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Abstract

Open-set test-time adaptation (TTA) updates models on new data in the presence of input
shifts and unknown output classes. While recent methods have made progress on improving
in-distribution (InD) accuracy for known classes, their ability to accurately detect out-of-
distribution (OOD) unknown classes remains underexplored. We benchmark robust and
open-set TTA methods (SAR, OSTTA, UniEnt, and SoTTA) on the standard corruption
benchmarks of CIFAR-10-C (Krizhevsky, 2009; Hendrycks & Dietterich, 2019) at the small
scale and ImageNet-C (Deng et al., 2009; Russakovsky et al., 2015; Hendrycks & Dietterich,
2019) at the large scale. For CIFAR-10-C, we use OOD data from SVHN (Netzer et al.,
2011) and CIFAR-100 (Krizhevsky, 2009) in their respective corrupted forms of SVHN-C
and CIFAR-100-C. For ImageNet-C, we use OOD data from ImageNet-O (Hendrycks et al.,
2021) and Textures (Cimpoi et al., 2014) in their respective corrupted forms of ImageNet-O-
C and Textures-C. ImageNet-O is nearer to ImageNet, as unknown but related object classes
(like “garlic bread” vs. “hot dog” for food, or “highway” vs. “dam” for infrastructure), while
Textures is farther from ImageNet, as non-object patterns (like “cracked” mud, “porous”
sponge, “veined” leaves). We evaluate the accuracy and confidence of TTA methods for
InD vs. OOD recognition on CIFAR-10-C and ImageNet-C. We verify the accuracy of each
method’s own OOD detection technique on CIFAR-10-C. We also evaluate on ImageNet-C
and report both accuracy and standard OOD detection metrics. We further examine more
realistic settings, in which the proportions and rates of OOD data can vary. To explore
the trade-off between InD recognition and OOD rejection, we propose a new baseline that
replaces softmax/multi-class output with sigmoid/multi-label output. Our analysis shows
for the first time that current open-set TTA methods struggle to balance InD and OOD
accuracy and that they only imperfectly filter OOD data for their own adaptation updates.

1 Introduction

Deep networks can achieve excellent accuracy on training and test data from the same distribution. However,
their accuracy often degrades when the test data differs from the training data due to distribution shift
(Quionero-Candela et al., 2009). This is a real challenge for deployment, as the data may include both
shifted inputs of known (InD) classes and unknown (OOD) classes, and this requires not only generalization
to shift for the known InD classes but recognition and rejection of the unknown OOD classes. Test-time
adaptation/training (TTA/TTT) methods mitigate shift by updating on the test data during deployment
(Schneider et al., 2020; Sun et al., 2020; Wang et al., 2021). Their extensions to open-set TTA update to
try to maintain accuracy on InD data from known classes even in the presence of OOD data from unknown
classes (Niu et al., 2023; Lee et al., 2023). While such methods improve InD accuracy, their OOD accuracy
for the correct rejection of unknown classes has not been closely examined.

However there is a practical need for recognizing and rejecting OOD data. Mistaking OOD for InD could
have costly repercussions, for instance for robotics or for an online moderation system, where actions could
be difficult to reverse or require human effort to correct. For this reason, existing adaptation methods either
apply robust optimization techniques, or try to filter InD data from OOD data to only update on the InD
or apply a different update on the OOD.
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While these methods evaluate InD accuracy, and sometimes open set classification rate (OSCR) (Dhamija
et al., 2018), existing evaluations do not fully consider OOD accuracy. This is a critical gap, because
failure to recognize OOD data would result in a high rate of false positives, and incur costly corrections or
incorrect downstream decisions. We identify this gap, experiment to provide these missing measurements for
established methods, and gauge their performance with a new baseline that reparameterizes the classification
predictions. We find that current methods do not effectively balance InD and OOD accuracy, and furthermore
we identify missing conditions for different combinations of InD and OOD data. The current open-set setting
typically assumes that each batch contains the same proportion of InD and OOD data. However, this
assumption is not realistic. In practice, the OOD proportion within a batch may vary over time, and in
extreme cases, there may be entire OOD batches. We therefore evaluate under this more realistic setting and
find that the OOD proportion has a much stronger impact on existing methods. In addition, we investigate
how different normalization layers affect the stability of test-time updates on open-set data. In summary,
we provide a more complete empirical understanding of open-set test-time adaptation with standardized
metrics, a new baseline that strikes a different InD/OOD trade-off, and new benchmark settings for the
combination of InD/OOD data.

