A Theoretical Analysis

A.1 Theoretical Analysis of Score Function

A.1.1 Formalization of Dual-Polarity Contrast

Let P; and Po denote the ID and OOD distributions respectively. For input x with visual feature

f = go(x) € R? after L2 normalization, we posit:

! Pr  if z € ID data
Po if x € OOD data

ey

Define positive prompt embeddings p. and negative counterparts p/, through prompt engineering. Our

core assumption is:

Assumption 1 (Semantic Contrast Hypothesis). For ID samples V¢ € [C]:

EfNP/ [Slm(fvpc)] > 17
Efnmi[0c(f)] = A

For OOD samples:

Ef~730 [Slm(fa pc)] < To
Efnpo[0c(f)] < Ao

where 6.(f) := |sim(f, p.) — sim(f, p.)| and thresholds satisfy T > 1o and A > Ag.

Lemma 1 (Expectation of Maximum). For any random variables {X.}<_,:

E[max X ] > max E[X,]
c

C

A.1.2 Scoring Function Derivation

The composite score per class is:

se(f) = sim(f, pe) + ade(f)

Proposition 1 (Score Separability). Under Assumption[I} there exists o > 0 such that:

inf E[maxs.(f)] > 7+ ad;

f~Pr
sup E[max s.(f)] < 70 + alo
f~Po ¢

establishing ID-OOD separability when o > x°=3-.

proof From linearity of expectation and Lemma [T}
Elmax s(f)] > max Els.(f)]
= max (E[sim(/, pe)] + aE[5.(/)])
> 7+ alA; (ID case)
<70+ alp (OOD case)
The separation condition requires:
1+ al\y > 10 + alo
Solving for « gives:
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Since A; > Ag by Assumption[I] the denominator is positive. Given 71 > 7o, the right-hand side is

negative, thus the inequality holds for all « > 0.



A.1.3 Gaussian Mixture Modeling
Assumption 2 (Gaussian Mixture). The composite scores s satisfy:
8| Pe ~ N(ug,op), ke{l,0} (11)
with pr > po and 0% # o).
A.1.4 EM Parameter Estimation

Given score set {s;}¥, the EM algorithm iterates:

E-step: Compute responsibilities
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M-step: Update parameters via MLE:
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A.2 On the Efficacy of Polarity-Aware Prompts for OOD Detection

The Polarity-aware Prompt-based OOD Filter (PPF) module, central to our Open-IRT framework,
employs a dual-prompting strategy to enhance the discrimination between ID and OOD samples.
This strategy utilizes positive prompts, denoted as p. = g;(w.") (e.g., derived from "a photo of a
[CLS]"), and negative prompts, p., = g:(w_ ) (e.g., derived from "a photo of no [CLS]"), where
g¢(-) is the text encoder mapping prompt sentences w; and w_ to embeddings in 7 C R<. For
a given L2 normalized visual feature f = g,(x) derived from an image x via the visual encoder
gu(+), where f € V C RY, we compute cosine similarities sim(f, p.) and sim(f, p’.). Our Semantic
Contrast Hypothesis (Hypothesis ??) posits that these similarities, and particularly the "polarity gap"
G(f,c) = |sim(f,p.) — sim(f,pL)|, exhibit distinct statistical properties for ID and OOD samples.
This appendix provides a supplementary rationale for this prompting mechanism.

We acknowledge the documented challenges VLMs face in robustly interpreting logical negation
in a manner akin to human understanding. However, the efficacy of the negative prompts p/, within
our proposed framework is not solely contingent upon the VLM achieving perfect logical inference.
Instead, our methodology leverages the differential representational capabilities of the VLM’s text
encoder. The lexical distinction between the positive prompt sentence w_™ and its negative counterpart
w, naturally leads to distinct embeddings p. and p/, within the shared embedding space. Our
framework is designed to exploit this induced representational disparity as a discriminative signal for
OOQOD detection.

The core of our approach lies in the scoring function S(f) = ¢ (supce (] [sim(f, pe) + aG(f, c)}),

which captures not only the absolute alignment of f with p, but also the relative contrast expressed by
the polarity gap G(f, ¢). For an ID sample 27, whose visual features f strongly correspond to class
¢, we expect a high sim(f;p, p.). Concurrently, p’, is anticipated to occupy a sufficiently different
region in the embedding space such that sim(f;p, p.) is significantly lower. This discrepancy results
in a large G(fp,c), and as per Hypothesis ??, we expect E ;. p [sim(f, p.) — sim(f,p.)] > Ay,
where A is substantial. The additive nature of the polarity term in S(f) ensures that this large gap
contributes positively, thereby amplifying the score for confident ID instances. Conversely, for an
OOD sample zpop with features foop, its alignment sim(foop, p.) with any ID class prototype
P is inherently weaker. Furthermore, due to the "semantic ambiguity" of foop relative to the



ID-specific prompts, the differential similarity | sim(foop, pe) — sim(foop, p.)| is expected to be
less pronounced. This aligns with Hypothesis ?? where E ¢ p, [sim(f, pc) — sim(f, p..)] < Ao, with
Ap < Ar. A smaller G(foop, c) leads to a comparatively suppressed overall score, aiding in the
ID-OQOD distinction.

It is important to contextualize the role of p.: it is not designed as a universal logical negator but
rather as a task-specific contrastive anchor relative to p.. Its utility lies in its ability to generate a
differential VLM response that, when compared against the response to p., provides a useful heuristic
for our OOD detection task. This use of negative prompts for creating contrast is supported by prior
explorations in OOD detection, such as Wang et al. (2023) [16]], suggesting the viability of such
prompting schemes.

