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Abstract

Vision Transformers (ViTs) have achieved remarkable success over various vision tasks,
yet their robustness against data distribution shifts and inherent inductive biases remain
underexplored. To enhance the robustness of ViT models for image Out-of-Distribution
(OOD) detection, we introduce a novel and generic framework named Prior-augmented
Vision Transformer (PViT). We train PViT to predict class labels while taking as input both
image tokens and the prior class logits from a pretrained model. During inference, PViT
identifies OOD samples by quantifying the divergence between the predicted class logits and
the prior logits obtained from pre-trained models. Unlike existing state-of-the-art(SOTA)
OOD detection methods, PViT shapes the decision boundary between ID and OOD by
utilizing the proposed prior guided confidence, without requiring additional data modeling,
generation methods, or structural modifications. Extensive experiments on the large-scale
IMAGENET benchmark, evaluated against over seven OOD datasets, demonstrate that PViT
significantly outperforms existing SOTA OOD detection methods in terms of FPR95 and
AUROC.

1 Introduction

In recent years, the Transformer, characterized by its innovative attention mechanism, has achieved a sig-
nificant success in various domains, extending its success from natural language processing to various vision
tasks. The inception of the Vision Transformer (ViT) represents a pivotal moment in the adaptation of Trans-
former architectures for vision applications, setting the stage for subsequent models that exhibit remarkable
performance enhancements through increased depth and scale, albeit at the cost of heightened computational
demands [Dosovitskiy et al| (2021)). However, the exploration into enhancing Out-of-Distribution (OOD) de-
tection within these architectures has lagged, especially when compared to the extensive research conducted
for Convolutional Neural Networks (CNNs)-based models Xie et al.| (2024)).

OOD detection is a crucial machine learning technique that aims to identify test samples from distributions
divergent from the training data distribution. This technique is essential for differentiating between inputs
that are part of the training distribution and those that are not. The importance of proficient OOD detec-
tion is underscored in safety-critical real-world deployments, where encountering novel classes is inevitable.
Addressing the generalization and OOD detection capabilities of ViTs becomes imperative.

We explore the strategic incorporation of prior knowledge in vision models to enhance their safety-related
capabilities. Just as humans leverage contextual cues to identify unfamiliar objects, Al models can similarly
benefit from prior information to improve their ability to accurately classify data and detect distribution
shifts. This insight motivates us to investigate whether integrating prior knowledge from pre-trained models
can strengthen OOD detection in ViTs.

In this work, we leverage the advantages of ViTs to design a scalable solution that improves their robustness
and performance for OOD detection. Compared to traditional CNNs, ViTs directly operate on sequences
of image patches, producing results through the attention mechanism. ViTs are effective at capturing long-
range dependencies between patches but often neglect local feature extraction, as 2D patches are projected
into vectors using a simple linear layer. Some recent studies have begun to focus on enhancing the modeling
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Figure 1. A brief overview of the proposed method. The ID images are taken from IMAGENET-1K, and the OOD
images are sourced from OPENIMAGE-O. The distinction between ID and OOD images is made by measuring the
difference between the prior logits and the predicted logits.

capacity for local information (2021). Enabling ViTs to incorporate additional contextual data
broadens their analytical scope beyond the immediate visual input, creating a strategic opportunity to inte-
grate prior knowledge derived from high-performing pre-trained vision models into the learning process

ot ] (2020).

Following the idea of integrating the prior knowledeg into a ViT, we propose the novel Prior-augmented
Vision Transformer (PViT) for OOD detection. As illustrated in Fig. PVIiT is designed to generate
predictions that closely align with the prior logits for In-Distribution (ID) data while exhibiting significant
divergence for OOD data. The prior knowledge is derived from a pre-trained model on the ID dataset,
referred to as the prior model in this paper. PViT is trained using the prior predictions generated by the
prior model. During inference, PViT employs the proposed Prior Guide Energy (PGE) score to effectively
distinguish OOD instances by quantifying the divergence between the prior logits and the predicted logits.

We demonstrate that our proposed framework, PViT, is highly effective for OOD detection, particularly
on large-scale datasets such as IMAGENET. Compared to state-of-the-art OOD detection methods, PViT
achieves remarkable performance improvements, reducing the FPR95 by up to 20% and increasing the
AUROC by up to 7% compared to the best baseline. Additionally, PViT eliminates the need for generating
synthetic outlier data while maintaining high accuracy on ID datasets.

The key contributions of this paper are summarized as follows:

1. We introduce PViT, a novel and generic framework that integrates prior knowledge into ViT, thereby
enhancing model robustness and OOD detection capabilities.

2. We introduce the Prior Guide Energy as an effective scoring method for OOD detection by measuring
the similarity between the prior class logits and the predicted class.

3. We conduct comprehensive experiments on various benchmarks across a diverse set of ID and OOD
datasets, providing qualitative analyses of PViT and offering insightful discussions on the impact of
incorporating prior knowledge into ViT models.

The remainder of this paper is structured as follows. Section [2] reviews related work and provides the neces-
sary background for our study. Section [3] presents a detailed description of our proposed PViT framework,
including its architecture and the novel prior-guided OOD scoring mechanism. In Section [d] we evalu-
ate the performance of PViT through extensive experiments on large-scale OOD benchmarks, including
IMAGENET-1K and CIFAR. Section [4.2] presents comprehensive ablation studies with both quantitative
and qualitative analyses. Section [ discusses the implications of our approach, highlights its current limita-
tions, and outlines potential directions for future research. Finally, Section [f] summarizes the main results
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and contributions. The Appendices provide additional details on the datasets and the models used in this
paper to ensure reproducibility.

2 Related Works

2.1 Out-of-Distribution (OOD) Detection

Deep learning models are often overconfident when classifying samples from different semantic distributions,
leading to inappropriate predictions in tasks such as image classification and text categorization. This issue
has prompted the emergence of the field of OOD detection, which requires models to reject inputs that are
semantically different from the training distribution and should not be predicted by the model [Hendrycks
& Gimpel (2017). OOD detection is a critical area of research aimed at ensuring the safe deployment of
AT systems. Over the years, various methods for OOD detection have emerged, broadly categorized into
techniques focused on network modifications and score-based approaches to distinguish between ID and
OOD samples in the embeddings or latent feature spaces Liang et al. (2018]). Methods modifying network
behavior often employ techniques like truncation. For example, ODIN |Liang et al.| (2018]) perturbs the input
using gradient vectors to amplify detection scores, while ReAct |Sun et al.| (2021)) applies thresholding to clip
hidden layer activations. These approaches enhance the network’s ability to separate ID and OOD samples.

Score-based methods involve developing scalar metrics to quantify the likelihood of a sample being OOD.
Classifier-based approaches, often referred to as confidence scoring, leverage the neural network’s classifica-
tion layer. A seminal work in this domain is the Maximal Softmax Probability (MSP) method, which serves
as a baseline for OOD detection [Hendrycks & Gimpel (2017). Subsequent advancements include the energy
function |Liu et al.| (2020), which provides a bias-free estimation of class-conditional probabilities, and the
maximum-of-logit technique [Hendrycks et al.| (2022]), which combines class likelihood with feature magnitude
for improved performance.

