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Abstract

Deep neural networks demonstrate strong performance under aligned training-test
distributions. However, real-world test data often exhibit domain shifts. Test-Time Adap-
tation (TTA) addresses this challenge by adapting the model to test data during infer-
ence. While most TTA studies assume that the training and test data share the same class
set (closed-set TTA), real-world scenarios often involve open-set data (open-set TTA),
which can degrade closed-set accuracy. A recent study showed that identifying open-set
data during adaptation and maximizing its entropy is an effective solution. However,
the previous method relies on the source model for filtering, resulting in suboptimal
filtering accuracy on domain-shifted test data. In contrast, we found that the adapting
model, which learns domain knowledge from noisy test streams, tends to be unstable
and leads to error accumulation when used for filtering. To address this problem, we
propose Primary-Auxiliary Filtering (PAF), which employs an auxiliary filter to vali-
date data filtered by the primary filter. Furthermore, we propose Knowledge-Integrated
Prediction (KIP), which calibrates the outputs of the adapting model, EMA model,
and source model to integrate their complementary knowledge for OSTTA. We vali-
date our approach across diverse closed-set and open-set datasets. Our method enhances
both closed-set accuracy and open-set discrimination over existing methods. The code is
available at https://github.com/powerpowe/PAF—KIP-OSTTA.

1 Introduction

Deep neural networks have achieved outstanding performance across a wide range of tasks.
However, this strong performance relies on the assumption that the training and test data
are drawn from the same distribution [4]. In real-world scenarios, test data may undergo
various domain shifts, such as changes in weather, brightness, or camera noise. To address
this challenge, test-time adaptation (TTA) [15, 19, 20] aims to adapt the model to the test
domain on the fly, during inference.
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Figure 1: Wrongly filtered closed-set samples and H-score on CIFAR100-C with Textures-C.
The vertical dashed line marks domain shifts.

Most TTA studies have focused on the case where the classes in the training data and
test data are identical (i.e., closed-set TTA) [1, 2, 6, 24]. However, it is common for unseen
class data (i.e., open-set) to appear at test time [9]. In such scenarios, the TTA model con-
tinually learns incorrect information about closed-set classes, leading to error accumulation
and degraded accuracy [8]. Furthermore, both open-set and closed-set data may appear with
domain shifts, making it challenging to distinguish between them.

To address this problem, recent studies have proposed Open-set Test-Time Adaptation
(OSTTA) methods that adapt to test data containing both closed-set and open-set samples
[8, 10, 14, 21]. These methods estimate the confidence of each test sample, classify it as
either open-set or closed-set, and leverage this categorization during adaptation.

While most OSTTA studies discard low-confidence data during adaptation, UniEnt [8]
demonstrates that maximizing the entropy of such data can be effective. By increasing the
entropy of open-set samples, the adapting model improves its ability to distinguish unknown
instances by effectively learning what it does not know. Specifically, UniEnt utilizes a source
pre-trained model to compute the similarity between each test sample and the source-domain
class prototypes. Samples that closely align with known source classes are treated as reliable
and optimized via entropy minimization, while those that appear dissimilar are considered
unreliable and optimized via entropy maximization.

Incorporating domain knowledge into filtering is crucial, as domain-shifted test samples
often exhibit low confidence when evaluated by a source model not trained on the target do-
main. However, UniEnt overlooks domain knowledge in filtering since its confidence scores
rely solely on features from the fixed source model and class prototypes. As a result, it fails to
exploit test-domain information and incorrectly filters many closed-set samples as open-set,
as shown in fig. 1(a).

One way to leverage domain knowledge into filtering is to utilize the adapting model
itself. However, relying on the adapting model’s confidence for loss selection leads to signif-
icant error accumulation. This results in confirmation bias, where the adapting model rein-
forces its initial uncertainty by further reducing the confidence of low-confidence samples,
as shown in fig. 1(b) and fig. 1(c).

