contr. Elastic Pixel JPEG Ave.
Source 10.9 13.0 10.3 57.1 48.3 69.8 64.6 81.2 725 80.6 814 45.5 73.2 49.7  72.0  56.0

@) Tent 66.1 61.5 33.6 40.7 19.3 17.3 15.4 15.2 147 131 153 15.3 15.0 14.1 143 247
2‘ CoTTA 51.0 46.1 48.6 46.5 35.3 40.7 40.0 46.6 458 314 504 33.7 343 348 336 413
% EATA 66.3 644 499 62.1 43.8 48.7 45.1 44.3 425 424 425 333 36.0 40.0 338 463
& RoTTA 675 72.8 63.6 831 612 783 805 790 767 788 860 720 693 710 655 737
© DeYO 69.3 72.0 62.7 78.1 59.0 74.9 76.2 74.0 75.5 745 727 80.9 69.7 727 658 725
TeamTTA (Ours) 66.1 727 633 82.1 64.3 83.1 85.8 82.8 818 82.1 89.7 735 73.2 74.6 703 764
Source 7.4 9.2 2.1 34.8 19.7 45.2 45.4 52.6 449 497 688 205 40.3 239 422 338

Q Tent 39.6 38.6 31.0 41.8 26.7 35.0 38.6 33.1 32.6 287 349 23.1 24.8 27.6 223 319
§ CoTTA 19.1 15.0 15.7 16.8 8.8 11.1 10.4 12.0 10.9 5.6  13.0 6.2 7.3 7.8 6.6 11.1
&  EATA 432 464 395 562 395 522 566 505 531 527 584 539 432 489 365 48.7
é RoTTA 36.8 38.3 30.0 49.7 26.1 36.6 36.2 29.5 269 23.6 289 11.1 15.7 14.2 126 27.8
© DeYo 418 424 326 45.3 28.9 36.3 42.9 37.8 39.0 328 423 39.9 253 248 129 350

TeamTTA (Ours) 354 39.0 30.9 57.0 339 59.3 63.0 51.4 525 544 64.6 545 40.9 441 36.5 478

Single-Device Performance Comparison. Next, we further evaluate the adaptation performance of the proposed
TeamTTA framework in a single-device setting on a high-performance edge device with sufficient computational
resources, and systematically compare its classification performance in traditional closed-set TTA tasks against
various mainstream TTA methods. The results are shown in Table 2. The experiments are conducted on the CIFAR-
10-C and CIFAR-100-C datasets, covering 15 common image corruption types, with a unified batch size of 16 for
online adaptation. The results show that on the CIFAR-10-C dataset, TeamTTA achieves the highest classification
accuracy for most corruption types, with an average accuracy of 76.4%, significantly surpassing mainstream
TTA methods such as Tent, CoTTA, and EATA, demonstrating excellent generalization and adaptability under
small-batch test stream conditions. However, on the more challenging CIFAR-100-C dataset, TeamTTA achieves
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an average accuracy slightly lower than EATA (by 0.9%), ranking second. This difference may be attributed to
EATA’s use of source-domain training data during the test phase. In contrast, TeamTTA adapts entirely based
on the target-domain test stream without accessing the training set, offering stronger flexibility and better data
privacy protection in real-world deployments. It is worth noting that, in combination with the multi-device
experimental results in Table 1, we make a structural adjustment to the loss function for the single-device
experiments. We remove the KL-divergence regularization term and simplify the original loss function in Eq. 5 to
include only the entropy minimization term: L5141 = Len:- The motivation behind this adjustment stems from
the fact that the LVM in the TeamTTA framework possesses zero-shot open-set recognition capability, enabling
it to effectively filter potential unknown-category samples without requiring explicit labels or additional training
data. For traditional closed-set TTA tasks (regarding only the metrics of classification accuracy), it is sufficient to
perform entropy minimization only on samples identified as belonging to the closed set, without the need for
an additional KL-divergence constraint. This results in more efficient optimization and improved classification
performance on known categories.