2 Related Work

Domain adaptation (DA) aims to transfer knowledge from a labeled source domain to a target domain
where distribution shifts occur (Quionero-Candela et al., 2009). Unsupervised domain adaptation (UDA)
specifically addresses fully unlabeled target domains (Saenko et al., 2010; Ganin & Lempitsky, 2015). Early
UDA methods typically assumed identical categories between source and target domains, known as the closed-
set condition. However, this assumption may not hold in practical applications. Consequently, more realistic
scenarios have emerged: open-set settings, where the target may contain unknown categories (Panareda Busto
& Gall, 2017; Saito et al., 2018), and partial-set settings, where the target label space is a subset of the source,
and further settings with unknown source-target category relationships (You et al., 2019). These scenarios
are more difficult and have inspired more flexible and robust adaptation techniques. However, they all
still assume joint access to source and target data, and without any bound on the computation needed, so
practical deployment may remain difficult if the data or computation are limited.

Test-time adaptation (TTA) and test-time training (TTT) have recently emerged as alternatives for han-
dling shifts without access to the target data during training. Unlike prior domain adaptation methods,
which requires target data before deployment, TTA/TTT methods update the model online using only test
samples from the target domain(s). The earliest method focused on straightforward modifications of batch
normalization (BN) statistics (Schneider et al., 2020), where the running mean and variance are updated
using target data to alleviate distribution mismatch. Tent (Wang et al., 2021) minimizes entropy and per-
forms model updates with respect to the normalization affine parameters during inference, which enables
the model to become more confident on target samples, and results in more correct predictions. Test-time
training (TTT) (Sun et al., 2020), in contrast, augments the model with an auxiliary self-supervised task
learned during training, and then at inference time the model optimizes only the auxiliary task loss on each
test sample, allowing it to adapt even when no task labels are available. These approaches demonstrate
the feasibility of online adaptation under stricter test-time constraints on data and computation. However,
generalization to broader and more complex shifts is still challenging, especially when there is shift in the
labels alongside shift in the data.

Open-set TTA extends from shifted data to shifted labels: testing now includes inputs from unknown
classes not seen during training. In this setting, adaptation must simultaneously update on inputs from
known classes and reject or otherwise handle inputs from unknown classes without supervision of known
classes or InD vs. OOD. Most existing open-set TTA methods specialize to this challenge by filtering
(estimated) InD and OOD inputs. SoTTA (Gong et al., 2023) filters by confidence of prediction, only high-
confidence predictions are added to the memory for adaptation. OSTTA (Lee et al., 2023) filters by aggregate
statistics, where low-confidence inputs are identified and gradually downweighted across updates, by relying
on predictions across steps ("group wisdom"). UniEnt(+) (Gao et al., 2024) minimizes entropy for inputs
filtered as InD and maximizes entropy for inputs filtered as OOD.SAR (Niu et al., 2023), while not an open-set
TTA method, is a robust TTA method that includes filtering. It first rejects high-entropy inputs, then rejects
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low-entropy inputs with unstable gradients, in order to improve the reliability of adaptation with small batch
sizes, multiple shifts, and differing proportions of categories. Although each method has been evaluated in a
variety of experiments, there has not been a standardized evaluation nor a close examination of their filtering.

While these methods improve accuracy on InD data, they have only been thoroughly evaluated by this
metric. Their accuracy on OOD data, that is the rate of correct rejection on data from classes not seen
during training, is a missing metric: without it our knowledge of open-set TTA performance is incomplete.

3 Benchmarking the InD and OOD Accuracy of Test-Time Adaptation

We benchmark InD and OOD accuracy together, to measure current performance and examine their rela-
tionship, for a fuller understanding of the practicality of open-set TTA.

3.1 Benchmark Setup

(a) InD (b) Near OOD (c) Far OOD

Figure 1: Example images of InD (ImageNet-C), Near OOD (ImageNet-O-C), and Far OOD (Texture-C)
data corrupted by Gaussian noise. We study adaptation to corruptions on InD and OOD data.

We evaluate open-set accuracy by combining a pair of InD and OOD datasets following prior experiments
(Gao et al., 2024). We mix the datasets so each test batch is 50% InD and 50% OOD. Each TTA method
adapts and predicts on this mixed dataset, and we measure the accuracy for the known/InD and un-
known/OOD data over the full test set. To summarize we report their average or “mixed” accuracy.

Data. We evaluate adaptation to image corruptions. CIFAR-10-C (Hendrycks & Dietterich, 2019) is a
corrupted version of CIFAR-10 (Krizhevsky, 2009), which serves as InD test data, because it is a standard
dataset for TTA. SVHN-C (Netzer et al., 2011) is a version of Street View House Numbers with the same
corruptions. SVHN-C serves as an OOD test data with unknown classes: the SVHN classes, the numbers
{0, . . . , 9}, have no intersection with the CIFAR-10(-C) classes. This setup has been widely adopted in prior
work on open-set adaptation (Lee et al., 2023; Gao et al., 2024). CIFAR-100-C (Hendrycks & Dietterich,
2019) is a version of CIFAR-100 (Krizhevsky, 2009) with the same corruptions. CIFAR-100-C serves as
alternative OOD test data to assess the effect of OOD data that is more similar (CIFAR-100-C) or less
similar (SVHN-C).