Distance-based methods form another key category of OOD detection, identifying samples based on their
spatial relationship to ID data in the feature space. The Mahalanobis detector [Lee et al.| (2018) computes
distances to class-wise means with shared feature covariance, while SSD assumes a single Gaussian distri-
bution for ID samples [Sehwag et al|(2021). Non-parametric methods like k-Nearest Neighbors (k-NN) offer
precise boundary delineation and have been improved through NNGuide, which enhances differentiation in
distant datasets |Sun et al.| (2022); [Park et al.|(2023). Apart from calculating the distance between samples
and class centroids, feature norm that in the orthogonal complement space of the principal space is shown
effective on OOD detection Wang et al.| (2022b).

Other popular OOD detection methods include enhancing the model robustness by creating outliers, also
referred to as outlier exposure approaches. These methods impose a strong assumption on the availability
of OOD training data, which can be infeasible in practice. When no OOD samples are available, some
methods attempt to synthesize OOD samples to enable ID/OOD separability. Existing works leverage
GANS to generate OOD training samples and force the model predictions to be uniform, generate boundary
samples in the low-density region, or produce high-confidence OOD samples. However, synthesizing images
in the high-dimensional pixel space can be difficult to optimize. Recent work, VOS |Du et al. (2022c),
proposed synthesizing virtual outliers from the low-likelihood region in the feature space, which is more
tractable given the lower dimensionality. In object detection, similar algorithm has been applied proposes
synthesizing unknown objects from videos in the wild using spatial-temporal unknown distillation [Du et al.
(2022Db)). Recent advances focus on localizing OOD regions in complex visual environments, such as urban
driving scenarios [Du et al.| (2022al). Such outlier exposure methods often require additional training and
generating the synthesized data, which reduces scalability and adaptability. Compared to existing state-of-
the-art methods, our proposed PViT distinguishes itself by eschewing reliance on synthesized data or external
outliers for training, thereby enhancing its scalability and adaptability across diverse frameworks [Du et al.
(2023)).

More recently, Vision-Language Model (VLM) based approaches have emerged as a promising direction for
OOD detection Ming et al.| (2022)); Wang et al.| (2023); Jiang et al.| (2024); Miyai et al| (2025). These
methods leverage the semantic understanding capabilities of pre-trained vision-language models such as
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CLIP [Radford et al.| (2021)) to distinguish ID from OOD samples without requiring any training on the
target ID dataset. MCM |Ming et al.| (2022) computes maximum concept matching scores using CLIP’s text
encoder, while GL-MCM Miyai et al| (2025) extends this approach by incorporating both global and local
concept matching. CLIPN Wang et al| (2023) trains additional “no” prompts to explicitly recognize OOD
samples, and NegLabel Jiang et al.| (2024) introduces negative labels for improved detection. While these
VLM-based methods achieve strong performance, they require access to large pre-trained vision-language
models, which may not always be available or computationally feasible. In contrast, PViT operates with
standard vision-only models, offering a complementary approach for scenarios where VLM resources are
limited.

2.2 Vision Transformers

Originally proposed for machine translation, Transformers have ascended to the state-of-the-art in numerous
Natural Language Processing (NLP) tasks [Vaswani et al.| (2017). The vanilla ViT |Dosovitskiy et al| (2021)),
representing the first adaptation of a purely Transformer-based model for image classification, has shown
competitive performance with state-of-the-art CNNs. Like their NLP counterparts, ViTs lack the local
receptive fields and weight-sharing properties of CNNs. Instead, they use positional encodings and self-
attention to capture positional relationships.

Following the paradigm of ViT showing superior results on remarkable performance, a series of variants of ViT
have been proposed to improve the performance on a variety of visual tasks, such as image classificationZhang
et al.| (2024), image segmentation (Guo et al| (2024), and object detection [Hua et al.| (2025). DeiT |Touvron
et al.| (2021)), also known as Data-efficient image transformer, is later proposed as a competitive convolution-
free transformer by training on only the ImageNet database. Swin Transformers |[Liu et al.| (2021) performs
local attention within a window and introduces a shifted window partitioning approach for cross-window
connections.

Other than pure vision tasks, Transformers has also been used for Bayesian inference. A recent study
exploring the use of Transformers for Bayesian Inference |[Miller et al. (2022) has broadened the scope of
their applicability. This research demonstrates that when trained on prior samples, Transformers are capable
of effectively approximating the posterior predictive distribution (PPD), even in scenarios involving small
tabular datasets [Hollmann et al.| (2022). In contrast, our method is designed to work with large-scale image
data, showcasing the versatility of taking advatages of prior information in handling diverse data scales and

types.

While the introduction of specialized tokens in ViTs is a relatively unexplored area, our work pioneers the
use of a prior token for OOD detection. The concept of a prior token is not first introduced by us, as seen in
applications like MatteFormer [Park et al.|(2022) for image matting, which integrates trimap information via
a Prior-Attentive Swin Transformer block. Our approach, however, diverges significantly as it repurposes
this concept for enhancing OOD detection in ViTs.

3 Methodology

This section lays the foundation of our approach, starting with the problem setup (Section. to establish
the necessary background. We then offer a comprehensive overview of our PViT presented in Section. (3.2
detailing its architecture and functionality with Figure.[2] Finally, we explore our OOD scoring mechanism,
particularly emphasizing the role of the PGE score in differentiating OOD instances in Section. [3.3]

3.1 Preliminaries

In the context of image classification, let X = R represent the input space, and ) = {1,..., K} denote
the finite set of labels for K classes. The training dataset DI = {(x;,y;)}" ; consists of pairs (x;,;),

where a classification function f5 : X — R¥ predicts class scores. The predicted label 7 is obtained as
Y = arg maxy, fe(k) (x), corresponding to the class with the highest score.
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Figure 2. Framework of our proposed PViT. During the training stage, PViT processes the ID image patches Dy,
alongside the prior token Tprior, which embeds prior knowledge from the pre-trained prior model. During testing, the
prior model Opyior continues to provide the prior logits for the OOD data DL to PViT. The predicted class logits are
then used to calculate the prior-guided OOD score, enabling the differentiation between ID and OOD data. Other

components, including position embeddings, the classification (cls) token, and the flattening of image patches.

For testing on unseen data, the objective is to train a model capable of distinguishing OOD inputs DL =

{(xj,y;)}jL1, where labels y; do not belong to Y. To achieve this, a binary classification approach, also
referred to as the decision rule for OOD detection, is employed:
| ID if S(x;0) >,
x = { 00D if S(x:6) < 7, (1)

where the threshold -~y is selected to ensure high classification accuracy for ID data, typically set at 95%.
The score S(x;0), also known as ’confidence’, represents the classifier-based detection score.

3.2 Prior-augmented Vision Transformer (PViT)

The architecture of the Prior-augmented Vision Transformer (PViT) is depicted in Fig. [2| The implemen-
tation of PViT follows the foundational structure of the vanilla Vision Transformer (ViT) Dosovitskiy et al.|
. In the conventional ViT, an input image x € R7*WXC is transformed into a sequence of flattened
2D patches x, € RN*(P*:C), Here, (H,W) represents the resolution of the original image, C' denotes the
number of channels, (P, P) defines the resolution of each patch, and N = ’;’JVZV indicates the total number of

patches, which effectively determines the sequence length for the Transformer.