TeamTTA Combined with SOTA TTA Methods. To verify the adaptability and performance gains of TeamTTA
when integrated as a plug-and-play module with existing TTA methods, we further compare the classification
performance changes of different TTA methods with and without the TeamTTA framework. As illustrated
in Fig. 7, under the batch size setting of 64, TeamTTA consistently delivers significant and stable performance
improvements across multiple baseline TTA methods, demonstrating its strong compatibility and generality. A
particularly noteworthy case is the Tent method, which exhibits the most substantial performance improvement
after incorporating TeamTTA. On the CIFAR-10-C dataset, the average classification accuracy increases from
59.4% to 66.8%; on the CIFAR-100-C dataset, it rises from 39.6% to 46.1%. These represent gains of 7.4% and 6.5%,
respectively. The likely reason for this remarkable improvement is that Tent, as one of the earliest proposed TTA
methods, has a relatively simple original design, relying solely on entropy minimization for parameter updates
without considering more complex real-world factors such as resource constraints on edge devices or unknown-
category recognition. When integrated with our proposed TeamTTA framework, the method benefits from its
crowdsourcing mechanism for aggregating reliable samples from multiple devices and its LVM-guided model
update process, effectively enhancing Tent’s adaptation capability and resulting in a substantial performance
boost. In contrast, for more sophisticated TTA methods proposed later, such as OSTTA and UniEnt, which already
account for open-set recognition, the performance improvement space for TeamTTA is relatively smaller, though
the enhancement trend remains stable. These results indicate that TeamTTA has excellent modularity and can be
seamlessly integrated as an enhancement module into various existing TTA methods, improving their ability to
handle covariate shift and semantic shift in complex edge scenarios without altering their original design.

Efficiency Comparison. To ensure a fair comparison, we assume that edge devices do not support the model
adaptation process, and the computation of all TTA methods is entirely offloaded to the cloud. In Table 3, we
compare the cumulative number of uploaded samples when processing 15 types of image corruptions under
a batch size of 128, to evaluate the practical communication overhead of the proposed TeamTTA framework
versus mainstream TTA methods. It is worth noting that Source directly performs inference locally using the
source-domain trained model, requiring no test sample uploads and thus incurring zero communication cost. In
contrast, methods such as Tent, OSTTA, and UniEnt have no built-in mechanism for selecting samples to upload;
they default to sending the entire test set to the cloud for model adaptation, resulting in an upload volume as high
as 300k (100%), which leads to extremely high communication costs and makes them unsuitable for deployment
in bandwidth-constrained edge environments. Unlike these approaches, our proposed TeamTTA framework
incorporates a reliable sample selection mechanism. This mechanism evaluates the prediction entropy of each
sample locally on the edge device and uploads only low-entropy, reliable samples. Therefore, it significantly

Journal of Artificial Intelligence Research, Vol. 85, Article 43. Publication date: April 2026.



TeamTTA « 43:19

80 60
751 55
70 50
§ 651 Q\i 45
260 40
= 551 = 351
3 204 3 301
<30 <
451 Without TeamTTA 251 Without TeamTTA
401 With TeamTTA 20 With TeamTTA
35 Tent EATA OSTTA UniEnt > Tent EATA OSTTA UniEnt
Method Method
(a) CIFAR-10-C dataset (b) CIFAR-100-C dataset

Fig. 7. Performance comparison of different methods with or without TeamTTA across three edge devices.

Table 3. Number of Uploaded Images for Different Methods

Dataset Source Tent EATA OSTTA UniEnt TeamTTA (Ours)