We found that the exponential moving average (EMA) model of the adapting model
helps prevent error accumulation, but fails to promptly capture domain shifts at the current
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time step, thereby resulting in suboptimal filtering performance. To address this, we pro-
pose Primary-Auxiliary Filtering (PAF), which combines the adapting model and EMA
model in a primary-auxiliary structure to incorporate domain knowledge while maintaining
stability. The primary filter reflects test domain knowledge to achieve strong filtering per-
formance, while the auxiliary filter ensures stability and prevents error accumulation caused
by the primary filter. The two filters collaboratively categorize and adapt to the data through
complementary soft and hard filtering strategies.

On the other hand, while typical TTA methods utilize either the adapting model [8, 17,
19, 21], the EMA model [20, 24], or their ensemble for inference [6], both models have limi-
tations for inference in the OSTTA setting. Specifically, while our filtering reduces exposure
to open-set data, the adapting model may still receive some open-set samples, potentially
destabilizing the adapting model and impacting the EMA model. To address this, we pro-
pose Knowledge-Integrated Prediction (KIP), which incorporates the source pre-trained
model that remains unaffected by open-set samples. KIP combines the logits of the adapting
model, EMA model, and source model, and adaptively assigns higher weights to models that
exhibit greater confidence for each sample.

To demonstrate the effectiveness of the proposed method, we evaluate our approach
across various open-set TTA scenarios. We use CIFAR10/100-C and ImageNet-C [4, 5] as
closed-set datasets, while SVHN [16], Tiny-ImageNet [13], Places365 [25], and Textures
[3] serve as open-set datasets. Whereas prior OSTTA studies focus on either closed-set ac-
curacy or open-set discrimination, our method achieves substantial improvements on both
objectives.

2 Primary-Auxiliary Filtering and Knowledge-Integrated
Prediction

We first present the preliminaries in section 2.1, followed by the motivation in section 2.2.
Then, we introduce our proposed methods, Primary-Auxiliary Filtering (PAF) and Knowledge-
Integrated Prediction (KIP), in section 2.3 and section 2.4, respectively.

2.1 Preliminary

Let the source domain dataset with the label space ) = {1,---,Cs} be denoted as Dy =
{xi, y,'}?i 1> and the test domain dataset be denoted as D; = {x;,y j}l}l’zl. If the label space of
the test domain dataset ) is the same as ), it represents a standard closed-set TTA scenario.
In contrast, open-set TTA refers to the setting where ) C ), meaning that the label set of
the test domain includes additional open-set classes.

For TTA, a source pre-trained model fg, trained on Dy is given. The model deployed in
the environment encounters streaming test batch X, at time ¢ for inference. Since the test
batch does not have any labels, most TTA models minimizes the entropy of prediction as
follows:

min Lz74(x) = Y H(fo (), (D

xeXy

where H(-) denotes the entropy. However, in the OSTTA scenario, the presence of open-
set data makes it undesirable to increase the reliability of all data. To address this problem,
existing OSTTA studies filter data based on confidence for test-time training as follows:
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r%inﬁosrm (x) = Z {]I[conf(x) > 1]-H(fo,(x)) — - I[conf(x) < 7]-H(fg,(x)) |, (2)
t

xeXy

where conf(-) is a function that measures the confidence of data, such as entropy or com-
parison with the source model, and 7 is a confidence threshold. When o = 0, the OSTTA
method disregards low-confidence data [10, 14, 21], while for o > 0, it maximizes the en-
tropy of low-confidence data [8].

2.2 Motivation

While UniEnt has demonstrated the effectiveness of entropy maximization, we found that it
relies on source knowledge for filtering and incorrectly identifies many closed-set samples
as open-set. Furthermore, we observed that incorporating domain knowledge into training
is prone to error accumulation. To validate this observation, we conduct experiments in a
continual test-time adaptation setting, where CIFAR-100-C and Textures-C are used as the
closed-set and open-set datasets, respectively. The model sequentially adapts to 15 different
domains, and we update only the batch normalization layers. The domain changes every
100 batches, with transition points indicated by dashed lines in fig. 1. “Wrongly filtered
closed-set” in fig. 1(a) and fig. 1(b) refers to the proportion of closed-set samples that were
incorrectly assigned low confidence and trained with the entropy maximization loss.