Similar to the vanilla ViT, a learnable embedding z), initially set to Xclass, serves as the class embedding.
This embedding is designed to capture the global image representation and is iteratively updated throughout
the Transformer layers. After L layers of the Transformer encoder, its final state, z0 € R!*P serves as the
aggregated image representation, denoted by y € R?, where D is the dimensionality of the embedding space.
Given an input image, the model first computes patch embeddings Epatches € RY*P | where N represents the
number of patches. A class token tqs € R1*P is then prepended to this sequence of embeddings. Positional
encodings Ppes € RNVTDXD are added to provide the sequence with spatial information, resulting in the
final sequence of embeddings Eos = [teis; Epatches] + Ppos-

Prior Token Integration. Given a pre-trained prior model parameterized by Opyior, the prior logits vector
p € RX represents the classification output logits, serving as prior knowledge for PViT. To incorporate this
prior knowledge into the ViT architecture, we introduce a special token, termed the prior token. This token,
tprior € R'*P encapsulates the prior knowledge and is input alongside the patch tokens and the class token
into the prior-augmented encoder, where it is processed by the attention mechanism.
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To create the prior token, the logits vector p € R¥ from the pre-trained classifier is first normalized using
the softmax function. These normalized logits are then projected into the embedding dimension D to form
the prior token tpior:

tprior = Wproj . SOftmaX(p)a (2)

where W5 € RPXE g a learnable projection matrix designed to transform the class-wise priors into the
embedding space, aligning them dimensionally with the patch embeddings.

The prior token is then scaled by a factor a € R, a hyperparameter that modulates the influence of prior
knowledge. This scaling balances the model’s attention between the prior token and the image-derived
embeddings, optimizing overall performance. The scaled prior token tpyior is then replicated across the
batch, resulting in:

Tprior = Q- tprior & 1B><1><D7 (3)

where B denotes the batch size, and ® represents the outer product with a vector of ones, effectively
broadcasting tprior across the batch. The batch-level prior token Tpior is appended to the positionally
encoded sequence, forming the complete input T = [Epos; Tprior] for the encoder.

The concatenated sequence T is processed through the Transformer encoder layers to yield the final rep-
resentations. Our model follows the architecture of the vanilla ViT, employing multi-headed self-attention
(MSA) (Eq. (5)) and multi-layer perceptron (MLP) blocks (Eq. (6)). Layer normalization (LN) is applied
before each block (Eq. ), as described in the following equations:

'S

(=)
—_ D D

Zo =T,

Z, = MSA(LN(Z¢_1)) + Zy_1, £=1...L,
Z; = MLP(LN(Z}))+ Z), (=1...L,

Y = LN(Z.[0)),

Ut

—~ o~~~
3

where Z1[0] represents the final layer’s class token representation. The output Y € RP serves as the input
to a classifier head for the task at hand.

In the context of image classification, the primary training objective for PViT is to minimize the divergence
between the model’s predicted distribution and the true label distribution. The overall training objective is
achieved through the minimization of the cross-entropy loss function Lcg, which is formulated as:

K
Lcg = — Y log Pevir(yilzi, D, 73 6), ®

=1

where 6 represents the parameters of PViT, y; the true labels, x; the input data, D the dataset, and 7 the
prior information.

3.3 Prior Guide Energy for OOD Detection

Given a base confidence score function Spase(X;6), we propose a Prior Guide Energy (PGE) method to
effectively differentiate between ID and OOD data by incorporating prior knowledge:

SpcE (X§ 0) = Shase (X; 9) : G(X; 97 eprior)a (9)

where G(x; 0, Oprior) is the guidance term, designed to measure the similarity between the prior embeddings
and the outputs of PViT.
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Energy as a Base Confidence Score. The base confidence score Shase(x;6) is derived from the Energy
score [Liu et al| (2020), defined as:

K
E(x;0)=— logz efi(xi0) (10)
i=1

where f;(x;6) denotes the logit corresponding to class 7 output by the model. The effectiveness of the energy
score for OOD detection arises from its relationship with the model’s learned representation. The energy
score is particularly effective for OOD detection due to the following properties:

o Push-Pull Dynamics: During training with the negative log-likelihood (NLL) loss, the energy of
the correct label is minimized while the energies of incorrect labels are increased, creating a sharp
confidence boundary between ID and OOD examples.

o Free Energy Interpretation: The energy score implicitly incorporates the Free Energ of the
system (log partition function), allowing it to model the overall uncertainty of predictions across all
classes.

o Non-probabilistic Efficiency: The score is efficiently computed via the logsumexp operator,
making it computationally advantageous compared to probabilistic density estimates.

For ID data, the logits f;(x;6) form a concentrated distribution, resulting in low energy scores. Conversely,
for OOD data, the logits tend to distribute more uniformly across all classes, leading to higher energy scores.
This separation is a natural consequence of the NLL training objective, which explicitly pushes down the
energy for ID data while increasing the energy for irrelevant classes. To align with the conventional OOD
detection definition, we using the negative energy score, —E(x;60), as Spase(X; 0).

Prior Guidance Term. While the energy score is a powerful standalone confidence measure, it can
benefit from additional prior information to enhance its discriminative ability. To this end, we introduce the
guidance term G(x; 6, Opyior), which evaluates the similarity between prior knowledge and the predictions of
the current model. Here we introduce one of the possible options: Cross Entropy (CE). CE is a widely used
metric for quantifying the cost of matching multi-class predictions, and it is recognized as an effective and
direct method for defining training targets in classification tasks. As demonstrated by the results presented
in Section @] CE emerges as the optimal guidance term by utilizing the prior logits and the predicted class
as inputs:

K
G(X§ 0, oprior) = - Z i log (Qi(x§ aprior)) , (11)
i=1

where ¢;(x; Oprior) is the probability of class 7 based on the prior logits, and y; is the predicted class by PViT.
This guidance term measures the dissimilarity between the model’s predictions and the prior distribution. A
higher cross entropy score indicates greater alignment with the prior distribution, suggesting that the data
are likely ID, while a lower score suggests potential OOD data.

Alternative Guidance Terms. Beyond CE, the guidance term G(x;0,0p0r) can also be instantiated
using other divergence measures between the prior logits and PViT’s predictions:

o Euclidean Distance (ED): Ggp(x) = Zfil(pi —¢;)%, where p; and ¢; are the corresponding
elements from the prior and predicted logits vectors.

o KL Divergence (KL): Gki(x) = Zfil P(z;)log ggili, where P denotes the prior distribution
and @ the predicted distribution.

These alternative guidance terms replace G(x; 6, 0pyior) in Eq. @ As demonstrated in the ablation study
(Section , CE yields the best overall performance and is therefore used as the default guidance term
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throughout our experiments. Unless otherwise specified, all PViT results reported in this paper use CE as
the guidance term.