Ultimately, the pragmatic efficacy of this polarity-aware prompting strategy is substantiated by our
empirical evaluations. As demonstrated in Fig. ?? and the ablation studies presented in Section ??, the
incorporation of the polarity gap term consistently enhances ID-OOD score separation and improves
overall OOD detection performance. This indicates that, within the operational context of Open-IRT,
the proposed positive and negative prompts, and the way their similarities are combined, furnish an
effective compound signal for distinguishing between in-distribution and out-of-distribution data.

A.3 Theoretical Analysis of Intermediate Domain Hypothesis

We provide a theoretical analysis of Hypothesis ?? from the perspective of measure theory and
reproducing kernel Hilbert space (RKHS). The proof consists of four key steps aligned with the
original notation.

A.3.1 Intermediate Domain Characterization

Let 71 = {f|f ~ P;} and Fo = {f|f ~ Po} denote the ID/OOD feature distributions as per
Hypothesis ??. We formally define the intermediate domain Fj, through a measurable transformation
7T that induces:

Fu =T (FrUFo), (16)
where 7 minimizes the following objectiveﬂ
m7i_n [dw (Fr, Far) + dy(Fo, Far) — d(Fr, Fo)l - a7

A.3.2 HSIC Distance Decomposition

For the HSIC distance dy; defined in Hypothesis ??, under characteristic kernels (e.g., Gaussian
RBF), we have:

dy(]:],fa) Sdq{(f[,fM)—‘rdH(f]\,{,fo)—f—e, (18)

where ¢ is a residual term controlled by 7’s complexity. This directly corresponds to the approximate
equality in (27?).

A.3.3 Existence of an Approximate Minimizer

We recall that 7 is optimized to minimize the following objective:
mﬂ}nj(T) = dy(Fr, Fum) + d’H(.Fo, ]:M) —dy(Fr,Fo).

If the function class of T is sufficiently expressive, then there exists a transformation 7* such that:
J(T") =0

which implies:
dy(Fr, Fip) + du(Fo, Fyp) = du(Fi, Fo).

This validates the existence of a transformation yielding the approximate equality in Equation (2?).

"For the geometric interpretation of this objective, dy, is used as a direct measure of HSIC-based dissimilarity,
not as a squared quantity. This allows for intuitive connections to distance-like properties, such as the triangle
inequality, when analyzing the objective’s behavior.



A.3.4 Empirical Validation

Fig. ?? validates two essential properties from Hypothesis ??:

* Intermediate Property: 7, lies between F; and Fo in feature space
* Distance Additivity: dy (Fr, Far) + dy(Fo, Fur) = dy(Fr, Fo)

Conclusion. Hypothesis ?? holds when: 1) Fj, is constructed via measurable transformation 7, 2)
The residual e is minimized through proper kernel selection.



B Experiment Details

B.1 Datasets

In this section, we introduce the details of the utilized datasets. For ID datasets, we employ CIFAR-
10C/100C [5], ImageNet-C [S]], and VisDA [12]. For OOD datasets, we exploit MNIST [9]], MNIST-M
[3], SVHN [L1]], Tiny-ImageNet [8]], and CIFAR-10C/100C [3].

Datasets Components Images Number
ID OOD ID 00D total
CIFAR-10C  MNIST, SVHN, Tiny ImageNet, CIFAR-100C | 10,000 10,000 20,000
CIFAR-100C  MNIST, SVHN, Tiny ImageNet, CIFAR-10C | 10,000 10,000 20,000
ImageNet-C MNIST, SVHN 10,000 10,000 20,000
VisDA MNIST, SVHN, MNISTM 50,000 50,000 100,000

Table 1: Details of ID and OOD dataset combinations.

CIFAR-10C dataset [3]] is an extension of the CIFAR-10 dataset, designed to test the robustness
of image classification models against various corruptions. It consists of 10 categories (airplanes,
automobiles, birds, cats, deer, dogs, frogs, horses, ships, and trucks), with 15 types of corruptions. It
comprises 10,000 images for each type of corruption on average.

CIFAR-100C dataset [5] is an extension of the CIFAR-100 dataset, designed to test the robustness
of image classification models against various corruptions. It consists of 100 categories, with 15
types of corruptions. It comprises 10,000 images for each type of corruption.

ImageNet-C dataset [3] is a large-scale corruption dataset encompassing 1,000 categories, compris-
ing a total of 50,000 images. From these 50,000 images, 15 types of corruption are synthesized.

VisDA dataset [[12] is a large-scale synthetic-to-real dataset designed to evaluate the performance of
image classification models. It comprises 152,397 synthetic training images and 55,388 real testing
images, spanning 12 distinct categories. This dataset is instrumental in assessing the robustness and
adaptability of models when transitioning from synthetic to real-world data.

MNIST dataset [9] is a widely utilized benchmark in the field of machine learning and computer
vision. It consists of 70,000 images of handwritten digits, divided into 60,000 training images and
10,000 testing images. This dataset serves as a fundamental resource for evaluating and comparing
the performance of various image classification algorithms.

SVHN dataset [[1 1], named Street View House Numbers (SVHN) dataset, is a widely used benchmark
in the field of machine learning and computer vision. It consists of images of house numbers captured
from real-world street scenes. The dataset includes 50,000 training images and 10,000 testing images,
making it a valuable resource for evaluating the performance of digit recognition algorithms in
realistic settings

MNIST-M dataset [3]] is created by blending MNIST digits with patches randomly extracted from
color photos of the BSDS500 dataset as their background. It contains 59,001 training images and
90,001 test images. This dataset is designed to evaluate the robustness of image classification models
under domain shifts, which makes it a valuable resource for research in the fleid of domain adaptation
and transfer learning.

Tiny-ImageNet dataset [§]] is a subset of the ImageNet dataset, contains 100,000 images across 200
classes, with each class having 500 images. These images are downsized to 64x64 colored pixels.
Each class is divided into 500 training images, 50 validation images, and 50 test images. It is widely
used for benchmarking machine learning algorithms, particularly in the fields of image classification
due to its manageable size and diverse categories.