We also experiment at the larger scale of ImageNet-C(Hendrycks & Dietterich, 2019) and ImageNet-O-
C(Hendrycks et al., 2021). ImageNet-C is a version of ImageNet(Deng et al., 2009) with the same corruptions.
ImageNet-O(-C) consists of different classes that are not in ImageNet, but are visually similar to classes that
are in ImageNet, and is used to evaluate open-set recognition performance. The Texture(-C)(Cimpoi et al.,
2014) dataset contains texture-centric images with rich appearance patterns but no semantic objects. We
use it as an additional OOD test set for ImageNet-C. Each dataset contains 5 severity levels, and we use the
most severe corruption level of 5, following established practice (Wang et al., 2021).
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Models and Methods. For CIFAR-10-C, we choose the Wide ResNet-28-10 architecture (Zagoruyko & Ko-
modakis, 2016) with the Hendrycks2020AugMix_WRN parameters (Hendrycks et al., 2020) from RobustBench
(Croce et al., 2021). For ImageNet-C, we use standard ResNet-50 model (He et al., 2015).

We evaluate SAR, as a robust method, and SoTTA, OSTTA, and UniEnt(+) with Tent as open-set methods.
These methods require a base TTA method for extension, and so we choose Tent for comparability with our
baseline. We use Tent as a simple baseline without customization for robustness or open-set adaptation.

Metrics. We measure accuracy (%) on InD and OOD data. For InD inputs, a prediction is counted as
correct if the model assigns the correct class label; for OOD inputs, a prediction is counted as correct if
the model rejects it. We also measure the “mixed” accuracy that averages the InD and OOD accuracies,
providing an overall measure of performance. For a more thorough evaluation of OOD performance, we
report the area under the receiver operating characteristic curve (AUROC), the false positive rate at 95%
true positive rate (FPR@TPR95), and the open-set classification rate (OSCR)(Dhamija et al., 2018).

3.2 Sigmoid Output Instead of Softmax Output

Existing open-set TTA methods are based on softmax output, which forces the prediction of a class for every
input. This constraint prevents the model from rejecting unknown samples, by predicting no class, making it
difficult to separate InD from OOD inputs. In contrast, sigmoid output produces independent probabilities
for each class, allowing all outputs to remain low simultaneously. This property enables explicit rejection
when the model’s confidence is insufficient, making the sigmoid a potentially more suitable choice for open-
set scenarios. To study how different output distributions influence InD–OOD separation, we replace the
softmax nonlinearity with the sigmoid nonlinearity for each class output and update it using sigmoid cross-
entropy loss during test-time adaptation. To ensure that the output distribution and entropy used in testing
are compatible, we fine-tune the model on the source data by updating only the final linear layer. We control
for accuracy by ensuring the fine-tuned sigmoid model achieves similar accuracy on the standard training
and test set as the original softmax model to avoid potential confounds from fine-tuning. To evaluate the
effect of adopting sigmoid output across methods, we integrate sigmoid with two closed-set TTA methods:
Tent and SAR. Tent performs test-time adaptation by minimizing the entropy of predictions, whereas SAR
further incorporates sample filtering based on entropy and gradient stability to exclude unreliable updates.

3.3 Confidence Analysis of InD vs. OOD

We analyze recognition of InD vs. OOD by confidence to standardize comparison across methods. We score
the confidence of the output probabilities p by (1) entropy

H(p) = −
C∑

i=1
pi log pi, or (1)

(2) maximum probability or softmax response (SR) (Geifman & El-Yaniv, 2017)
SR(p) = max

i
pi. (2)

For ease of interpretation, we normalize the entropy to [0, 1], and we instead measure 1 − SR, so higher
confidence is indicated by lower values for both scores.

These measures are used to classify an input as InD or OOD by thresholding. Given the predictions for the
full test, we sweep the threshold to measure the trade-off between InD recognition and OOD rejection.

4 Results for InD, OOD, and Mixed Accuracy

We report the accuracy on InD and OOD data as a function of the confidence score (entropy or 1 - softmax
response) and threshold. For each experiment we tune the threshold to maximize the mixed accuracy to
balance InD and OOD accuracy. The mixed accuracy is simply the mean of the InD and OOD accuracies.
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Note that UniEnt and SAR require design choices for our experiments. UniEnt is designed to extend a base
TTA method, so we combine it with Tent for simplicity and comparability. SAR is designed for models with
normalization by GN or LN; however, for consistency across methods, we apply it to the same model with
BN. This controlled experiment may not reflect the full potential of SAR with other models. Because the
range and distribution of the sigmoid entropy differs substantially from those of the softmax entropy, we
adjust the SAR hyperparameters to compensate. We tune the learning rate and the entropy threshold and
report the best-performing configurations for CIFAR-10-C and ImageNet-C.