Overall PGE Score. By combining the base confidence score and the prior guidance term, the PGE score
is defined as:

SpcE (X§ 9) = Senergy (X; 0) : G(X; 9, aprior) . (12)
—_— ——————

1 for in-distribution x 1 for in-distribution x

The guidance term amplifies the base confidence score, resulting in a higher overall PGE score for ID data.
Conversely, OOD data are characterized by lower PGE scores. By setting an appropriate threshold -y, the
PGE score can effectively separate ID and OOD data:

(13)

SPGE(X; 9) >, ifx e Dina
SPGE(X; 0) < Vs ifx € Dout-

The next section presents a detailed description of the datasets, evaluation metrics and the overall evaluation
of the proposed OOD detection approach.

4 Experiments

Datasets. To assess the model performance, we use the large-scale IMAGENET-1K |Deng et al,| (2009))
and the small-scale CIFAR [Krizhevsky| (2009)) datasets as our ID training datasets. We use the standard
train/validation/test splits for training and testing. In the main results reported in Tab. 2| and Tab.
where IMAGENET-1K is used as ID data, we employ a range of natural image datasets as OOD benchmarks,
including INATURALIST |[Van Horn et al.| (2018), SuN Xiao et al. (2010), TEXTURES |Cimpoi et al.,| (2014),
PLACES |Zhou et al.| (2017), NINCO Bitterwolf et al.| (2023), OPENIMAGE-O [Wang et al.| (2022a)), and SSB-
HARD |Vaze et al. (2022). In Tab. 4] where CIFAR-100 is used as the ID dataset, CIFAR-10 and CIFAR-100
are used interchangeably as ID and OOD datasets due to their similarities yet distinct characteristics. The
following OOD test datasets are used to evaluate PViT: CIFAR-10 Krizhevsky| (2009), TEXTURES |Cimpoi
et al.| (2014]), PLACES [Zhou et al.| (2017), SUN Xiao et al.| (2010), and SVHN [Netzer et al.| (2011)).

Training Details. The PViT is trained with a configuration that includes a hidden dimension of 384,
a depth of 12 layers, 6 MSA heads, and a MLP dimension of 768. The Adam optimizer is used with
hyperparameters 5; = 0.9 and 2 = 0.999 over 20 epochs. Training begins with an initial learning rate
of 0.1 and employs a batch size of 256, a momentum of 0.9, and a weight decay of 1 x 1073, A linear
learning rate decay schedule is applied after 5 warm-up epochs. For different ID datasets, we utilize various
prior models, including ResNet [He et al.| (2016} and ViT models Dosovitskiy et al.| (2021) along with their
variants [Touvron et al.| (2021)); |Singh et al.| (2022)). For ImageNet-1K as the ID dataset, the ViT models
are pre-trained on IMAGENET-21K and subsequently fine-tuned on IMAGENET-1K. All pre-trained models
used as prior models are publicly available.

Evaluation Metrics. For assessing the performance of our proposed models in OOD detection, we employ
two evaluation metrics: (1) FPR95, which measures the false positive rate of OOD samples when the true
positive rate for ID samples is at 95%; (2) AUROC, which computes the Area Under the Receiver Operating
Characteristic Curve.

4.1 Evaluation on OOD Detection

We evaluate PViT for OOD detection against competitive baselines, including MSP [Hendrycks & Gimpel
(2017), MaxLogit score Hendrycks et al.| (2022)), Mahalanobis score [Lee et al| (2018), Energy score Liu et al.
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OOD Datasets INATURALIST SUN PLACES TEXTURES NINCO OPENIMAGE__ O SSB-HARD Mean
Metrics FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC
Methods 1 T 1 ) 1 ) 1 ) 4 ) 4 1 { 1 4 T
MSP 51.52 88.16 66.52 80.94 68.67 80.38 60.23 82.99 73.26 78.08 59.93 84.81 69.02 84.73 64.16 82.87
MaxLogit 52.26 85.24 66.88 76.39 69.14 75.06 56.68 81.69 74.02 72.38 58.75 81.55 64.43 85.64 63.17 79.71
Mahalanobis 21.28 95.59 61.55 85.12 61.48 83.92 53.94 87.35 58.74 85.98 44.03 91.73 70.85 76.58 53.12 86.61
Energy 64.08 79.24 72.77 70.28 74.31 68.44 58.48 79.30 78.46 66.03 64.93 76.46 59.13 88.16 67.45 75.42
SSD 25.58 94.21 65.75 81.04 66.58 79.90 53.35 85.28 61.93 82.89 48.23 90.14 66.57 80.58 55.43 84.86
ViM 17.12 96.45 58.87 83.14 60.52 81.24 48.09 88.17 56.09 84.98 41.87 91.93 68.92 76.31 50.21 86.03
KNN 71.35 85.55 79.51 79.48 78.61 78.27 68.58 82.76 78.94 76.73 66.11 85.86 59.56 90.23 71.81 82.70
NNGuide 66.93 88.57 76.98 81.94 76.33 80.61 64.84 85.68 77.56 80.14 65.42 87.93 63.76 89.19 70.26 84.87
PViT 2.26 99.39 3098 93.38  40.35 90.99  32.96 92.05 41.63 90.74 16.59  96.58  58.32 84.49 31.87  92.52
PViT 4 ED 3.27 99.08  30.85 93.00 38.24 91.28  33.30 90.63  38.23  90.93 18.78 95.81 56.78  84.72  31.35  92.21

Table 1. OOD detection results for PViT using the pretrained DeiT [Touvron et al.| (2021) as the prior model. All
benchmarks are evaluated on the same prior model with an ID accuracy of 81.07%, while PViT achieves an 1D
accuracy of 81.33%. OOD detection results are reported for IMAGENET-1K as the ID data. Bold numbers
indicate superior results.

(2020), SSD [Sehwag et al] (2021), ViM [Wang et al| (2022b)), KNN [Sun et al/ (2022), and NNGuide
et al| (2023). For fairness, we exclude synthesis-based OOD methods (e.g., VOS Du et al. (2022c) and
Dream-OOD ), since PViT can be combined with synthesis-based training. Unless otherwise
specified, we set the prior-token scaling factor « to 0.1 and use Cross Entropy (CE) as the default guidance
term in Eq. @[) Results denoted as “PViT” in the tables use CE guidance; where Euclidean Distance (ED)
is used instead, it is explicitly indicated as “PViT + ED”.