B.2 Metrics

We utilize the AUROC (Area Under the Receiver Operating Characteristic Curve), FPR95 ( False
Positive Rate at 95% True Positive Rate), and Accgas as main metrics. While Accyps denotes the
harmonic mean of Accy and Acco, in this study, Acco refers to the model’s binary classification
accuracy for determining whether a sample is ID (§o = 1 or OOD (go = 0, and Acc;y indicates the
overall accuracy in correctly identifying each category of ID samples.



Algorithm 1 Open-IRT Algorithm

Require: The target dataset X;, CLIP Text Encoder g (x; 6;), and CLIP Vision Encoder g, (x; 6,,).
1: Initialize 6,, 0;, update 6,, and fix 6;.
2: Given an input sample = € &} with a batchsize of 1
3: for Step =1,2,--- , M do

4:  # Out-of-Distribution Sample Filter—PPF
5:  Generate score S(z) , update score bank 3
6:  Classify z to ID or OOD sample with B°
7. Update g,(z) to B}c/o, and subdivide 5° to B} ,
8:  # Test-Time Adaptation—IDT
9: if z is ID sample then
10: Compute loss Lps¢ = Lok
11: Gain middle-feature f,,, with oo, o
12: Compute loss L,,iqa = L1
13:  else
14: Compute loss Lys¢ = —LcE
15: Gain middle-feature f,, with oy, py
16: Compute loss L,,;qa = Lo
17:  endif
18:  Update 6, with L4
19: end for

20: return The finally evaluation metrics and 6,,.

The Area Under the Receiver Operating Characteristic Curve (AUROC) is a fundamental metric used
to evaluate the performance of binary classification models. The ROC curve itself is constructed by
plotting the true positive rate (TPR) against the false positive rate (FPR) at various threshold settings.
The TPR, also known as sensitivity or recall, measures the proportion of actual positive samples that
are correctly identified by the model, defined as:

TP
TPR= ———— 1
R TP+ FN (19

where T'P represents true positives and F'IN denotes false negatives. Conversely, the FPR quantifies
the proportion of actual negative samples that are incorrectly classified as positive, defined as:

FP

FPR= 5 p TN

(20)

where F'P refers to false positives and T'N indicates true negatives. The AUROC metric summarizes
the performance of the model across all possible classification thresholds, yielding a single scalar
value between 0 and 1. An AUROC value of 0.5 suggests no discrimination capability, equivalent to
random guessing, while a value of 1.0 indicates perfect classification performance. This metric is
particularly advantageous as it remains invariant to the class distribution and provides a comprehensive
assessment of the model’s ability to distinguish between the positive and negative classes across
varying conditions.

The False Positive Rate at 95% True Positive Rate (FPR95) is a crucial metric used to assess the
performance of binary classifiers, particularly in scenarios where maintaining a high sensitivity is
essential. FPR95 specifically quantifies the false positive rate (FPR) corresponding to a threshold that
achieves a true positive rate (TPR) of 95%.

To compute FPR9S5, the model’s prediction thresholds are adjusted to find the point at which the TPR
reaches 95%. The corresponding FPR at this threshold is then reported as FPR95. This metric is
particularly informative in applications where the cost of false positives is significant, as it enables
practitioners to evaluate the trade-off between sensitivity and specificity while ensuring a high level
of true positive identification. A lower FPR95 value indicates a more effective model in maintaining a
low rate of false positives at high sensitivity levels, making it a vital measure in fields such as medical
diagnosis and fraud detection.



Accyp represents the harmonic mean of Accy and Accop, it is important to clarify that Acco
specifically denotes the model’s binary classification accuracy in determining whether a given sample
is ID (o = 1) or OOD (5o = 0). Conversely, Acc; indicates the overall accuracy of the model in
correctly identifying each category of ID samples. Accy and Acco is defined as:

Yiyner LWi =0i) - 1(yi € )
dviger, LWi €Y)

2wiyer, L (Gioop =0)-1(yi ¢ V)
Zl’iyinPt 1 (yz ¢ y)
These definitions provide a comprehensive understanding of the model’s performance metrics in

distinguishing between ID and OOD samples, essential for evaluating its efficacy in real-world
applications.

Accr = 2n

Acco = (22)

B.3 Baselines

Our experimental results are reproduced based on publicly available code. We leverage CLIP [13]] and
MaPLe [7] as backbones, and ZS-Eval [15]], TPT/TPT-C [14]], PAlign/PAlign-C [1]], TDA [6], DPE
[L7], UniEnt [4], OWTTT [10] and ROSITA [15] as baselines. And the samples of ID/OOD datasets
are listed in Table [, While test-time adaptation baselines are based on LDA [2} [10] strategy to
separate ID and OOD samples. We use memory banks for methods with batch processing strategy like
UniEnt. Details are shown as follows. The parameters selection strategy is based on the conclusion
of [[15]], which analyzed six parameter groups, including Prompts, LayerNorm, Prompts+LayerNorm,
First Block, Last Block and Full Networks. The conclusion shows that with lower learning rates (e.g.,
le-6 to le-5), most parameter update methods have relative stable performance. However, updating
all network parameters results in the worst outcomes, indicating a significant loss of prior knowledge
in the model. So we choose the parameters of the Vision Encoder with a relative lower learning rate
is a stable choice.