4.1 Accuracy using Different Confidence Scores

Table 1: Performance of open-set TTA on CIFAR-10-C (InD) and SVHN-C (OOD)

Method Acc↑ AUROC↑ FPR↓ OSCR↑
Tent 85.26 70.02 82.73 63.74
Tent(Sigmoid) 85.08 83.01 72.06 74.65
UniEnt(Tent) 84.64 87.22 61.34 77.44
UniEnt+(Tent) 84.45 87.43 60.70 77.45
OSTTA 85.13 74.48 79.86 67.50
SoTTA 86.28 68.13 88.76 63.68
SAR 85.46 80.91 75.17 73.29
SAR(Sigmoid) 84.92 83.41 70.34 75.32

Table 1 reports performance on CIFAR-10-C and SVHN-C using accuracy and three OOD detection metrics:
AUROC, FPR@TPR95, and OSCR. The different methods achieve comparable InD accuracy, while UniEnt
shows the best separation between InD and OOD. Our proposed Tent with sigmoid and SAR with sigmoid
slightly lags behind the original methods in InD accuracy, but yields a clear improvement in OOD separation.

Tables 2 (entropy) and 3 (max probability) report the results when selecting the best threshold for mixed
accuracy. For completeness, and to emphasize the existing default of tuning for InD accuracy, we also report
the top InD accuracy across thresholds in parentheses. There is a clear trade-off: achieving the highest
mixed accuracy, and improving the OOD accuracy, comes at the cost of a significant drop in InD accuracy.
The trade-off is sharp in the opposite direction: selecting the threshold to maximize InD accuracy results in
OOD accuracy near zero. In general, entropy achieves higher mixed accuracy than max probability.

The state-of-the-art UniEnt achieves the highest mixed accuracy. Our new baseline of Tent (Sigmoid), which
replaces softmax output with sigmoid output, is second best for max probability confidence. It achieves this
mixed accuracy by exchanging InD and OOD accuracy: its InD accuracy is lower than Tent, but its OOD
accuracy is significantly higher. Note that Tent (Sigmoid) lacks any explicit technique for OOD detection,
unlike the state-of-the-art UniEnt/UniEnt+, but the choice of output distribution has its own effect.

4.2 Checking OOD Filtering Techniques in TTA

We evaluate how well robust and open-set TTA methods filter OOD data.

• Tent does not filter and updates on all inputs.

• SAR filters inputs that exceed a fixed threshold on entropy.

• UniEnt scores each input as InD/ODD based on its similarity to class prototypes, clustering by
GMM with hard assignment, and filters those assigned to the cluster for OOD data.

• UniEnt+ estimates the probability of InD vs. OOD by learned scores and filters inputs when
PInD − α · POOD < 0.

• OSTTA filters inputs based on confidence improvement: an input is filtered if confidence drops
after its update.
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Table 2: Accuracy on CIFAR-10-C (InD) and SVHN (OOD) with entropy confidence. The results are with
the best threshold for mixed accuracy (values in parentheses are with the best threshold for InD accuracy).

Method InD
Acc ↑

OOD
Acc ↑

Mixed
Acc ↑

Tent 70.19(85.26) 59.79 64.99
Tent(Sigmoid) 62.12(85.08) 60.70 61.41
UniEnt(Tent) 65.22(84.65) 89.54 77.38
UniEnt+(Tent) 64.87(84.45) 90.08 77.48
OSTTA 69.43(85.10) 65.24 67.34
SoTTA 72.98(86.15) 43.97 58.48
SAR 66.08(85.49) 78.50 72.29
SAR(Sigmoid) 65.57(84.92) 79.89 72.74

Table 3: Accuracy of open-set TTA on CIFAR-10-C (InD) and SVHN-C (OOD) with max prob. confidence.

Method InD
Acc ↑

OOD
Acc ↑

Mixed
Acc ↑

Tent 74.81(85.27) 49.22 62.02
Tent(Sigmoid) 69.88(85.03) 79.67 74.78
UniEnt(Tent) 70.84(84.67) 84.08 77.46
UniEnt+(Tent) 70.53(84.44) 81.96 76.25
OSTTA 74.20(85.11) 53.90 64.05
SoTTA 76.63(86.26) 36.84 56.74
SAR 72.25(85.49) 66.51 69.38
SAR(Sigmoid) 69.82(84.92) 72.82 71.32

• SoTTA filters inputs by thresholding the softmax response.