0OOD Datasets INATURALIST SUN PLACES TEXTURES NINCO OPENIMAGE__ O SSB-HARD Mean
Metrics FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC
Methods 4 ) 4 ) 4 ) 4 ) + ) 4 T 4 T 4 )

MSP |[Hendrycks & Gimpel| (2017} 15.33 97.19 46.48 90.12 53.34 87.89 42.82 89.61 51.58 88.31 27.85 94.98 67.41 80.98 43.55 89.87
MaxLogit [Hendrycks et al.| 36.96 94.00 77.03 81.56 80.82 78.65 65.20 84.01 81.15 75.57 68.05 86.29 92.28 63.62 71.64 80.53
Energy ( 3L.18 92.64 61.58 82.66 64.99 81.83 59.61 81.07 63.80 82.82 44.86 89.03 79.21 73.03 57.89 83.30

18.17 96.65 50.50 89.36 55.97 87.35 47.07 88.69 54.12 87.88 31.41 94.31 71.02 80.27 46.89 89.22
70.91 80.81 93.42 60.38 95.42 56.20 85.46 69.19 92.85 53.42 87.02 64.36 92.98 50.81 88.30 62.17
78.14 74.68 91.20 59.32 94.04 55.43 89.34 63.16 93.33 52.17 91.21 59.42 94.61 48.49 90.27 58.95
NNGuide |P 81.44 76.72 94.97 51.18 95.88 49.40 85.20 68.99 94.85 55.80 92.75 60.46 96.71 43.87 91.68 58.06
PViT 13.08 97.56 41.56 90.99 49.97 88.40 39.56 90.43 49.20 88.33 25.62 95.26 61.31 82.19 40.04 90.45
PViT + ED 18.03 96.18 28.75 91.85 37.01 90.24 78.01 79.42 51.02 87.08 49.12 88.92 60.23 80.86 46.02 87.79

Table 2. OOD detection results for PViT using the original ViT-B/16 as the prior model. All benchmarks are
evaluated on the same prior model with an ID accuracy of 75.73%, while PViT achieves an ID accuracy of 76.61%.
OOD detection results are reported for IMAGENET-1K as the ID dataset. Arrows (1 and ) indicate that larger
or smaller values are better, respectively. All values are percentages. Bold numbers indicate superior results. CE
refers to using cross entropy as the prior guidance, and ED refers to using Euclidean Distance as the prior guidance.

As shown in Tab. [2|and Tab.[I] PViT is evaluated across a wide range of seven OOD datasets to demonstrate
its superior performance. Our experiments show that PViT exhibits remarkable performance on large-
scale ID datasets IMAGENET-1K, particularly when utilizing ViT-based prior models. Notably, even when
compared to the Mahalanobis and ViM detectors, both of which are known for their strong performance
in ViT-based architectures due to the Gaussian nature of the vision transformer embedding space, PViT
significantly outperforms these benchmarks in both the prior models of vanilla ViT variants.

Comparison with Vision-Language Model (VLM) Based Methods. Recent advances in VLM-based
OOD detection methods Ming et al.| (2022); Wang et al.| (2023); Jiang et al.| (2024); Miyai et al.| (2025) have
shown promising results by leveraging the zero-shot capabilities of CLIP Radford et al.| (2021). To provide
a comprehensive comparison, we evaluate PViT against these state-of-the-art VLM-based methods on a
standardized benchmark of four OOD datasets (INATURALIST, SUN, PLACES, and TEXTURES), as shown
in Tab.

It is important to note the fundamental difference in methodology: VLM-based methods rely on pre-trained
vision-language models (e.g., CLIP ViT-B/16) that have been trained on large-scale image-text pairs, provid-
ing inherent semantic understanding for distinguishing ID from OOD samples. In contrast, PViT operates

without requiring such external knowledge, using only the prior predictions from a standard ViT model
trained on the ID dataset.
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. INATURALIST SUN PLACES TEXTURES Mean
Method Venue

FPR95, AUROCt FPR95, AUROCT FPR95, AUROCT FPR95, AUROCT FPR95, AUROCT
Vision-Language Model (VLM) based methods (CLIP ViT-B/16)

MCM |Ming et al.|(2022] NewrIPS'22  30.91 94.61 37.59 92.57 44.69 89.77 57.77 86.11 42.74 90.77
GL-MCM Miyai et al.|{2025 1ICV25 17.42 96.44 30.75 93.44 37.62 90.63 55.20 85.54 35.25 91.51
CLIPN-A |Wang et al.|(2023] cev2s 23.94 95.27 26.17 93.93 33.45 92.28 40.83 90.93 31.10 93.10
NegLabel |Jiang et al.|(2024] ICLR24 1.91 99.49 20.53 95.49 35.59 91.64 43.56 90.22 25.40 94.21
Mysteries [Jara-Rodriguez et al.|(2025]  NeurIPS’25 - - - - - - - - 30.70 93.54
PViT (Ours) - Non-VLM method

PViT (ViT-B/16) - 13.08 97.56 41.56 90.99 49.97 88.40 39.56 90.43 36.04 91.85
PViT (DeiT) - 2.26 99.39 30.98 93.38 40.35 90.99 32.96 92.05 26.64 93.95

Table 3. Comparison with VLM-based OOD detection methods on four standardized OOD datasets. VLM-based
methods use CLIP ViT-B/16, while PViT uses standard ViT models without vision-language pre-training. Bold
numbers indicate the best results in each column. Results for VLM methods are from their respective papers.

Methods CIFAR10 TEXTURES PLACES SUN SVHN Mean
FPR95 | AUROC?t FPR9 | AUROCt FPR95| AUROCT FPR9 ]| AUROCT FPR95| AUROCt FPR95| AUROC?T

MSP 79.98 78.68 80.02 78.14 82.52 73.34 74.15 82.06 79.46 80.20 78.44 79.17
MaxLogit 79.36 79.35 78.76 79.33 82.17 73.53 70.45 84.72 77.69 83.20 76.88 80.90
Energy 79.62 79.17 7775 79.30 82.62 73.36 67.35 85.12 76.82 83.52 76.06 80.98
SSD 92.94 55.31 79.04 71.07 92.41 58.98 77.66 71.67 90.39 68.12 87.77 63.47
ViM 93.57 54.50 82.73 66.53 92.61 56.53 77.59 68.25 85.64 69.28 87.69 61.45
KNN 99.96 31.84 99.50 49.82 99.15 42.16 99.80 46.62 99.92 48.26 99.72 42.87
NNGuide 80.02 78.46 75.85 80.23 81.52 74.46 62.36 86.44 80.64 82.94 75.20 81.39
PViT 81.68 78.99 78.72 79.10 87.12 71.17 65.02 85.09 73.87 83.57 79.77 79.25
PViT + KL 84.74 77.29 86.79 76.04 90.68 70.64 75.80 80.59 84.17 79.08 85.20 76.96
PViT + ED 86.88 76.89 81.28 77.90 83.09 71.32 71.73 83.63 79.68 81.04 81.90 77.94

Table 4. OOD detection results for PViT with ResNet18 as the prior model, where CIFAR-100 as the ID dataset.
The ID accuracy of the prior model ResNet18 on CIFAR-100 is 77.27%. PViT achieves ID accuracies of 78.84%.
Bold numbers indicate superior results.

Despite this methodological disadvantage, PViT with DeiT as the prior model achieves competitive perfor-
mance (FPR95 = 26.64%, AUROC = 93.95%), approaching the state-of-the-art NegLabel [Jiang et al.| (2024)
(FPR95 = 25.40%, AUROC = 94.21%) while significantly outperforming MCM Ming et al.| (2022)) (FPR95
= 42.74%, AUROC = 90.77%) and GL-MCM Miyai et al| (2025) (FPR95 = 35.25%, AUROC = 91.51%).
This demonstrates that PViT provides a strong alternative for scenarios where vision-language pre-training
is not available or when computational resources for VLM inference are limited.