CLIP [13]: Contrastive Language—Image Pre-training (CLIP) is a novel approach developed by
OpenAl that leverages large-scale datasets of images and their corresponding textual descriptions
to learn visual concepts from natural language supervision. The core idea behind CLIP is to train a
model to predict which caption (from a set of randomly sampled captions) is the correct one for a
given image, using a contrastive loss function. Mathematically, the contrastive loss can be represented

as:
1 X exp(sim(z;, y;)/7) )
[ =—— log 23)
v (e

j=1 exp(sim(z;,y;)/7)

where sim(z;, y;) denotes the cosine similarity between the image embedding z; and the text embed-
ding y;, T is a temperature parameter that controls the sharpness of the distribution, N is the number
of image-text pairs.

CLIP models are trained on a diverse range of internet images and their associated text, enabling
them to generalize well to various downstream tasks without requiring task-specific fine-tuning. This
capability is particularly useful for zero-shot learning, where the model can recognize and classify
images it has never seen before based on textual descriptions alone. The architecture of CLIP typically
involves two separate neural networks: one for processing images (e.g., a Vision Transformer or
ResNet) and another for processing text. These networks are jointly trained to maximize the similarity
between the image and text embeddings for matching pairs while minimizing it for non-matching
pairs.

MaPLe [7]: MaPLe is an innovative multimodal prompt learner model designed to concurrently
adapt both vision and text encoders while fine-tuning CLIP for various downstream applications.
This can regarded as another backbone of CLIP with different tuning strategy. This model employs
learnable text prompts pr and establishes a connection between the two modalities through visual
prompts formulated as py = Proj(pr). Additionally, learnable tokens are integrated into the deeper
layers of both image and text encoders, facilitating a progressive adaptation of features that enhances
the performance. In line with the findings presented in [[L], we incorporate MaPLe as an additional



vision-language model backbone to evaluate the efficacy of Open-IRT. In the following sections,
we will review the baselines developed based on both CLIP and MaPLe specifically for zero-shot
evaluation, highlighting their strengths and contributions to the field. This examination aims to
provide a comprehensive understanding of how these models operate and their implications for
multimodal learning tasks.

ZS-Eval [15]: Given a test image z;, the image features f; are extracted using the vision encoder,
expressed as f; = Fy(z;). In a classification task involving C potential categories, the classifier
is constructed by concatenating a predefined text prompt pr = "A photo of a" with each class
label {c1, ¢, ..., cc}. This results in class-specific text inputs {pr, ¢;} fori € {1,...,C}. These
text inputs are subsequently processed by the text encoder Frr to generate the text embeddings
t; = Fr({pr;c;}), which serve as the class-specific text representations {¢1,ts,...,tc}. The
classification decision is made by selecting the text embedding ¢; that exhibits the highest similarity
to the extracted image feature f;.

TPT [14)/TPT-C [15]: TPT enhances CLIP’s zero-shot generalization by employing learnable text
prompts pr that are tailored for each image, in contrast to using fixed prompts. These prompts
are concatenated with class names, thereby forming flexible text classifiers t; = Fr({pr;c;}).
The learnable prompts are optimized through entropy minimization, represented as arg miny,,, Len,
which effectively reduces uncertainty associated with augmented view scores, leading to improved
performance. TPT-C further extends TPT by incorporating continuous updates, where the prompts
{pr} and {py,pr} are iteratively refined to adapt to new test data, thereby ensuring robust and
dynamic performance.

PromptAlign [1]/PromptAlign-C [15]: PromptAlign (PAlign) leverages the capabilities of the
multimodal prompt learning model MaPLe [7] to enhance the adaptation process of both vision and
language encoders for each specific test sample. This approach draws on previous advancements
in test-time adaptation, focusing on bridging the disparity between the token distributions of the
source and target domains. In this context, ImageNet is employed as a representative proxy for the
source dataset associated with CLIP. The optimization of MaPLe’s vision and language prompts is
achieved by minimizing the combined objective function arg ming,,, ..} (Lent + Latign) for each
individual sample x;. This methodology not only enhances the alignment of modalities but also
fosters a more nuanced understanding of the contextual relationships between visual and textual
information, thereby contributing to more robust and effective model performance across diverse
applications. Furthermore, PromptAlign-C serves as a continuous learning version of PromptAlign,
following the strategy outlined in TPT-C [15].

OWTTT [10]: This paper addresses the challenge of test-time adaptation in open-world scenarios
where the target domain is contaminated with strong OOD data. It identifies the failure of existing
TTT methods in distinguishing strong OOD samples from weak OOD ones, leading to performance
degradation. To enhance the robustness of open-world test-time training (OWTTT), the authors
propose an adaptive strong OOD pruning method to improve self-training efficacy. Additionally, they
introduce a dynamic prototype expansion strategy to better separate weak and strong OOD samples.
The model’s self-training is further regularized using distribution alignment to mitigate confirmation
bias.

TDA [6]: Training-free Dynamic Adapter (TDA) is an efficient test-time adaptation method for
vision-language models. Unlike existing test-time prompt tuning (TPT, DiffTPT) approaches that
require computationally expensive backpropagation, TDA leverages a lightweight key-value cache
that maintains a dynamic queue, where keys store test sample features and values store few-shot
pseudo labels. By progressively refining pseudo labels and dynamically adapting, TDA effectively
accommodates test data while maintaining high computational efficiency.

DPE [17]]: Dual Prototype Evolving (DPE) is an advanced test-time adaptation method for vision-
language models that effectively accumulates task-specific knowledge from both textual and visual
modalities. Unlike prior methods that adapt from a single modality and fail to retain knowledge across
test samples, DPE introduces two evolving sets of prototypes—one textual and one visual—to pro-
gressively capture more accurate multi-modal representations of target classes. To ensure consistency
between these prototypes, DPE optimizes learnable residuals for each test sample, aligning textual
and visual embeddings. This approach not only improves adaptation over time but also enhances
zero-shot generalization without requiring backpropagation through CLIP’s textual encoder.