CIFAR-10-C - 300k 264k 300k 300k 272k
CIFAR-100-C - 300k  66.9k 300k 300k 89.7k

reduces the communication burden while preserving model adaptation performance. Specifically, for the CIFAR-
10-C dataset, TeamTTA reduces the number of uploaded samples from 300k to 272k, and for the more class-diverse
and data-complex CIFAR-100-C dataset, the upload volume drops further to 89.7k, yielding even greater savings.
According to the number of uploaded samples, we can get the real transmission volume. Given an image resolution
of 224 x 224 (about 0.15 MB per image), the amount of data uploaded under our reliable sample selection (RSS)
strategy is 40.8 MB (CIFAR-10-C dataset) and 13.455 MB (CIFAR-100-C dataset). Compared to a baseline that
uploads all 300k test samples (about 45 MB), the CIFAR-10 and CIFAR-100 datasets reduce the transmitted data
volume by approximately 9.3% and 70.1%, respectively. The results indicate that TeamTTA is more effective at
identifying and filtering out unreliable samples in complex scenarios (such as the CIFAR-100-C dataset), thereby
achieving lower communication overhead. It is worth mentioning that, compared with EATA, TeamTTA is
slightly more conservative in the number of filtered samples. This may be due to its consideration of open-set
samples, which requires its selection strategy to more thoroughly assess the possibility of unknown categories,
leading to more cautious upload behavior. While this design sacrifices some transmission efficiency, it trades for
stronger generalization and open-set robustness, resulting in a more balanced performance-efficiency trade-off
in real-world deployment. Overall, TeamTTA effectively reduces communication costs between edge devices and
the cloud while maintaining strong adaptation performance.

Latency Analysis. To evaluate the practical end-to-end runtime of our TeamTTA framework, we construct a
real-world network testing environment and use a TP-LINK AC1900 dual-gigabit router to emulate different
wireless bandwidth conditions. Specifically, we measure the wall-clock time required to complete a full adaptation
cycle under four commonly encountered edge-network bandwidth settings: 10 Mbps, 20 Mbps, 50 Mbps, and
100 Mbps. The results are summarized in Table 4. Across all bandwidth configurations, TeamTTA achieves
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Table 4. Wall-clock Adaptation Time under Different Network Conditions

Dataset 10 Mbps 20 Mbps 50 Mbps 100 Mbps

CIFAR-10-C 4.77s 3.03s 1.99s 1.63s
CIFAR-100-C 2.75s 2.14s 1.78s 1.66s

second-level adaptation latency, with total cycle times ranging from approximately 1.6 to 4.8 seconds. These
results highlight that TeamTTA introduces minimal adaptation overhead and can operate efficiently even under
relatively constrained wireless conditions. This demonstrates that the proposed cloud-integrated TTA framework
is well-suited for real-world deployment in bandwidth-limited edge environments.

Table 5. Performance of Different Network Conditions

Dataset Fluctuation AccT AUROCT FPR@TPR95| OSCR?T

X

CIEAR10.C 70.6 773 79.9 60.7
v 68.5 72.8 84.0 58.9
X

CIEAR100.C 457 71.9 76.7 45.6
v 435 67.2 81.1 43.6

Network Condition. Table 5 presents the performance comparison of the proposed TeamTTA framework under
different network transmission conditions with the batch size of 16. This experiment aims to evaluate whether the
model’s adaptation capability is significantly affected during real-world deployment, especially under constrained
or unstable network conditions. In practical applications, the updated model parameters on the cloud need
to be periodically transmitted to edge devices for synchronized updates. However, due to network bandwidth
fluctuations, particularly in remote areas or regions with weak network infrastructure, transmitting the complete
set of model parameters is often unsustainable. To address this challenge, the TeamTTA framework introduces a
lightweight communication mechanism that, under constrained network conditions, transmits only the globally
maintained statistical information from the cloud to the edge devices instead of the complete model parameters.
These statistics, including key information such as feature distribution means and variances, account for merely
0.08% of the total model parameter size, significantly reducing the communication burden. As shown in Table 5,
even when updating only the statistics without synchronizing the full model parameters, TeamTTA still maintains
strong adaptation performance. This result indicates that sharing global statistics plays a crucial role in the
adaptation process. The key reason behind this performance retention lies in the fact that these statistics are
extracted from reliable samples uploaded by multiple edge devices and crowdsourced on the cloud, effectively
integrating diverse environmental information perceived by different devices with high representativeness and
stability. This experiment validates TeamTTA’s communication robustness and adaptation reliability under bad
network conditions.

5.3 Ablation Study

Effect of Edge Device’s Number. Fig. 8 illustrates the adaptation performance of the TeamTTA framework under
different numbers of edge devices with the batch size of 16. Specifically, experiments are conducted with 1, 3,
and 5 edge devices, comparing TeamTTA’s key performance metrics in both closed-set and open-set TTA tasks.
The results show a consistent improvement in overall performance as the number of edge devices increases. For

Journal of Artificial Intelligence Research, Vol. 85, Article 43. Publication date: April 2026.