To further assess the robustness of PViT, we evaluate its performance on the small-scale CIFAR-100 dataset
as the ID data, as shown in Table @ Although PViT does not consistently outperform all baseline methods
across every metric, it remains highly competitive, ranking among the top performers on average over five
OOD datasets. The slightly lower performance relative to some baselines is likely attributable to two factors.
First, the limited number of training samples in the small-scale CIFAR-100 dataset may hinder optimal
model learning. Second, the necessity to upscale images from 32 x 32 to 224 x 224 to maintain consistency
with PViT’s configuration may introduce artifacts that affect detection performance.

4.2 Ablation Studies

Ablation Study on OOD Prior Guidance.

Although we have introduced using the CE as the guidance term in Eq. for detecting OOD instances,
we also considered other metrics to measure the difference between the priors and the predicted logits: 1)
Euclidean Distance (ED). Euclidean Distance is a geometric measure calculating the "straight-line" distance
between two points in Euclidean space. For vectors of predicted logits and prior probabilities, it is computed
as /> (pi — q;)?, with p; and ¢; being the corresponding elements from the prior and predicted logits
vectors, respectively. 2) Kullback—Leibler Divergence (KL-Divergence), used for measuring the distance

between two probability distributions, is defined as KL(P || Q) = > P(z)log gg;, where P represents
the true distribution of data (priors in our context) and ) denotes the distribution inferred by the model

(predicted logits).

As visualized in Fig. [} the score distributions reveal that our prior-guided energy score better distinguishes
between ID and OOD data compared to the original energy score. Both CE and ED guidance terms produce
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(a) Results of ViT-B/16 as the prior model.

Figure 3. Ablation study on different scoring rules of PViT. The ID data is IMAGENET-1k. The results are average
results over seven OOD datasets in Table. E}
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(b) Results of using ViT-LP as the prior model.
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Figure 4. Score distributions with IMAGENET-1K as ID data and INATURALIST as OOD data. The scores are
calculated by PViT with ViT-LP as the prior model.

similar results, albeit with different score values. The performance comparison in Fig. 3| further demonstrates
that ED achieves performance comparable to that of the CE as the guidance.

Ablation Study on Effect of Priors.

To demonstrate the efficacy of our integrated prior token in guiding PViT to effectively differentiate between
ID and OOD data, we conduct an ablation study comparing PViT with a vanilla ViT model. Specifically,
we evaluate the OOD detection performance both without and with prior knowledge integration. In the
“w/o Prior” setting, we directly calculate the divergence between a vanilla ViT model and the prior models
without any prior token integration. In the “w/ Prior” setting, PViT is trained with integrated prior tokens
as described in Sec. 3] The results are presented in Tab. [f]
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Figure 5. Visualization of attention maps with varying scaling factors « for prior token embedding, generated from
the last layer and the first MSA head. The attention weight for the prior token is highlighted with a red line on
the color bar. The first two rows of figures are taken from IMAGENET-1K, representing ID data. The third row,
representing the OOD data, which is taken from OPENIMAGE_ O, illustrates the differential responses of PViT to
both ID and OOD data. Labels above the original figure on the left indicate predictions made by the prior model,
while the labels on the right correspond to the predictions made by PViT.

As shown in Tab.[f] the performance of the vanilla ViT without prior integration is significantly inferior across
all three types of prior guidance. Without prior tokens, OOD detection using CE as prior guidance achieves
nearly 100% FPR95 on the mean of seven OOD datasets. Similarly, the results obtained with KL and ED as
prior guidance are also suboptimal. In stark contrast, PViT with integrated prior tokens (highlighted rows)
achieves dramatically improved performance. For instance, with vit-b-16 as the prior model, PViT reduces
the mean FPR95 from 99.81% (w/o Prior, CE) to 31.87% (w/ Prior, CE), while improving AUROC from
18.32% to 92.52%. Similar improvements are observed with vit-lp as the prior, where PViT reduces the mean
FPR95 from 99.81% to 40.04%. These findings underscore that the ViT architecture, in its vanilla form,
lacks the inherent capacity to effectively differentiate between OOD and ID data, and that the integration
of prior tokens is crucial for PViT to achieve robust OOD detection.

Ablation Study on Scaling the Priors. Fig. [fillustrates the impact of scaling prior weights a on PViT’s
output. Our analysis aims to mitigate the excessive influence of priors. It is observed that a higher a leads
to more attention on the prior token, potentially reducing the focus on image patches. Conversely, a lower
«a may enhance attention on image patches. Optimal performance is achieved when PViT balances its focus
between the prior token and image tokens. This balance results in a clearer distinction between priors and
predictions, underpinning the effectiveness of PViT in OOD detection.

To further investigate the trade-offs in attention weights among patch tokens, we visualize the attention
map in Fig. [f] using image examples with corresponding prior and predicted labels. The color bar in these
maps ranges from highest to lowest attention, highlighting the impact of the scaling factor a on the model’s
attention mechanism. Notably, the attention weight for the prior token, indicative of PViT’s focus on the
prior token, is demarcated with a red line on the color bar. As a result of OOD detection, we can see that
in the third row of figures, PViT often produces predictions that notably differ from the prior model’s.
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5 Theoretical Insights

5.1 Bayesian Explanation

Bayesian Neural Networks (BNNs) have been explored for OOD detection in various studies. BNNs utilize
probability distributions over model parameters to represent uncertainties in predictions. In the context
of OOD detection, BNNs can be employed by comparing uncertainties between the model’s predictions on
given inputs and known ID data. However, the suitability of BNNs for OOD detection has been a subject
of debate in recent works [Henning et al.| (2021)).

From a Bayesian perspective, our approach can be interpreted as utilizing prior knowledge from an ID
dataset to establish the Predictive Posterior Distribution (PPD) within a Bayesian framework. This aligns
with the concept of Transformers facilitating Bayesian inference Miiller et al.| (2022)). In our model, the
priors can be treated akin to mean values of sampled priors from a Bayesian model, positioning PViT to
approximate the posterior distribution P(y|z, D, 7). This approximation follows the equation p(y|z, D) =
J; p(ylz,t)p(t|D), where P(z|y,D,n) denotes the likelihood of observing the data given the label and priors,
P(y|D, ) represents the prior probability informed by the dataset and the prior model, and P(x|D, )
signifies the evidence, usually computed by marginalizing over the label space. Notably, the Transformer-
based Bayesian inference approach [Miiller et al.| (2022]) is specifically designed for single-sequence data, aimed
at providing ultra fast Bayesian inference in a single forward pass |Hollmann et al.| (2022). This approach,
while not directly applicable to image data due to ViTs’ processing limitations, sheds light on the efficacy of
our PViT in OOD detection. By capturing uncertainties through Bayesian inference, it provides a compelling
explanation for PViT’s robust performance in identifying OOD samples.

5.2 Inductive Bias

Gernarally, ViTs and CNNs are believed that they exhibit fundamentally different inductive biases. ViTs
inherently focus on global image patterns by treating image patches as analogous to tokens. This global
perspective contrasts sharply with the local feature emphasis of CNNs, which inherently encode a bias
towards local spatial hierarchies and proximities. While this enables ViTs to excel in tasks requiring holistic
image comprehension, their lack of built-in locality bias may limit effectiveness in tasks where detailed local
feature analysis is crucial [Xu et al.| (2021)).