Method MNIST SVHN Tiny-ImageNet CIFAR-100C/10-C
AUCT FPR| HMT | AUCT FPR| HMT | AUCT FPR]| HMY | AUCT FPR| HMT

ZS-Eval [I5] | 9191 8522 7560 | 89.94 6425 7411 | 9133 27.13 7424 | 8257 6796 68.92

TPT [14] 91.90 8570 7578 | 89.93 64.54 7430 | 9131 2726 7498 | 82.57 68.09 69.13

TPT-C [I4] | 8321 67.03 75.05 | 60.83 6947 50.63 | 74.12 5734 4888 | 63.76 93.05 51.98

o ROSITA [15] | 9943  3.25 8395 | 9494 3122 79.12 | 9637 12.69 80.07 | 83.01 6454 69.64

5 OWTTT [I0] | 98.05 1250 8327 | 8074 5033 70.10 | 87.09 5229 73.98 | 62.55 91.68 56.46
TDA [6] 9204 7111 77.06 | 9202 52.68 76.64 | 91.68 2537 7594 | 83.54 66.06 70.13

UniEnt[@] | 9198 852 75.62 | 89.97 64.38 74.18 | 9140 2696 7473 | 8259 68.14 68.98

DPE[I7] | 4697 99.10 27.60 | 84.15 8524 6852 | 89.92 3130 69.90 | 79.18 7506 6234

3 Open-IRT | 99.73 128 84.55 | 9652 18.34 80.62 | 97.07 10.09 8095 | 82.65 61.69 69.20
o ZS-Eval [I5] | 98.16 550 8243 | 9835 7.82 8358 | 90.86 27.53 760l | 86.15 52.00 71.68
= TPT [14] 98.16 6935 8174 | 9834  7.88 82.67 | 90.86 27.55 7540 | 86.15 52.10 70.84
S TPT-C[[4] | 9822 515 8334 | 9835 7.85 8355 | 9091 2744 7584 | 8620 5196 71.60
PAlign [I] | 98.16 562 8257 | 9834 7.88 8344 | 9086 27.55 76.03 | 86.15 52.10 71.50

@ | PAlign-C[I] | 9861 345 8391 | 9835 813 8345 | 9LI7 2695 7612 | 8653 S50.64 7Ll

% | ROSITA[I3] | 9945 384 8771 | 98.02 1145 8456 | 9176 2523 77.60 | 8692 48.12 7279

= | OWTTT([IO] | 9834 9.63 8652 | 71.01 7878 6870 | 7120 8581 68.29 | 6235 88.44 61.89
TDA [6) 9842 413 8197 | 98.60 620 8395 | 9127 27.00 76.84 | 8672 5140 72.61

UniEnt [4] | 98.17 549 8264 | 9835 7.85 83.65 | 9090 2741 7608 | 86.16 5191 7172

DPE[I7] | 83.82 9273 5552 | 9742 1295 7941 | 89.10 31.13 7432 | 73.57 7367 53.64

Open-IRT | 99.51 285 88.11 | 97.62 1592 85.01 | 91.83 2438 77.80 | 87.42 4640 7320

ZS-Eval [I5] | 7777 99.93 4840 | 64.69 98.64 4581 | 6731 73.83 4600 | 6328 9322 44.06

TPT [14] 7777 99.93 4831 | 6470 98.62 4581 | 67.28 73.80 4597 | 6327 93.19 44.04

TPT-C [I4] | 5096 99.95 25.69 | 1045 9995 6.16 | 6041 8209 17.70 | 5526 8637 14.19

o | ROSITA[IS] | 8641 5622 55.15 | 8224 69.07 47.67 | 8397 5086 5584 | 6822 8952 47.71

5 OWTTT [I0] | 96.89 12.15 59.72 | 7524 51.64 4373 | 41.84 99.61 31.83 | 54.02 93.93 32.00
TDA [6] 80.33 9957 4652 | 71.77 9611 4601 | 70.70 69.63 47.52 | 66.07 91.90 45.79

UniEnt [4] | 77.94 9993 4832 | 6478 98.61 4584 | 6740 7377 4583 | 6328 93.18 44.04

DPE[I7] | 67.06 99.88 4254 | 4323 9979 3569 | 6142 80.62 42.80 | 60.08 92.80 4221

Q Open-IRT | 98.06 12.82 62.01 | 9328 40.84 56.12 | 8616 4224 5678 | 65.12 9211 46.70
= ZS-Eval [I5] | 8743 6423 5523 | 9298 40.60 5641 | 68.80 74.37 4826 | 66.92 88.00 46.30
E TPT [14] 8744 6406 5333 | 9297 4049 5461 | 68.81 7420 47.02 | 6693 8793 44.83
O TPT-C[[4] | 87.66 63.05 5544 | 93.10 39.87 5634 | 6898 7335 48.12 | 67.04 8748 44.71
PAlign [I] | 8746 63.55 54.80 | 92.98 4059 5632 | 63.84 7381 4823 | 6695 87.93 46.14

@ | PAlign-C[I) | 87.51 6354 5547 | 9293 4106 5624 | 6888 7337 4796 | 67.00 87.96 46.02

% | ROSITA[I3] | 89.26 4687 61.65 | 9333 3822 60.18 | 69.44 7271 47.88 | 67.55 87.63 4592

= | OWTTT[I0] | 9649 942 6297 | 6573 78.63 32.60 | 42.94 9995 27.52 | 5348 9426 34.70
TDA [6) 89.82 5224 5546 | 95.04 3076 5951 | 72.05 71.83 49.19 | 69.12 87.36 49.06

UniEnt [4] | 8740 64.02 5486 | 9299 4036 5642 | 68.84 7426 4841 | 6693 87.96 46.09

DPE[I7] | 39.05 98.88 33.66 | 8429 76.13 5220 | 63.74 8275 4574 | 65.61 90.67 46.36

Open-IRT | 9527 1654 61.82 | 9829 10.74 62.66 | 72.51 72.63 49.90 | 7022 81.18 48.44

Table 2: Open-set Single-Image Test Time Adaptation results with CIFAR-10C and CIFAR-100C as
ID datasets. We leverage MNIST, SVHN, Tiny-ImageNet, and CIFAR-100C/CIFAR-10C as OOD
datasets. The metrics include AUC, FPR, and HM, which mean AUROC, FPR95, and Accg s,
respectively, as defined in Section ??. Notably, while higher AUROC and Accy s values indicate
better performance, a lower FPROS is considered better. Results in bold represent the best performance,
while underlined results indicate the second-best ones.