Table 4 shows that method-specific techniques for recognizing InD vs. OOD inputs are not perfect. Their
accuracy can even be lower than the best threshold in our confidence analysis. This underlines the focus
of current methods on InD accuracy, without necessarily ensuring the reliability of OOD detection, and the
opportunity to improve filtering.

4.3 Distribution of Different Confidence Scores

Figure 2 compares the density of entropy for Tent, SAR and UniEnt on CIFAR-10-C and SVHN-C (and
Figure 5 in the appendix compares OSTTA and SoTTA). Ideally the OOD data would exhibit higher entropy
than the InD data to enable separation between the two. However, for most methods, the OOD density does
not significantly outweigh the InD density at high entropy. UniEnt achieves the best separation between
InD and OOD with entropy confidence.

Figure 4 in the appendix compares the density of max probability on CIFAR-10-C and SVHN-C. The density
of max probability for InD is similar across methods with high confidence overall. However, for OOD methods
vary, and SoTTA has the highest max probability (even higher than the Tent baseline). UniEnt achieves the
best separation between InD and OOD with max probability confidence.

Figure 3 in the appendix examines how InD, OOD, and mixed accuracy vary with the confidence threshold.
We plot the mean accuracies across corruption types for UniEnt as it achieves the top mixed accuracy. For
entropy confidence, increasing the threshold from 0 to 1 leads to a monotonic increase in InD accuracy, while
both OOD accuracy and mixed accuracy decrease. After threshold = 0.1, the OOD accuracy drops more
sharply than the gain in InD accuracy, which results in lower mixed accuracy overall. This highlights a
trade-off: tuning for high InD accuracy comes at a cost for OOD accuracy, suggesting the need to balance
these metrics based on the application.
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Table 4: Accuracy of open-set TTA methods on CIFAR-10-C (ID) and SVHN (OOD) with their own filtering.

Method InD
Acc ↑

OOD
Acc ↑

Mixed
Acc ↑

Tent 85.26 0.00 42.63
UniEnt(Tent) 68.50 77.04 72.77
UniEnt+(Tent) 70.60 73.47 72.04
OSTTA 51.98 52.61 52.30
SoTTA 61.39 68.02 64.71
SAR 81.94 8.96 45.45
SAR(Sigmoid) 83.52 5.98 44.75

Figure 2: Density of entropy for InD and OOD data on CIFAR-10-C and SVHN-C. While the InD densities
are similar across methods, UniEnt differs in its OOD density, which may reflect its dual entropy updates to
minimize on InD and maximize on OOD.

Figure 6 in the appendix shows the density of normalized sigmoid entropy for Tent (Sigmoid) and SAR
(Sigmoid). Compared to softmax entropy, the sigmoid entropy is overall smaller and more concentrated. In
addition, the distributions of InD and OOD entropies are bimodal: the InD samples dominate the first peak,
while the OOD samples dominate the second.

4.4 The effect of similarity between InD and OOD

Table 5 reports performance on CIFAR-10-C with CIFAR-100-C as the OOD data. All methods show overall
improvements in InD accuracy compared to SVHN-C as OOD data. Tent achieves strong InD accuracy, but
its OOD performance is relatively weaker. Tent with Sigmoid is comparable to UniEnt in OOD performance.

Tables 6 and 7 report the accuracies with CIFAR-100-C as the OOD data. InD accuracy is higher for all
except UniEnt(+), while OOD accuracy is lower for all. This may be because CIFAR-100-C is more similar to
CIFAR-10-C than SVHN-C, allowing updates to extract information related to the input shift from the OOD
data that transfers to or at least does not interfere with the InD data. However, this increased similarity
also makes it more difficult to recognize InD vs. OOD inputs, as shown by the lower OOD accuracy.

In Table 8, we compare the InD accuracy on the close set with the highest InD accuracy observed under two
open-set settings. We find that when CIFAR-100-C is used as the OOD test set (referred to as near OOD),
the InD accuracy is comparable to—or even higher than—that on the close set. In contrast, when SVHN-C
is used as the OOD test set (far OOD), the InD accuracy drops more significantly. This shows that OOD
data that is closer to the training set can cause less degradation, and can even aid model performance in
some cases.

4.5 OOD Proportion in Batches

Beyond our controlled experiments in existing settings, we also investigate more realistic evaluation scenarios.
In real settings, the proportion of OOD data in each batch could change. In extreme cases, an entire batch
may even consist exclusively of OOD samples. To account for such variability, we designed additional
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Table 5: Performance of open-set TTA on CIFAR-10-C (InD) and CIFAR-100-C (OOD)

Method Acc↑ AUROC↑ FPR↓ OSCR↑
Tent 87.23 77.02 75.08 70.61
Tent(Sigmoid) 86.05 81.43 74.89 74.40
UniEnt(Tent) 85.61 81.50 79.39 73.98
UniEnt+(Tent) 85.51 81.42 79.71 73.87
OSTTA 86.71 77.61 75.01 70.84
SoTTA 86.67 77.65 78.58 71.79
SAR 86.77 80.25 78.05 73.56
SAR(Sigmoid) 86.15 81.79 73.94 75.03

Table 6: Accuracy of open-set TTA on CIFAR-10-C (InD) and CIFAR-100-C (OOD) with entropy confidence.