Limitation for using fixed source model for measuring confidence. As mentioned ear-
lier, existing methods rely on fixed source domain knowledge to measure conf(+). Figure 1(a)
shows the proportion of closed-set samples that were incorrectly assigned low confidence
and trained with the entropy maximization loss. Since they fail to incorporate test domain
knowledge, they assign low confidence even to many closed-set samples. As a result, more
than half of the closed-set data receive lower confidence scores than open-set data and are
incorrectly trained with the entropy maximization loss.

Using the adapting model causes error accumulation. One simple way to utilize test
domain knowledge for confidence measurement is to use the adapting model. We applied a
strategy that selects the loss based on the confidence of the adapting model. Specifically, we
designed a method that determines whether to apply entropy minimization or maximization
using the entropy of the adapting model fg, (x) as follows:

Ladapt(x) = Y, {H[H(fet(f)) <t -H(fq (%)) ~I[H(fo (%)) > 7] 'H(fet(i))}v 3)

xeX;

where ¥ is an augmented view of x. Following the confidence threshold used in previous
methods [17], we set T = 0.4 x log(C), where C denotes the number of classes. Since this
method directly utilizes the knowledge of the adapting model for filtering, it can immediately
reflect the characteristics of each test domain. As shown in fig. 1(b), it achieves high filtering
accuracy during the first 300 test batches. However, as more test batches accumulate, error
accumulation occurs, leading to a significant drop in filtering accuracy. As a result, the model
performance significantly degrades as training progresses, as shown in fig. 1(c).

EMA enables stable filtering but exhibits suboptimal performance. Inspired by Mean

Teacher [18], which addresses a similar confirmation bias issue in semi-supervised learn-

ing, we found that the EMA model fFMA (x) obtained by aggregating the parameters of the

adapting model can provide more stable filtering. For each test time step ¢, the EMA model
EMA () is updated as follows:
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PMAX) =B N @)+ (1= B) - fo, (%), 4)

where f is the decay rate that determines the weight of past parameters in the EMA model.
Instead of using the adapting model, which causes error accumulation, we designed a strategy
that utilizes the entropy of the EMA model as a confidence measure, as follows:

Lema(x) = Z |:H [H( tEMA(i» < T] 'H(fet ()Z)) _H[H( tEMA(i)) = T] H(fet(‘f)):| - (5

xeX;

The green graph in fig. 1(b) represents the filtering results of the EMA model, while the
green graph in fig. 1(c) shows the overall performance. Since the EMA model aggregates
the adapting model over multiple time steps, it reduces the rapid propagation of errors and
provides more stable filtering.

However, unlike semi-supervised learning where Mean Teacher [18] is used, the EMA
model in a continually shifting TTA environment accumulates knowledge from past do-
mains. As a result, the EMA model still exhibits suboptimal filtering performance. In prac-
tice, the filtering behavior of the EMA model fluctuates significantly across different do-
mains, and before error accumulation occurs (before 300 batches), its filtering performance
is lower than that of the adapting model. To address this, we propose a method that leverages
both the adapting model, which effectively reflects current domain knowledge but is prone
to error accumulation, and the EMA model, which provides stable filtering. As shown in
fig. 1(b) and fig. 1(c) (red graph), our approach maintains consistently high filtering perfor-
mance across domains while preventing error accumulation over time.

2.3 Primary-Auxiliary Filtering

As aforementioned, using the adapting model or the EMA model individually for filtering
has distinct limitations. Therefore, we propose Primary-Auxiliary Filtering (PAF), which
leverages both models for filtering. PAF is a simple yet effective method. First, we define
the primary filter F},.(x) that utilizes the adapting model fy, (x), and identify each sample as
follows:

Forlx) = I[H(fo,(8)) < 7. (©)

A sample x is identified as a potential open-set sample if F,.(x) = 0. However, directly
applying entropy maximization to these samples leads to error accumulation. To mitigate
this issue, we perform an additional filtering step using the stable EMA model fEMA(x) as

an auxiliary filter. Similar to F),,(x), the auxiliary filter F,,, is defined as follows:

F(x) = H[H( EMA (7)) < 1], 7

where the only difference is that the EMA model is used instead of the adapting model. Fi-
nally, samples for which both filters output O are trained with entropy maximization. Mean-
while, samples with F},.(x) = 0 but F,,(x) = 1 are identified as potentially prone to error
accumulation and are excluded from training.