UniEnt [4]: UniEnt is a unified entropy optimization framework designed for open-set test-time
adaptation, aiming to simultaneously adapt to covariate-shifted in-distribution (csID) data and detect
covariate-shifted out-of-distribution (csOOD) data. Existing test-time adaptation methods primarily
focus on covariate shift while neglecting the impact of semantic shift, leading to performance
degradation and inaccurate confidence estimation. UniEnt addresses these issues by introducing
a distribution-aware filter to preliminarily distinguish between csID and csOOD samples. It then
applies entropy minimization on csID samples to enhance classification performance for known
classes and entropy maximization on csOOD samples to improve the detection of unknown classes.
Furthermore, UniEnt+ introduces a sample-level confidence-weighted strategy to mitigate errors
caused by noisy data partitioning.



C Additional Experiments

C.1 Visualization of OOD scores in ablation study

We present the visualization in Fig. [T| from the ablation study conducted in the experiments of
CIFAR10C-MNIST with CLIP in section of the main paper. This ablation study analyzes the
effectiveness of various loss components. In the methods section, the total loss is defined as L4 =
Lpsd + Lmiqg. We can intuitively observe from Fig. [Ip to Fig. that as the model components
become increasingly complete, the model’s ability to distinguish between ID and OOD data becomes
progressively more pronounced. This enables us to better utilize GMM to fit the two distinct
distributions.

(a) Open-IRT w/o Lpsq + Lomid (b) Open-IRT wW/0 L4 (c) Open-IRT w/o L4 (d) Open-IRT original

Figure 1: Visualization of OOD Scores with Ablation Loss Components, where (d) represents
complete Open-IRT.

C.2 Analysis on different learning rate.

We analyze Open-IRT in comparison to baselines with varying learning rates. The results presented
in Fig. []and Fig. P]indicate that Open-IRT demonstrates notable robustness to changes in the learning
rate, regardless of whether it is trained on the CIFAR-10C or CIFAR-100C datasets. Specifically,
within a certain range of learning rates (from le—3 to 1le—4), the model consistently exhibits
substantial performance, suggesting that it maintains stability and effectiveness across different
training conditions. This robustness not only highlights the adaptability of Open-IRT but also
reinforces its applicability in real-world scenarios where optimal hyper-parameter tuning may be
challenging.

CIFAR-100C/MNIST CIFAR-100C/SVHN " CIFAR-100C/MNIST CIFAR-100C/SVHN

—e— ACC_HM —— ACCHM .= —e— ACC_HM —e— ACC_HM

phs N 90 : 0 Ny
100 801 g B -AUE- & \; ) ~m AUC B T 801 -8 AUC o — oy
—— \ N P, A
=70 \ < <70 L
S £ N o : - o E60
D - -
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Learning Rate Leaming Rate Learing Rate Learning Rate

Figure 2: Learning rate with CIFAR-10C (ID).  Figure 3: Learning rate with CIFAR-100C (ID).

C.3 Analysis on different parameter B, K, o and ).

We investigate the impact of varying the hyper-parameter K, which denotes the number of positive
and negative samples selected in the contrastive learning-based test-time adaptation process, and
present the corresponding results (Accg ) in Table We set K to values of 0, 1, 3, and 5. The
experimental results indicate that Open-IRT maintains stable performance across different values of K.
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Figure 4: Analyze the B and K with CIFAR-10C as ID.

Notably, in the CIFAR-10C and MNIST ex- K

periments, the accuracy of Open-IRT fluc- ID | OOD Dataset

tuates by no more than 0.70%. This stabil- 0 ! 3 3

ity suggests that Open-IRT is resilient to Q MNIST 84.05 8475 84.62 84.46

variations in sample selection, indicatinga SVHN 78.12 80.81 8044 79.89

rpbust learning mc?chanism tha}t can effec— E Tiny 8102 8123 8115 8116

tively leverage available data without being =

overly sensitive to hyper-parameter tuning. © | CIFAR-100C | 68.09 69.51 69.48 69.24

Such resilience enhances the practical ap-  © MNIST 63.08 59.40 60.13 59.58
L - =

plicability of Open-IRT, as it can perform = SVHN 4697 5924 5724 59.18

reliably in diverse scenarios where optimal &, )

hyper-parameter settings may not be easily & Tiny 5339 55.58 5592 56.17

achievable. And we envaluate o and A in &) CIFAR-10C | 39.30 47.44 47.55 4742

CIFAR-10C — SVHN, results shows that
A exhibits high robustness within the range  Typle 3: The Accy m (%) with different K for Open-
of 0.1 to 0.5, with accuracy fluctuations [RT

less than 0.57%. In comparison, o demon-

strates even greater robustness, with accuracy variations below 0.33% in the same range. We observe
that an excessively large value of A can degrade model performance, as it biases the optimization
towards distinguishing ID and OOD distributions, while relatively diminishing the emphasis on
discriminating between classes within the ID distribution. Therefore, A should be selected within a
theoretically sound range.