Method InD
Acc ↑

OOD
Acc ↑

Mixed
Acc ↑

Tent 74.42(87.23) 63.91 69.17
Tent+SigCE 66.13(86.05) 67.11 66.62
UniEnt(Tent) 64.34(85.59) 84.62 74.48
UniEnt+(Tent) 64.07(85.51) 84.83 74.45
OSTTA 73.35(86.69) 65.08 69.22
SoTTA 73.95(86.41) 63.45 68.70
SAR 69.39(86.93) 76.21 72.80
SAR(Sigmoid) 68.27(86.15) 76.44 72.36

experiments aimed at providing a more comprehensive assessment of these methods. Furthermore, we do
not reset the model when the corruption type changes, making the evaluation more reflective of continuous,
evolving test-time streams.

In the previous experiments, the proportion of OOD samples was fixed at 50% across all batches as done in
previous benchmarking (Gao et al., 2024; Gong et al., 2023; Lee et al., 2023). However, in real-world settings
the test data may not be perfectly balanced, and the OOD proportion may vary substantially. To examine
whether the methods remain robust to shift across different proportions, we experimentally compare three
OOD proportions: 25%, 50%, and 75%.

Tables 10 report the results under OOD proportions of 25%, 50%, and 75%, respectively. As the proportion
of OOD samples within a batch increases, both classification accuracy and all OOD detection metrics con-
sistently degrade. This indicates that the performance of existing methods is highly sensitive to the OOD
ratio in test batches, suggesting that robustness to varying OOD prevalence remains an open challenge.

4.6 OOD interval between Batches

In addition to varying the overall proportion of OOD data, we further examined a more realistic setting
where OOD samples appear in intervals across batches. Unlike the proportion experiments, which assume
each batch contains a fixed ratio of OOD samples, the interval setting introduces entire stretches of OOD-
only batches between InD batches. This design may better reflects real-world data streams, where OOD
inputs often arrive in bursts rather than being evenly mixed with InD data.

Table 11 presents results under OOD batch intervals of 1, 2 and 3, respectively, when applied in the interval
setting. Compared with the fixed-proportion scenario, we find that as the intervals of OOD batches become
longer, both accuracy and OOD detection metrics exhibit only minor declines and remain relatively stable.

To gain deeper insight into adaptation updates in the interval setting, we examined the loss dynamics during
the first OOD pass with interval size set to 2. The results reveal that, as adaptation proceeds, the OOD
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Table 7: Accuracy of open-set TTA on CIFAR-10-C (InD) and CIFAR-100-C (OOD) with max prob. confi-
dence.

Method InD
Acc ↑

OOD
Acc ↑

Mixed
Acc ↑

Tent 78.20(87.23) 52.84 65.52
Tent(Sigmoid) 73.33(86.05) 69.32 71.33
UniEnt(Tent) 70.50(85.61) 74.56 72.53
UniEnt+(Tent) 70.23(85.52) 74.48 72.36
OSTTA 77.19(86.71) 53.72 65.46
SoTTA 73.30(86.87) 51.55 62.43
SAR 74.79(86.93) 64.26 69.53
SAR(Sigmoid) 72.10(86.15) 68.82 70.46

Table 8: Best InD Accuracy for CIFAR-10-C closed set and open-set near OOD (CIFAR-100-C) vs. far OOD
(SVHN-C). Near OOD data results in a smaller drop or can even improve accuracy.

Method Closed
Set ↑

Near
OOD ↑

Far
OOD ↑

Tent 87.93 87.23 85.27
Tent(Sigmoid) 87.14 86.05 85.08
UniEnt(Tent) 83.84 85.61 84.65
UniEnt+(Tent) 84.74 85.52 84.44
OSTTA 87.69 86.71 85.11
SoTTA 87.68 86.87 86.26
SAR 86.50 86.93 85.49
SAR(Sigmoid) 86.23 86.15 84.92

loss also decreases, implying that the model’s confidence continues to increase even on OOD samples with
incorrect labels. Specifically, the OOD loss delta has a mean of -0.0182 (std = 0.1709), whereas the InD loss
delta has a mean of -0.0035 (std = 0.2602). This indicates that OOD samples generally incur larger losses than
InD samples. Moreover, the smaller variance observed for OOD suggests that their loss distribution is more
concentrated, while InD losses are more dispersed. Together, these findings highlight that adaptation may
inadvertently reinforce overconfidence on OOD inputs, thereby exacerbating the challenge of distinguishing
them from InD samples.