Conversely, if Fp,(x) =1, the sample x is identified as a closed-set instance. However, we
found that applying double filtering with F,,,(-) may lead to overly conservative training or
even underfitting. Nevertheless, relying solely on F,,(-) may still result in incorrect training.
To address this, we propose a soft filtering method that softly integrates Fy,,(-) into training
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for samples identified as closed-set. Specifically, we integrate the confidence from the EMA
mode f,EMA into entropy minimization by weighting the loss as follows:

1
exp[H (ffMA(%)) — 7]’

Wso ft (x) = (®)

which assigns higher weights to high-confidence samples above the threshold [17]. The
weight computed as above is multiplied by the entropy minimization loss. In other words, for
data that F),.(-) considers reliable, the influence on training increases as the EMA model as-
signs higher confidence. Conversely, if the entropy from the EMA model exceeds the thresh-
old, a small weight is assigned to the loss. We further analyze the effects of soft and hard
filtering. Finally, our proposed loss Lpsr(x) is defined as follows:

nbinEPAF(x) = Z [H[Fpr(x) =1]-wyop (x) - H(fo,(%))
d xeXy (9)

= @ T[(Fpr(x) = 0) A (Fua() = 0)] - H (fo,(5))].

With Lpar (-), we update only the batch normalization layers of the model. On the other hand,
previous OSTTA studies [8, 21] output the open-set score of each sample to validate the
open-set discrimination performance. Therefore, we output the energy score of the adapting
model as the open-set score for fair comparison.

2.4 Knowledge-Integrated Prediction

As mentioned in section 2.2, the adapting model can respond quickly to distribution shifts,
whereas the EMA model provides more stable and reliable predictions. Many existing TTA
methods leverage either the adapting model [8, 17, 19, 21] or the EMA model [20, 24].
Notably, RMT [6] ensembles both models during inference to exploit these complementary
strengths.

However, both models have limitations for inference in the OSTTA setting. Although
PAF significantly improves filtering accuracy as shown in fig. 1(b), some samples are still
incorrectly filtered. This may be attributed to the fact that the model is trained to suppress
the confidence of certain closed-set logits, which degrades its predictive performance on
closed-set samples near the decision boundary.

Although the source model fy,(-) is not adapted to the target domain, it is important to
highlight that it has never encountered open-set samples. Therefore, we propose Knowledge-
Integrated Prediction (KIP), which calibrates the outputs of the source, adapting, and EMA
models to produce more reliable predictions. We design a per-sample weighted prediction
scheme, where the weight assigned to each model’s output is determined by comparing its
confidence to the average confidence across all models. If a model yields a lower confidence
for a given sample, its importance in the ensemble is reduced relative to uniform averaging,
and vice versa. Specifically, we define the weight ¢;(x) assigned to the i-th model as follows:

3 max X
i) = + 4y (max(pi(x)) — 3, TP, (10)
b=

Without loss of generality, we denote the probability vectors from the source, adapting, and
EMA models as pj(x), pa(x), p3(x). The hyperparameter ¥ controls the sharpness of the
weights. Since the upper bound of entropy depends on the number of classes, we instead
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Table 1: Results of various methods on CIFAR10-C benchmarks with different open-set
datasets. All values are averaged over 15 domains. Bold indicate the best results, underline
indicate the second-best, and red numbers represent the improvement over the previous best.