ViTs can adopt inductive biases through data augmentation or hybrid architectures, improving their local
feature processing, traditionally a strength of CNNs. Our study introduces embedding additional prior
information into ViTs, enhancing their robustness and serving as a method to incorporate inductive bias.
This strategy marks a new path for embedding manually designed inductive biases into ViTs, potentially
boosting their robustness and explainability. By introducing additional prior information, we hope our PViT
can compensate for the less pronounced traditional inductive biases in ViTs, where such augmentation can
significantly refine their performance, particularly in challenging scenarios where inductive biases play a
crucial role.

6 Conclusions and Future Work

In this work, we present Prior-augmented Vision Transformer, a novel and generic framework for OOD
detection. PViT uniquely integrates prior knowledge as a prior token to be trained to approximate the
true label, allowing for effective differentiation of OOD data by examining the relative distances between
model predictions and the prior logits. Our empirical results demonstrate that PViT achieves outstanding
performance in OOD detection benchmarks. Moreover, the innovative integration of prior knowledge by
PViT not only enhances OOD detection capabilities but also suggests a versatile approach for the strategic
planning and control of large vision models tailored to specific practical applications.

Limitations. Despite its promising performance, PViT does have certain limitations. Its accuracy is closely
tied to the quality and structure of the prior model—particularly the ID prior accuracy. Additionally, while
training on ID data enables rapid convergence and leverages prior knowledge, it also adds complexity to the
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training process. Moreover, during inference, the requirement to process both the prior model and PViT
increases computational costs.

Future Work. In future work, we plan to further explore and extend the capabilities of PViT. Our study
demonstrates that PViT naturally embeds a beneficial inductive bias into large vision models, which rep-
resenting the class of Al models that is both rapidly expanding and evolving. As the field of computer
vision increasingly mirrors the trajectory of Large Language Models (LLMs), these vision models are now
tasked with the challenge of “planning”, meaning they must direct their capabilities towards specific, con-
trolled outcomes. Looking ahead, we aim to incorporate varying levels of prior knowledge into PViT to
enable large vision models to be fine-tuned for customized objectives and to enhance OOD detection across
diverse scenarios. Additionally, PViT shows promise for improving state-of-the-art architectures like Swin
Transformers, potentially unlocking further innovations in computer vision.
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00D INATURALIST SUN PLACES TEXTURES NINCO OPENIMAGE__ O SSB-HARD Mean
Prior model  Setting G(x) FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC FPR95 AUROC
ResNet50 w/o Prior CE 100.00 12.32 100.00 19.81 100.00 20.13 100.00 16.93 100.00 18.72 100.00 14.44 100.00 29.51 100.00 18.84
KL 94.45 79.78 94.08 76.27 94.09 76.04 84.63 80.64 90.23 79.10 90.82 81.42 94.06 69.37 91.77 77.52
ED 74.32 81.70 70.20 81.95 69.20 81.63 84.59 73.63 83.48 72.86 82.58 74.65 85.25 63.70 78.52 75.73
vit-b-16 w/o Prior CE 100.00 10.54 99.68 19.92 99.65 20.10 99.73 16.89 99.97 18.21 100.00 13.57 99.61 28.99 99.81 18.32
KL 93.23 86.42 92.59 78.70 91.64 78.91 81.95 82.82 89.11 81.61 88.90 85.05 96.17 69.37 90.51 80.41
ED 98.96 63.86 84.09 66.41 86.48 64.07 64.20 67.84 92.04 60.45 83.42 64.65 90.24 60.90 85.63 64.03
w/ Prior CE 2.26 99.39 30.98 93.38 40.35 90.99 32.96 92.05 41.63 90.74 16.59 96.58 58.32 84.49 31.87 92.52
ED 3.27 99.08 30.85 93.00 38.24 91.28 33.30 90.63 38.23 90.93 18.78 95.81 56.78 84.72 31.35 92.21
vit-1p w/o Prior CE 100.00 10.54 99.68 19.92 99.65 20.10 99.73 16.89 99.97 18.21 100.00 13.57 99.61 28.99 99.81 18.32
KL 93.23 86.42 92.59 78.70 91.64 78.91 81.95 82.82 89.11 81.61 88.90 85.05 96.17 69.37 90.51 80.41
ED 98.96 63.86 84.09 66.41 86.48 64.07 64.20 67.84 92.04 60.45 83.42 64.65 90.24 60.90 85.63 64.03
w/ Prior CE 13.08 97.56 41.56 90.99 49.97 88.40 39.56 90.43 49.20 88.33 25.62 95.26 61.31 82.19 40.04 90.45
ED 18.03 96.18 28.75 91.85 37.01 90.24 78.01 79.42 51.02 87.08 49.12 88.92 60.23 80.86 46.02 87.79

Table 5. Ablation study on the effect of priors. “w/o Prior” denotes OOD detection by directly computing the
divergence between a vanilla ViT and the prior model without prior token integration. “w/ Prior” denotes PViT
with integrated prior tokens (highlighted rows). ID dataset is IMAGENET-1K. For vit-b-16, PViT results use DeiT

as the prior model; for vit-lp, PViT results use ViT-B/16 as the prior model.
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A Implementation Details for Reproducibility

A.1 ID datasets

CIFAR10 consists of 60,000 32x32 color images in 10 classes, with 6,000 images per class Krizhevsky| (2009)).
The dataset is divided into 50,000 training images and 10,000 test images. The classes are mutually exclusive
and include objects such as cats, dogs, trucks, and ships.

CIFAR100 is similar to CIFAR10 but contains 100 classes each consisting of 600 images Krizhevsky| (2009).
Each class is divided into 500 training images and 100 testing images. The 100 classes in CIFAR100 are
grouped into 20 super-classes, each comprising 5 sub-classes.

ImageNet-1K, a subset of the larger ImageNet dataset, contains over 1.2 million images spanning 1,000
classes Deng et al.| (2009). IMAGENET-1K is a standard benchmark in computer vision research. Its classes
encompass a wide range of objects, including various species of animals, plants, and everyday objects.

A.2 0OOD datasets

Textures comprises diverse images of textures categorized into several classes, providing a unique challenge
for texture recognition and classification models |Cimpoi et al.| (2014)). It is widely used for evaluating model
robustness against textural variations.

SVHN (Street View House Numbers) contains digit images obtained from house numbers in Google
Street View images. It includes over 600,000 digit images, making it a comprehensive dataset for digit
classification tasks [Netzer et al.| (2011)).

Places is a large-scale dataset of scene-centric images. With 365 scene categories and over 1.8 million images,
it is extensively used for scene recognition and contextual understanding in images |[Zhou et al.| (2017]).

Sun is a dataset of natural scene images under varying illumination and weather conditions, often used for
assessing model performance in diverse environmental settings Xiao et al.| (2010).

SSB-hard and NINCO are datasets specifically designed for evaluating OOD detection in neural net-
works. SSB-hard focuses on subtly different classes, while NINCO provides near-in-context OOD examples,
presenting unique challenges for OOD detection [Vaze et al.| (2022); Bitterwolf et al.| (2023)).