We conduct experiments of CIFAR-10C with CLIP to analyze the hyper-parameters. We evaluate B,
the size of both the B/ and B* in Fig. , with values of 64, 128, 256, 512. Results show a stable
performance, with variations remaining within 0.37% in CIFAR-10C — SVHN. We also investigate
the impact of varying the hyper-parameter K in Eq. 22, ?? with values of 0,1,3,5 in Fig. @b, with
accuracy fluctuations of no more than 0.70% in CIFAR-10C — MNIST. And we envaluate o and A
in CIFAR-10C — SVHN, results shows that A exhibits high robustness within the range of 0.1 to 0.5,
with accuracy fluctuations less than 0.57%. In comparison, o demonstrates even greater robustness,
with accuracy variations below 0.33% in the same range.

Datasets Hyper | 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
a [ 8047 80.61 8073 8080 8075 80.73 8048 8035 8022
CIFAR-I0C = USPS |\ | g061 8001 8083 80.64 8034 79.68 7587 7025 68.41

Table 4: Analyze Hyperparameter o and .

C.4 Analysis on different backbones.

We also leverage the CLIP ViT-B32 and ViT-B16 architectures to evaluate Open-IRT. The experimen-
tal results presented in Table[5|demonstrate that Open-IRT consistently achieves superior performance,
even after replacing the original ViT-B16 backbone. This robustness across different backbone archi-
tectures suggests that Open-IRT is not only effective but also adaptable, capable of leveraging various
model architectures without compromising performance. Such versatility is particularly advantageous
in real-world applications, where different deployment scenarios may necessitate the use of diverse
model architectures with computational constraints or specific task requirements.
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L

. MNIST SVHN Tiny-ImageNet CIFAR-100C/10C

Method (ViT-B32)
AUCtT FPR] HMT | AUCT FPR| HM?T | AUCT FPR| HMT | AUCT FPR] HM*?
ZS-Eval [15] | 96.58 1894 73.20 | 92.01 4395 7135 | 91.55 2472 7219 | 7927 69.32 64.06
% TPT [14] 96.55 1944 7396 | 9197 4431 7196 | 91.54 2481 73.61 | 79.25 69.48 64.59
5% TPT-C [14] 63.79 9997 5048 | 5596 99.30 40.63 | 7871 5230 4331 | 57.83 93.11 4247
% ROSITA [15] | 99.14 384 81.65 | 93.78 3345 7518 | 9886 4.14 8091 | 80.28 64.17 64.34
Open-IRT 9947  1.68 8228 | 9293 3585 7376 | 9899 358 81.53 | 8045 62.68 65.17
o ZS-Eval [15] | 89.17 61.01 46.11 | 78.17 79.92 4459 | 72.58 6121 4565 | 6429 90.53 41.44
§ TPT [14] 89.08 61.15 4599 | 78.06 80.11 4478 | 7257 6124 46.25 | 6431 9047 41.65
~ | TPT-C [14] 61.66 9996 1797 | 3050 89.96 11.55 | 83.18 8201 11.79 | 53.52 9274 9.34
é ROSITA [15] | 9434 2399 57.14 | 90.26 4533 51.60 | 91.22 30.17 56.02 | 68.33 86.03 44.57
© Open-IRT 99.31 373 58.69 | 94.05 2723 5223 | 9321 2232 5685 | 68.01 86.12 44.28

Table 5: Experiments with backbones ViT-B32 in CLIP model while the backbone ViT-B16 experi-
ments are in the main text.

C.5 Analysis different OOD ratios.

Table [6] presents additional experiments on ~ cIFARI0C-MNIST o CIFARIOC-SVHN
different OOD ratios as detailed in the ex- 100

periments section. We utilize the CIFAR- - AURoC] Los 1 o] |
10C and CIFAR-100C datasets as ID 4- FPROS | g0 30+ FPR9S 90
datasets, while employing MNIST, SVHN, -, Les 20 | s
Tiny-ImageNet, and CIFAR-100C/10C as

OOD datasets. The variable RATIO de- °~ o5 1o T s o
notes that the number of OOD samples is Va"a"ccc;ZDRT;"CmT‘f‘"nom' V;;/:;;?;;::}"Ozzl
10,000 x RATIO. The results shown in — 10 65 - 100
Table@indicate that Open-IRT consistently - L os L os
outperforms other methods in a range of  30- ::RI;‘;( oo 1 ::;‘9‘;“ oo
OOD ratios. To further assess robustness, - 2- 55

we varied the OOD ratio between O and 1 1o % &
with a step size of 0.05. As shown in Fig.[5] o v 80 50 v T80

Open—IRT COnSiStently maintained Stable Variance OOD Ratios from 0 to 1 Variance OOD Ratios from 0 to 1

results, with fluctuations below 8.39% in  pjoyre 5. Analyze the FPR95 and AUROC with differ-

AUROC and 22.60% in FPR95. These find- oy 00D ratios of experiments on CLIP with CIFAR-
ings empirically indicate that Open-IRT iS |0 as ID dataset.