| SVHN-C | TinyImageNet-C | Places365-C | Textures-C

‘ ACC AUR H-S ‘ ACC AUR H-S ‘ ACC AUR H-S ‘ ACC AUR H-S
Source 81.73 77.89 79.76 81.73 80.43 81.07 81.73 83.60 82.65 81.73 82.60 82.16
TENT 78.05 67.64 72.47 56.91 62.44 59.55 4931 55.83 52.37 65.92 64.68 65.29
CoTTA 85.23 8291 84.05 85.88 79.20 82.40 85.01 82.71 83.84 83.17 79.44 81.26
EATA 84.47 82.24 83.34 84.97 78.07 81.37 84.65 80.63 82.59 82.45 76.27 79.24
RoTTA 85.08 82.97 84.01 85.12 80.09 82.53 85.09 8233 83.69 84.80 80.89 82.80
SoTTA 69.52 46.91 56.02 79.98 63.03 70.50 79.46 63.23 70.42 69.97 49.62 58.06
OSTTA 84.11 71.98 71.57 85.29 71.18 77.60 84.69 73.09 78.46 83.07 66.79 74.05
STAMP 82.95 73.27 77.81 86.83 79.72 83.12 85.65 80.19 82.83 81.48 66.09 72.98
UniEnt 84.56 90.21 87.29 85.19 84.43 84.81 84.74 89.42 87.02 82.36 85.60 83.95
UniEnt+ 83.98 92.94 88.23 84.19 85.53 84.85 84.24 90.77 87.38 81.21 88.36 84.63
Ours ‘ 87.49:226 97.66+4.72 92.30:4.07 ‘ 88.26+1.43 90.61-5.08 89.424457 ‘ 88.35:270  94.2443.48 91.20:3.52 ‘ 87.80:3.00 97.71:935 92.49:756

Table 2: Results of various methods on CIFAR100-C with different open-set datasets.

| SVHN-C | TinyImageNet-C | Places365-C | Textures-C

‘ ACC AUR H-S ‘ ACC AUR H-S ‘ ACC AUR H-S ‘ ACC AUR H-S
Source 5325 60.55 56.67 53.25 68.91 60.08 53.25 66.92 59.31 53.25 6237 5745
TENT 20.76 67.69 31.77 20.91 56.87 30.58 19.85 59.50 29.77 22.86 61.13 3328
CoTTA 55.44 74.07 63.42 57.61 68.97 62.78 55.21 71.94 62.47 52.13 65.01 57.86
EATA 52.81 70.79 60.49 54.25 68.00 60.35 53.69 70.81 61.07 49.75 57.88 5351
RoTTA 59.74 75.53 66.71 60.00 70.74 64.93 60.05 70.14 64.70 59.27 7233 65.15
SoTTA 39.48 65.74 49.33 41.52 61.25 49.49 43.20 60.01 50.24 52.31 5732 54.70
OSTTA 60.24 75.68 67.08 61.60 71.20 66.05 60.35 72.72 65.96 59.57 66.43 62.81
STAMP 59.51 92.61 72.46 64.25 73.16 68.42 62.89 74.23 68.09 54.32 39.79 45.93
UniEnt 59.24 88.91 71.10 60.34 73.87 66.42 59.11 78.10 67.29 57.02 7391 64.38
UniEnt+ 58.74 91.03 71.40 60.24 74.21 66.50 58.90 78.64 67.35 56.58 74.55 64.33
Ours ‘ 62.59+235 97.61:5.00 76.27+351 ‘ 63.79-0.46 84.16+9.95 72.57+4.15 ‘ 62.94:005 85.25:508  72.424433 ‘ 62.81:3.24 94.54:19.99 75.48:10.33

use the maximum class probability, whose upper bound is independent of the number of
classes. Finally, the aggregated logit z;,(x) is computed as:

3
2ip(x) = Y ci(x) - zi(x), (11)
i=1
where z;(x) denotes the logit of the i-th model. Since the source model was not trained with
augmentations, it operates on the original input x rather than the augmented version *.