TeamTTA « 43:21

Acc [ AUROC [ FPR@TPRY5 OSCR

3
Edge Device Numbers

(a) CIFAR-10-C dataset

I I
g0l Acc 0 AUROC W FPR@TPRYS OSCR |

Value (%)

3
Edge Device Numbers

(b) CIFAR-100-C dataset

Fig. 8. Effect of edge device’s number.

example, on the CIFAR-10-C dataset, the average classification accuracy (Acc) rises from 69.4% (single device) to
70.6% (three devices), and further to 71.3% (five devices). Similarly, in terms of AUROC, the model’s ability to
distinguish known from unknown categories improves from 76.6% (single device) to 77.3% (three devices), and
further to 78.4% (five devices). This trend clearly demonstrates that multi-device crowdsourcing brings stronger
generalization and robustness to the model. The core reason for this improvement lies in the fact that as more
edge devices participate in the crowdsourcing process, the cloud receives a broader and more semantically diverse
range of uploaded samples. When aggregated, these samples can be used to build a more representative memory
buffer, effectively enhancing the model’s adaptability. Additionally, a multi-device setup facilitates cross-device
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collaborative learning, helping edge models overcome the limitations of individual knowledge acquisition and
improving their understanding and adaptation to complex perturbation patterns.

Effect of Large Vision Model. Table 6 presents a comparison of the open-set detection performance of the
TeamTTA framework with and without the LVM, focusing on three open-set recognition metrics: AUROC,
FPR@TPRY5, and OSCR. The experimental results clearly demonstrate that incorporating LVM has a significant
positive impact on enhancing the open-set robustness of the TeamTTA framework. Due to its strong zero-shot
inference capability, LVM can leverage a pretrained semantic space to recognize unseen categories in the target
domain. The knowledge it generates can guide the update of edge models, enabling more accurate differentiation
between known and unknown samples. Specifically, compared to TeamTTA without LVM, the LVM-enhanced
TeamTTA framework achieves comprehensive improvements in open-set recognition performance. For the
CIFAR-10-C dataset, AUROC improves by 8.1 percentage points, FPR@TPR95 decreases by 8.1 percentage points,
and OSCR increases by 2.8 percentage points. These improvements indicate that, without accessing target
labels, LVM can leverage its rich semantic priors to fill the cognitive blind spots of edge models in open-set
environments, significantly boosting the overall system’s ability to perceive unknown categories. The results
validate the effectiveness of integrating LVM as an auxiliary module into the TeamTTA framework, delivering
notable performance gains while providing edge devices with a lightweight and efficient open-set awareness
enhancement strategy.

Table 6. Effect of the Large Visual Model

Dataset Large Visual Model AUROCT FPR@TPR95] OSCRT

CIFAR-10-C X 69.2 88.0 57.9
v 77.3 79.9 60.7
CIFAR-100-C X 63.3 85.9 40.1
v 71.9 76.7 45.6

Effect of Memory Buffer. Table 7 presents the performance of the TeamTTA framework under different memory
pool capacity settings on the CIFAR-10-C dataset. The experimental results show that the capacity of the memory
pool has a certain impact on the model’s adaptation performance. As the memory buffer capacity increases,
the number of historical test samples accessible to the model grows, leading to continuous improvements in
both AUROC and OSCR metrics. However, it is worth noting that this performance gain exhibits a diminishing
marginal effect: as the total number of stored samples continues to grow, the improvement rate gradually
decreases. Meanwhile, the FPR@TPR95 metric initially decreases with moderate increases in capacity, indicating
a reduced false positive rate for unknown samples at high recall, but begins to fluctuate when the memory buffer
becomes too large. This fluctuation may be due to excessive historical samples causing the model to overfit to
early test streams, thereby interfering with its adaptation to the current distribution. Based on these observations,
we ultimately set the memory buffer capacity to B = 128 in our experiments. This setting not only effectively
enhances the model’s robustness to distribution shift and unknown categories but also avoids the computational
overhead and adaptation instability caused by redundant information accumulation.