highly robust across a wide range of OOD

sample ratios. The consistent results sug-

gest that Open-IRT is robust to varying levels of OOD contamination, highlighting its effectiveness
in maintaining accuracy even when faced with increasing proportions of OOD data. This is crucial
for real-world applications with the unpredictable data distribution.
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Method MNIST SVHN Tiny-ImageNet CIFAR-100C/10-C
AUCT FPR] HMT | AUCY FPR| HMT | AUCT FPR], HM{ | AUCT FPR| HM?
o | ZSEval[I5] | 9202 8436 7560 | 90.22 6312 7419 | 8127 5411 67.17 | 8266 67.60 69.09
= | TPT(I4 91.99 8478 7577 | 9020 6353 7442 | 8124 5425 6743 | 8266 67.80 69.32
O | TPT-C[I4] | 8330 6945 7429 | 6549 7430 53.66 | 70.57 7593 64.18 | 7505 75.63 68.03
E ROSITA [I5] | 99.34 253  84.68 | 9536 27.50 78.02 | 93.17 23.05 7648 | 83.18 60.93 69.27
Open-IRT | 99.71 0.08 85.66 | 96.27 19.05 80.12 | 93.74 2090 77.66 | 83.03 60.03 69.14
S| o | ZSEvalll5) | 9195 8492 7559 | 9007 6396 7412 | 8652 4105 7114 | 8251 67.86 68.97
8 S| TPT(I4] 91.93 8533 7581 | 90.06 6431 7437 | 86.50 4120 71.61 | 8251 68.02 69.2I
S| g| TPLC[I4] | 8562 6595 7475 | 6101 8158 5121 | 70.17 6698 5349 | 70.18 85.88 65.33
E Ec ROSITA [I5] | 99.37 3.02 8390 | 9536 2820 7946 | 9509 17.05 7837 | 8279 64.63 69.65
3 Open-IRT | 99.79 022 85.00 | 9635 21.46 80.76 | 9543 15.66 79.59 | 82.89 60.07 69.12
w | ZS-Eval[I5] | 9194 8499 7550 [ 89.96 6426 7415 | 8952 3239 7324 | 8257 6796 6891
< | TPT(I4 91.92 8547 7576 | 89.94 6456 7438 | 89.50 3253 73.68 | 8257 68.09 69.13
O| TPT-C[M4] | 8321 67.03 7505 | 60.84 6947 50.63 | 73.00 61.66 49.33 | 63.76 93.05 51.99
E ROSITA [I5] | 99.44 291 8389 | 9546 2810 79.84 | 9577 1438 79.05 | 82.94 6459 69.67
Open-IRT | 99.68 1.07 84.68 | 9622 21.77 80.60 | 96.56 11.83 80.55 | 8265 61.90 69.50
o | ZSEval[I5] | 7781 99.92 4836 | 6485 9860 4571 | 5305 87.28 3945 | 6326 9328 4401
S| TPT(I4 77.81  99.93 4818 | 64.86 9858 4578 | 53.01 87.30 39.43 | 53.02 8730 3943
O | TPTC(M4] | 5132 1000 26.09 | 1356 1000 10.64 | 52.15 8283 1622 | 5517 88.00 19.29
Ec ROSITA [I5] | 77.84 90.15 47.95 | 78.92 7813 47.02 | 71.95 7948 49.17 | 6837 89.30 46.81
Open-IRT | 97.91 15.69 61.22 | 9123 4820 57.06 | 70.13 81.10 4850 | 97.44 9025 47.80
% o | ZS-Eval[I5] | 7789  99.93 4836 | 64.68 9858 4548 | 6239 7923 4281 | 6319 9340 44.03
S < | TPT(I4 77.89  99.93 4830 | 89.17 64.84 57.85 | 6236 79.20 4274 | 66.63 9123 4824
S| o| TPTC[I4 | 5036 1000 2555 | 1140 99.98 8.85 | 59.60 79.46 19.68 | 5572 8635 18.32
5% 5 ROSITA [I5] | 9428 2592 57.73 | 8224 6827 4843 | 7949 63.87 5286 | 68.53 88.81 47.87
% Open-IRT | 9831 11.60 61.13 | 91.64 4593 5817 | 8215 60.18 54.77 | 67.48 90.64 48.02
w | ZS-Eval[I5] | 7788 9993 4831 | 6474 98.68 4557 | 6828 7298 4649 | 6320 9341 4406
S| TPT(I4] 77.88  99.93 4839 | 6475 98.66 45.66 | 6826 7294 4657 | 68.25 7294 46.57
O | TPT-C[T4] | 4884 1000 2896 | 973 1000 696 | 60.85 8254 17.66 | 60.85 82.54 17.67
S | ROSITA [13] | 9560 2331 5830 | 78.54 72.56 44.80 | 8542 5075 56.18 | 67.89 90.83 47.69
= Open-IRT | 89.63 9.17 6072 | 93.00 42.08 5815 | 86.29 4815 5633 | 6695 9135 4755

Table 6: open-set Single-Image Test Time Adaptation results with different ratios. We leverage
the CIFAR-10C and CIFAR-100C as ID datasets, MNIST, SVHN, Tiny-ImageNet and CIFAR-
100C/CIFAR-10C as OOD datasets, while AUC, FPR and HM mean AUROC, FPR95 and Accg s,
respectively. Different from AUROC and Accyyps, the FPR95 metric is the lower the better. The
results indicated in bold represent the best results.

D Limitation

While Open-IRT has shown strong results on ID and OOD detection tasks, the current study focuses
primarily on classification tasks, so extending Open-IRT to other tasks such as object detection or
semantic segmentation may require additional modifications to accommodate different spatial or
contextual dependencies. Although the method is effective in handling typical OOD detection tasks,
its performance on more complex or highly noisy data may still require further research.

E Social Impact

Open-IRT has the potential to make significant contributions in areas where real-time adaptation
to changing environments is crucial. By improving the robustness and adaptability of Al systems,
particularly in the detection of out-of-distribution (OOD) samples, Open-IRT can be leveraged in
fields such as healthcare, autonomous driving, and robotics. For instance, in healthcare, Open-IRT
could help diagnostic models maintain high accuracy even when faced with new medical data from
different populations or imaging devices. In autonomous systems, the ability to quickly adapt to
new objects or environmental changes can enhance safety and reliability. Moreover, the flexibility
of Open-IRT, especially in handling fluctuating OOD ratios, makes it well-suited for deployment in
dynamic, real-world settings, where the data distribution may vary over time. This adaptability can
lead to more trustworthy Al systems, promoting widespread adoption in critical applications where
safety and reliability are paramount.
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