This suggests that existing methods are highly sensitive to mixed InD–OOD batches, but largely insensitive
to non-mixed scenarios, even when multiple OOD-only batches occur consecutively between InD batches.
This observation raises the question of whether the insensitivity is due to the (batch) normalization or the
optimization updates by the adaptation methods.

4.7 The Effect of Sigmoid Output

We find that across all settings, Tent (Sigmoid) consistently achieves significantly better OOD metrics
compared to the original Tent. The accuracy loss compared to Tent remains below 1% in most cases, except
under the 50% OOD proportion open-set setting. In other realistic settings, when there is a change in the
OOD data proportion (Tab. 10) or interval (Tab. 11), Tent (Sigmoid) even surpasses the original Tent in
accuracy. These results demonstrate that replacing softmax with sigmoid achieves a different InD/OOD
trade-off with a clear improvement in the OOD metrics. Although SAR (Sigmoid) typically underperforms
the standard softmax-based SAR when the OOD proportion varies, it consistently achieves higher accuracy
in the interval setting. Its performance remains stable even as the number of OOD intervals increases.
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Table 9: Best InD Accuracy for ImageNet-C closed set and open-set near OOD (ImageNet-O-C) vs. far
OOD (Texture-C). Near OOD data results in a smaller drop in accuracy.

Method Closed
Set ↑

Near
OOD ↑

Far
OOD ↑

Tent 9.64 5.61 2.46
Tent(Sigmoid) 9.94 7.03 7.53
UniEnt(Tent) 37.30 35.48 34.36
UniEnt+(Tent) 37.75 36.57 34.42
OSTTA 40.61 38.30 35.24
SoTTA 6.78 3.92 2.23
SAR 31.67 31.03 29.80
SAR(Sigmoid) 26.22 25.73 23.77

Table 10: OOD batch proportions performance on ImageNet-C (InD) and ImageNet-O-C (OOD). We eval-
uate 25%, 50%, and 75% proportion of OOD data in a batch.

Method Acc ↑ AUROC ↑ FPR ↓ OSCR ↑
25%/50%/75% 25%/50%/75% 25%/50%/75% 25%/50%/75%

Tent 7.2 5.6 4.0 45.2 42.7 39.2 97.0 97.2 98.2 4.3 3.0 1.8
Tent(Sigmoid) 8.3 7.0 5.8 45.0 45.2 45.1 96.4 96.5 96.6 4.9 3.9 3.2
UniEnt(Tent) 36.7 35.5 32.4 47.2 50.1 53.6 96.9 95.7 92.6 23.9 24.1 22.8
UniEnt+(Tent) 37.5 36.6 34.5 46.0 47.1 48.1 97.1 96.7 95.8 24.2 23.6 22.6
OSTTA 40.1 38.3 35.0 43.8 43.0 41.9 97.6 97.6 97.4 23.6 23.0 20.8
SoTTA 4.8 3.9 2.7 47.0 47.1 42.2 95.4 95.4 97.4 3.0 2.1 1.3
SAR 29.6 31.0 20.3 41.4 48.5 50.1 97.3 95.6 95.0 17.9 20.4 20.4
SAR(Sigmoid) 26.2 25.7 24.9 47.2 47.8 48.2 96.0 95.9 95.7 16.8 16.4 16.0

Overall, we find that using sigmoid outputs with sigmoid entropy for adaptation likewise improves robustness
to shift. When the OOD proportion changes, its accuracy drops—as expected—but the drop is substantially
smaller than it is for other methods. Likewise, when the number of intervals increases, its accuracy remains
stable. These results suggest that sigmoid entropy provides a more stable and reliable loss for adaptation
across different proportions and rates of InD and OOD data.

5 Normalization Layer Effects In TTA

We adopt the SAR method to investigate the impact of different normalization layers because its closed-set
experiments considered the choice of normalization. We compare ResNet-50 with batch normalization (BN),
ResNet-50 with group normalization (GN), and ViT-B/16 with layer normalization (LN) to cover different
types of normalization. Table 12 reports the results under varying OOD proportions, showing the effects
of each normalization layer on accuracy and OOD metrics. The results indicate that BN exhibits large
fluctuations in both Acc and FPR@TPR95, GN shows relatively smaller fluctuations in accuracy, while LN
demonstrates the most stable performance overall.

6 Conclusion

We benchmark several recent robust and open-set TTA methods to focus on both InD and OOD accuracy.
Our results show that methods can achieve strong InD accuracy, but at the cost of OOD accuracy, highlighting
a current conflict between robust adaptation on inD data and reliable rejection of OOD data.
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Table 11: OOD batch intervals performance on ImageNet-C (InD) and ImageNet-O-C (OOD). We evaluate
1, 2, and 3 batches of OOD data between each batch of InD data.