Effect of Memory Buffer. Table 7 presents the performance of the TeamTTA framework under different memory
pool capacity settings on the CIFAR-10-C dataset. The experimental results show that the capacity of the memory
pool has a certain impact on the model’s adaptation performance. As the memory buffer capacity increases, the
number of historical test samples accessible to the model grows, leading to continuous improvements in both Acc
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and AUROC metrics. However, it is worth noting that this performance gain exhibits a diminishing marginal effect:
as the total number of stored samples continues to grow, the improvement rate gradually decreases. For example,
the AUROC performance is 4.1% higher when the memory buffer capacity is B = 128 than when it is B = 64, while
the AUROC performance is only 2.4% higher when it is B = 256 than when it is B = 128. Importantly, the open-set
metric, FPR@TPRY5, deteriorates when the buffer capacity exceeds B = 128. As shown in Table 7, FPR@TPR95
decreases significantly when increasing the buffer capacity B from 64 to 128 (85.2% — 79.9%), indicating improved
robustness against misclassifying unknown samples. However, further increasing the buffer capacity B to 256
reverses this trend, raising FPR@TPR95 to 80.1%. Although the numerical increase appears small, it reflects a
consistent degradation in open-set reliability: a larger buffer risks admitting more out-of-distribution samples
into the adaptation process, thereby increasing the likelihood of falsely accepting unknown categories. This
trade-off highlights that simply enlarging the memory buffer does not necessarily benefit open-world adaptation.
Excessive historical samples may bias the model toward early test streams, interfere with its responsiveness to
the current distribution, and increase memory and latency cost without delivering meaningful accuracy gains.
Considering all performance indicators jointly, we set the default memory buffer capacity to B = 128. This

configuration achieves the best balance between adaptation effectiveness, robustness to unknown categories, and
computational efficiency.

Table 7. Effect of the Memory Buffer

Memory Buffer AccT AUROCT FPR@TPR95| OSCRT
64 68.5 73.2 85.2 61.7
128 70.6 77.3 79.9 60.7
256 71.5 79.7 80.1 70.6
Acc —— FPR@TPR9S — L8O 773 261 263 765
80{ —=— AUROC —¢— OSCR 751
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Fig. 9. Effect of ENT,qy in RSS method.

Effect of Hyperparameters. To further analyze the tunability of key components in the TeamTTA framework,
we evaluate the impact of two core hyperparameters on model adaptation performance: the maximum entropy
threshold ENT,,,x in the Reliable Sample Selection (RSS) method, and the weighting factor f that balances the
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two loss terms in the loss function. The experimental results are shown in Fig.9 and Fig.10, respectively. First, in
Fig. 9, we observe how varying ENT,y influences the adaptation performance through the RSS method. EN T«
determines the sample-uploading threshold on edge devices, thereby controlling both the quality and quantity of
data contributing to model adaptation on the cloud. When ENT, is set too low, the strict filtering effectively
excludes uncertain samples but may also miss potentially valuable adaptation data, leading to performance
drops. Conversely, when ENT,,, is too high, noisy samples may be included, which can interfere with the
LVM’s guidance in adaptation. Thus, selecting an appropriate EN T, strikes a balance between communication
cost and adaptation performance. Our experiments find that ENTpax = 0.9 yields the best results across most
metrics. Second, Fig. 10 illustrates the effect of varying f on the loss function. f is a crucial factor controlling
the contribution of the entropy minimization term to the total loss, directly affecting the magnitude of model
updates during adaptation. When f is too small, the entropy minimization term is underweighted, limiting the
model’s adaptation capability. When f is too large, the model may overfit to the current distribution or maladapt
to open-set samples, reducing robustness. Experimental results show that § = 0.9 achieves the best performance
in most metrics.
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Fig. 10. Effect of f in loss function.