3 Experiments

3.1 Experiments Setup

Setting and Datasets. Following previous studies, we select three types of corrupted datasets
as closed-set datasets. CIFAR10-C [4] is derived from the CIFAR1O0 test data with 15 types
of corruption, containing 10 classes. Similarly, CIFAR100-C and ImageNet-C [4] are based
on the CIFAR100 and ImageNet test datasets. Each corruption has an intensity level rang-
ing from 1 to 5, and we use the highest level. For CIFAR benchmarks, we use SVHN-C
[16], Tiny-ImageNet-C [13], Places365-C [25], and Textures-C [3] as open-set datasets.
For ImageNet-C [5], we use Places365-C and Textures-C. All open-set data were resized
to match the size of the closed-set data and had the same types of corruption applied as the
closed-set. Following prior studies [8, 14, 21], we assume a continual OSTTA environment,
where domains change continuously, and open-set and closed-set data are mixed at a 1:1
ratio. The model sequentially adapts to each of the 15 corruption domains, and no reset is
performed throughout the adaptation process.

All models are provided by RobustBench [4] and are pre-trained on a clean dataset using
AugMix augmentation. For CIFAR benchmarks, the WideResNet-40-2 [23] architecture is
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Table 3: Results of various methods on ImageNet-C Table 4: Ablation study of F},,,

benchmarks with different open-set datasets. F,.. and KIP.
| Places365-C | Textures-C Fpr Fou KIP ‘ ACC AUR H-S
‘ ACC AUR H-S ‘ ACC AUR H-S

Source 28.22 67.86 39.86 2822 71.55 40.48 X X X ‘20'76 67.69 31.77

TENT 41.28 65.91 50.77 35.12 47.30 40.31

CoTTA 41.41 72.64 5275 40.81 70.05 51.57 o X X 2627 82.98 3991
EATA 4699 78.95 5891 B4 65.62 5226 X v/ X |5583 97.11 70.90
ROTTA 44.15 72.14 54.78 45.13 77.60 57.07 v o/ X | 5827 97.61 72.98
SoTTA 266 50,49 5.05 259 40.46 4.87
OSTTA 47.05 75.62 58.01 45.03 61.73 52.07 v v v | 6259 97.61 76.27
STAMP 46.88 80.11 59.15 47.49 80.59 59.76
UniEnt 46.16 78.81 58.22 44.46 64.01 5247
UniEnt+ | 45.82 78.75 57.93 4.3 63.50 52.14
Ours | 4822.17 8418407 61320217 | 4796047 82912 60.77:101

used. During TTA, a batch size of 200 and the Adam [12] optimizer with a learning rate of
0.001 are utilized. For ImageNet benchmarks, the ResNet-50 [11] architecture is used, with
a batch size of 64 and the SGD optimizer with a learning rate of 0.00025. Note that SOTTA
and STAMP are implemented with the SAM optimizer [7] as in the original paper, and their
learning rates are maintained as specified in the respective studies.

Evaluation protocols. We evaluate both the classification capability on closed-set data and
the discrimination ability for open-set data. The classification performance on closed-set data
is measured using classification accuracy (ACC). For open-set discrimination ability, we use
the area under the ROC curve (AUR), calculated based on the open-set scores generated
by the model for each data point. Following prior studies, the energy score is used for all
methods. To combine both metrics, we use the harmonic mean (H-S) of ACC and AUR.
We compare our method with nine TTA methods, including open-set TTA approaches. The
hyperparameters for each method are set as closely as possible to those in the original papers.

Implementation details. We use simple random crop and horizontal flip augmentations.
The loss balancing hyperparameter « is set to 2.0 and 0.7 for CIFAR and ImageNet, re-
spectively. Following Mean Teacher [18], we set § as 0.999. ¥ is set to 0.1. While several
OSTTA methods employ dataset-specific thresholds, we set 7 to 0.4 x log(C) across all set-
tings, where C is the number of closed-set classes, following [17]. We later show that our
method is robust to hyperparameter selection.

3.2 Results

CIFAR benchmarks. Table 1 shows the results of adding various open-set datasets to an
environment where CIFAR10-C is used as the closed-set dataset. Existing methods achieve
strong performance in only one of the two metrics. Generally, ROTTA and STAMP, which
focus on stable learning for closed-set data, exhibit high ACC but lower AUROC. In con-
trast, UniEnt and UniEnt+ tend to have relatively lower ACC but higher AUROC. Never-
theless, our method consistently improves performance across all scenarios. In particular,
when Textures-C was used as the open-set dataset, our method demonstrates a performance
increase of 3.00%p in ACC and 9.35%p in AUROC.