Method Acc ↑ AUROC ↑ FPR ↓ OSCR ↑
1/2/3 Intervals 1/2/3 Intervals 1/2/3 Intervals 1/2/3 Intervals

Tent 5.7 4.9 4.8 38.5 36.6 34.5 98.5 98.9 99.3 2.8 2.1 1.9
Tent(Sigmoid) 8.4 7.9 7.7 42.7 43.3 43.6 96.8 96.8 96.7 4.7 4.5 4.4
UniEnt(Tent) 35.7 34.1 32.5 50.3 50.4 50.6 96.7 95.7 95.0 23.8 22.5 21.4
UniEnt+(Tent) 36.7 35.7 34.8 49.2 48.0 47.2 96.7 95.5 96.3 22.5 23.1 22.1
OSTTA 37.8 36.1 35.1 44.1 40.6 38.8 97.4 97.7 97.8 23.0 20.5 19.3
SoTTA 3.6 2.8 2.6 44.9 45.6 43.0 96.2 96.2 97.1 2.0 1.4 1.3
SAR 13.9 21.4 19.2 40.4 38.9 36.7 97.1 97.0 97.0 7.6 11.1 9.5
SAR(Sigmoid) 26.1 26.2 26.1 47.5 47.5 47.5 95.4 95.4 95.4 17.1 17.1 17.1

Table 12: Average performance under different OOD proportions with different normalization layers on
ImageNet-C (InD) and ImageNet-O-C (OOD)

Prop Layer Acc↑ AUROC↑ FPRT↓ OSCR↑
25% BN 29.63 41.41 97.29 17.93
50% BN 26.30 41.05 97.12 14.35
75% BN 18.42 43.78 87.22 13.52
25% GN 35.26 51.25 97.72 22.90
50% GN 30.22 51.67 97.28 19.76
75% GN 28.67 52.86 96.80 17.94
25% LN 54.44 69.25 85.77 44.15
50% LN 53.73 68.51 86.93 43.60
75% LN 55.58 70.95 84.97 38.61

Furthermore, we evaluate the ability of different confidence scores to separate InD and OOD inputs. We
found that entropy generally provides better OOD accuracy than maximum probability across methods as
measured by the softmax response, suggesting its potential as a more reliable score for open-set adaptation.

In addition, we test a more realistic setting where the proportion of InD and OOD samples varies across
batches from 0% to 100%. For BatchNorm-based models, performance is much more sensitive to the batch
mixture setting than to the batch interval setting. By comparing different normalization layers, we further
find that GroupNorm is the most stable while BatchNorm is the least stable under these conditions.

Our results highlight the opportunity for open-set TTA to better balance InD adaptation and OOD rejection
to mitigate errors on known and unknown classes during deployment. Our analysis of confidence on InD
vs. OOD data suggests the potential for better confidence modeling to improve OOD accuracy. Finally, our
new baseline of entropy minimization with sigmoid output, which we have instantiated for Tent and SAR,
reveals another direction for balancing InD and OOD accuracy: changing the output distribution to better
separate InD and OOD data without additional filtering.
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A Appendix

B Supplementary Plots

(a) Entropy (b) 1-softmax response

Figure 3: Accuracy for InD, OOD, and their average (Mixed) on CIFAR-10-C (InD) and SVHN (OOD)
across confidence thresholds for UniEnt. We plot the mean accuracies across all 15 corruption types. InD
and OOD accuracy trade off: the mixed accuracy can balance the two and improve up to a point, but then
higher thresholds result in overall lower mixed accuracy.

Figures 3a and 3b show the the InD, OOD, and mixed accuracies of UniEnt on CIFAR-10-C and SVHN-C
as a function of confidence threshold for entropy and max probability respectively.

Figure 4 shows the density of 1 - max_probability for the five methods on CIFAR-10-C and SVHN-C.
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Figure 4: Density of 1 - max probability on CIFAR-10-C (InD) and SVHN-C (OOD) data.

Figure 5: Density of entropy on CIFAR-10-C (InD) and SVHN-C (OOD) data. See Figure 2 for the other
open-set TTA methods.

Figure 5 shows the density of entropy for OSTTA and SoTTA on CIFAR-10-C and SVHN-C.

Figure 6 shows the density of entropy for Tent (Sigmoid) and SAR (Sigmoid) on CIFAR-10-C and SVHN-C.
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Figure 6: Density of the sigmoid entropy on CIFAR-10-C (InD) and SVHN-C (OOD) data. Compare the
difference for the softmax editions of Tent and SAR in Figure 2.
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