6 Discussion
6.1 Toward Realistic Non-1ID and Open-Set TTA

Although this work follows standard open-set TTA protocols and adopts the SVHN-C dataset as the unseen
domain—consistent with prior studies such as OSTTA (Lee, Das, et al. 2023) and UniEnt (Gao et al. 2024)—we
acknowledge that the SVHN-C dataset represents a controlled benchmark rather than the full complexity of
real-world edge streams. Its use ensures experimental comparability and provides a well-characterized setup
for evaluating open-set discrimination, but it does not capture the broader spectrum of semantic, temporal, and
contextual variations encountered in practical deployments. At the same time, another important research—non-
IID TTA—addresses correlated sampling and temporally dependent test streams, as demonstrated by approaches
such as NOTE (Gong, Jeong, et al. 2022) that employ Instance-Aware Batch Normalization and Prediction-Balanced
Reservoir Sampling to mitigate batch imbalance and temporal drift. These works, however, focus on closed-set
temporal correlation and therefore target a problem orthogonal to the open-set setting considered in our paper.
While our experiments do not explicitly evaluate non-IID scenarios, the proposed TeamTTA framework is
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naturally extensible: the memory buffer can be adapted into a temporally aware queue, the cloud-side CLIP
filtering can be enhanced to detect more complex semantic shifts, and the update mechanism can be generalized
to handle batch-dependent drifts. Thus, TeamTTA provides a methodological foundation for future studies that
jointly address non-IID sampling and open-set distribution shifts—an emerging and realistic setting for edge
intelligence systems.

6.2 Privacy Protection for Image Uploads

Although TeamTTA is designed as an efficient cloud-integrated adaptation framework, deploying it in real-world
edge environments also raises important privacy concerns. Uploading image samples to the cloud may expose
sensitive visual information in applications such as smart surveillance (Fitwi et al. 2019), medical diagnostics (X.
Wang et al. 2022), or industrial inspection (Demertzi et al. 2023). To mitigate this limitation, we explore differen-
tially private noise injection (Brummet et al. 2022) as a practical and theoretically grounded privacy-preserving
enhancement. In this approach, each image is perturbed on the edge device with Gaussian or Laplacian noise (Joshi
and Fischer 1995) that satisfies a formal differential privacy budget. This mechanism provides mathematically
quantifiable privacy guarantees while maintaining full compatibility with the existing cloud-side pipeline, includ-
ing CLIP-based filtering and knowledge distillation. The primary trade-off lies in noise strength: stronger privacy
guarantees (smaller €) introduce more perturbation, which may reduce filtering accuracy and adaptation quality,
thereby requiring a balance between privacy and performance. Given its formal guarantees and architectural
compatibility, differential privacy—based noise injection represents the most promising extension for reinforcing
TeamTTA in privacy-sensitive deployments. In future work, we plan to integrate and systematically evaluate this
mechanism to enhance the framework’s suitability for real-world cloud-integrated systems.

6.3 Limitations of Entropy-Based RSS

The limitation of the current RSS design lies in the use of a fixed entropy threshold. Although the chosen
threshold ENT,,4x = 0.8 is empirically validated through ablation experiments on CIFAR benchmarks and
performs consistently across corruption types, a static hyperparameter may lack robustness in dynamic, real-
world edge environments where data distributions shift over time. In such scenarios, manually tuning the
threshold for each new deployment is impractical and undermines the autonomy expected from a TTA system.
To address this limitation, we propose adaptive entropy thresholding as an important direction for future work.
In particular, a cloud-side sliding-window mechanism can continuously monitor the entropy distribution of
uploaded samples and adjust the threshold online to better reflect the current statistics of the incoming data
stream. More broadly, while TeamTTA already achieves strong closed-set and open-set performance through its
two-stage filtering pipeline, we acknowledge that entropy alone is insufficient when distributions exhibit strong
overlap and that a fixed threshold may not generalize well across environments. Future extensions will therefore
explore multi-metric sample selection and adaptive threshold adjustment, which we believe will further enhance
the robustness and practical deployability of TeamTTA in evolving real-world edge settings.

7 Conclusion

This paper presents TeamTTA, a novel test-time adaptation (TTA) framework designed for edge deployment
in open environments. TeamTTA addresses key challenges, including limited resources, adaptation latency,
knowledge isolation, and unknown categories, by leveraging crowdsourcing to aggregate reliable test-time
samples and offload computation to the cloud. To handle open-set recognition, it further incorporates large vision
models (LVMs) to guide the adaptation of edge models. Extensive experiments on CIFAR benchmarks validate
the effectiveness and efficiency of TeamTTA. Overall, this work establishes a foundation for open-set TTA at the
edge and provides insights to inspire future practical research in this area.
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