Table 2 presents the evaluation results where CIFAR100-C serves as the closed-set dataset.
Similar to CIFAR10-C, methods focused on stable learning exhibit high ACC but lower AU-
ROC, while UniEnt shows relatively lower ACC but higher AUROC. On the other hand, our
method achieves performance improvements across most cases. Notably, when Textures-C
is used as the open-set dataset, our approach achieves 19.99%p higher AUROC than the best
existing method. This indicates that our method effectively handles open-set data and allows
the model to achieve strong discriminative capability.
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pendent models used in KIP.

90—, 90 ——
< <
S 90 S 80
b 7
BT B previous SOTA - T ;0| —=— proposed

—=— proposed STAMP
8
2100 1.25 1.50 1.75 2.00 2.25 2.50 020 0.25 0.30 0.35 040 045 0.50 0.55 0.60
a values T values (xlog(C))

Figure 3: H-score with various loss- Figure 4: H-score with various entropy
weighting hyperparameters o¢ thresholds 7

ImageNet benchmarks. Table 3 presents the results of adding various open-set datasets
to an environment where ImageNet-C is used as the closed-set dataset. ImageNet-C poses
a more challenging task due to its 1000 classes and larger image size. As a result, UniEnt
achieves relatively low AUROC, even when entropy maximization is applied to low-confidence
samples. However, our method still achieves superior performance. Notably, in the environ-
ment where Places365-C is the open-set dataset, our approach significantly improves the
H-score.

3.3 Further Analysis

Ablation study for F},,, F,x, and KIP. Table 4 shows the ablation study of the main com-
ponents of our method, using CIFAR100-C as the closed-set and SVHN-C as the open-set
dataset. Without any filtering, the model minimizes the entropy of open-set samples, leading
to severe performance degradation. Using only F), leads to confirmation bias, while Fy,,
prevents error accumulation but fails to incorporate target-domain knowledge, resulting in
lower accuracy. In contrast, combining both as a primary-auxiliary filter improves both met-
rics. Finally, integrating all components yields further improvements in both metrics.

Soft filtering and hard filtering. Table 5 presents the H-score on different filtering combi-
nations. The best performance is achieved by applying soft filtering for entropy minimization
and hard filtering for entropy maximization. Not rejecting samples during entropy maximiza-
tion significantly degrades performance, while using hard filtering during entropy minimiza-
tion leads to overly conservative learning and reduced accuracy.

Ablation study of models used in KIP. Figure 2 presents the accuracy of three models
across different domains, along with the performance of KIP. ImageNet-C and Textures-C
serve as the closed-set and open-set datasets, respectively. When each model is used inde-
pendently, the performance remains suboptimal. In particular, learning from the open-set
causes the performance of the adapting model to temporarily drop below that of the source
or EMA model. In contrast, KIP effectively calibrates unstable knowledge and achieves a
significant improvement. A detailed ablation and effectiveness analysis of KIP is presented
in the appendix.

Hyperparameter sensitivity. Figures 3 and 4 present experiments on loss weighting hy-
perparameters ¢ and threshold 7. CIFAR10-C and SVHN-C are used as the closed-set and
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open-set datasets, respectively. Our method consistently achieves higher H-scores than exist-
ing approaches across all settings and remains robust to the choice of both hyperparameters.

4 Conclusion

In this study, we propose PAF, which substantially mitigates error accumulation during sam-
ple filtering in OSTTA. We also introduce KIP, a simple and effective strategy to enhance
inference in OSTTA. Unlike prior approaches that rely on extensive data augmentations [21]
or require full model fine-tuning [20, 22], our method is efficient, requiring only a few for-
ward passes and updating only batch normalization layers. Moreover, unlike replay buffer-
based methods [10, 21, 22] that store test samples during inference, our approach operates
without any external data buffer, making it more suitable for privacy-sensitive applications.
Our method achieves strong performance on the CIFAR and ImageNet benchmarks.
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