Openlmage-O is a subset of the Openlmages dataset, tailored for OOD detection. It includes a wide
range of object categories not present in standard datasets like ImageNet, making it ideal for testing the
generalizability of models |Wang et al.| (2022a)).

iNaturalist contains images of natural world [Van Horn et al.|(2018). It has 13 super-categories and 5,089
sub-categories covering plants, insects, birds, mammals, and so on. We use the subset that contains 110
plant classes which do not overlap with IMAGENET-1K.

A.3 Prior Models

Pretrained ResNet-18 on CIFAR10: Achieving a test accuracy of 0.9498, this model was trained with
a batch size of 128 over 300 epochs, and validation every 5 epochs. The SGD optimizer was used with
a learning rate of 0.1, momentum of 0.9, and weight decay of 0.0005, paired with a ReduceLROnPlateau
scheduler. This pretrained ResNet-18 model is available on Hugging FaceE|

Thttps://huggingface.co/edadaltocg/resnet18_cifari0


https://huggingface.co/edadaltocg/resnet18_cifar10
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Methods CIFAR10 TEXTURES PLACES SUN SVHN Mean
FPR95 | AUROC?t FPR95] AUROC1t FPR95|, AUROCT FPR9| AUROC?T FPR95] AUROCt FPR95) AUROC T

MSP 79.98 78.68 80.02 78.14 82.52 73.34 74.15 82.06 79.46 80.20 78.44 79.17
MaxLogit 79.36 79.35 78.76 79.33 82.17 73.53 70.45 84.72 77.69 83.20 76.88 80.90
Energy 79.62 79.17 77.75 79.30 82.62 73.36 67.35 85.12 76.82 83.52 76.06 80.98
SSD 92.94 55.31 79.04 71.07 92.41 58.98 77.66 71.67 90.39 68.12 87.77 63.47
ViM 93.57 54.50 82.73 66.53 92.61 56.53 77.59 68.25 85.64 69.28 87.69 61.45
KNN 99.96 31.84 99.50 49.82 99.15 42.16 99.80 46.62 99.92 48.26 99.72 42.87
NNGuide 80.02 78.46 75.85 80.23 81.52 74.46 62.36 86.44 80.64 82.94 75.20 81.39
PViT 81.68 78.99 78.72 79.10 87.12 7117 65.02 85.09 73.87 83.57 79.77 79.25
PViT + KL 84.74 77.29 86.79 76.04 90.68 70.64 75.80 80.59 84.17 79.08 85.20 76.96
PViT + ED 86.88 76.89 81.28 77.90 83.09 71.32 71.73 83.63 79.68 81.04 81.90 77.94

Table B1. Full OOD detection results for CIFAR100 as the ID data.

Pretrained ViT on CIFAR10: The model, with a test accuracy of 0.9788 and a loss of 0.2564, was trained
using an Adam optimizer with a learning rate of 5e-05, and a linear learning rate scheduler. This model can
be found on Hugging Faceﬂ

Pretrained ResNet-18 on CIFAR100: This model recorded a test accuracy of 0.7926. Using SGD
as the optimizer with a learning rate of 0.1, momentum of 0.9, and weight decay of 0.0005, along with a
CosineAnnealingLR scheduler, the model is available on Hugging Faceﬂ

Pretrained ViT on CIFAR100: The fine-tuned version of google/vit-base-patch16-224-in21k on CI-
FARI100 achieved an accuracy of 0.8985 and a loss of 0.4420. It used a learning rate of 0.0002, with train
and eval batch sizes of 16 and 8. The pretrained ViT is available at Hugging FaceE|

Pretrained ResNet-50 on IMAGENET-1K: Provided by Microsoft, this model achieved an accuracy
of approximately 67.35%. The model can be accessed at Hugging Face. E|

Pretrained Google ViT on IMAGENET-1K: The pretrained orginal ViT, fine-tuned on ImageNet-1K,
was initially trained on ImageNet-21k. This model is available at Hugging Face. ﬂ

Pretrained ViT Variants on ImageNet-1K: We explore various ViT configurations as the prior models,
including models trained with different approaches. These configurations include weights trained using the
DelT training recipe, as well as models with the original frozen SWAG trunk weights combined with a linear
classifier. The models are avaible in PyTorch. m

B Additional Evaluation Results
B.1 Full Evaluation Results on CIFAR100

Full evaluation results on CIFAR100 are provided in Tab.

B.2 Full Evaluation Results on IMAGENET-1k

Here we provide addition evaluation results on IMAGENET-1k with different prior models including other
ViTs including DeiT and ViT-swag, and the CNN models including ResNet and RegNet in Fig

%https://huggingface.co/aaraki/vit-base-patch16-224-in21k-finetuned-cifar10

Shttps://huggingface.co/edadaltocg/resnet18_cifar100

4https://huggingface.co/Ahmed9275/Vit-Cifar100

Shttps://huggingface.co/microsoft/resnet-18

Shttps://huggingface.co/google/vit-base-patchl6-224

"https://pytorch.org/vision/main/models/generated/torchvision.models.vit_b_16.html#torchvision.models.vit_
b_16


https://huggingface.co/aaraki/vit-base-patch16-224-in21k-finetuned-cifar10
https://huggingface.co/edadaltocg/resnet18_cifar100
https://huggingface.co/Ahmed9275/Vit-Cifar100
https://huggingface.co/microsoft/resnet-18
https://huggingface.co/google/vit-base-patch16-224
https://pytorch.org/vision/main/models/generated/torchvision.models.vit_b_16.html##torchvision.models.vit_b_16
https://pytorch.org/vision/main/models/generated/torchvision.models.vit_b_16.html##torchvision.models.vit_b_16
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00D Datasets INATURALIST SUN PLACES TEXTURES NINCO OPENIMAGE_O SSB-HARD Mean D
Methods Model FPR95, AUROCtT FPR95, AUROCtT FPR95, AUROCt FPR95, AUROCt FPR95, AUROCt FPR95, AUROCt FPR95, AUROCt FPR95] AUROCt ACC
MSP DeiT 51.52 88.16 66.52 80.94 68.67 80.38 60.23 82.99 73.26 78.08 59.93 84.81 69.02 84.73 64.16 82.87
MaxLogit DeiT 52.26 85.24 66.88 76.39 69.14 75.06 81.69 74.02 72.38 58.75 81.55 85.64 63.17 79.71
Mahalanobis DeiT 21.28 95.59 61.55 85.12 61.48 83.92 87.35 58.74 85.98 91.73 76.58 53.12 86.61
Energy DeiT 64.08 79.24 72.77 70.28 74.31 68.44 79.30 78.46 66.03 76.46 88.16 75.42
SSD DeiT 25.58 94.21 65.75 81.04 66.58 79.90 85.28 61.93 82.89 90.14 80.58 84.86
ViM DeiT 17.12 96.45 58.87 83.14 60.52 81.24 88.17 56.09 84.98 91.93 76.31 86.03
KNN DeiT 71.35 85.55 79.51 79.48 78.61 78.27 82.76 78.94 76.73 85.86 90.23 82.70
NNGuide DeiT 66.93 88.57 76.98 81.94 76.33 80.61 85.68 77.56 80.14 87.93 89.19 84.87
PViT DeiT 2.26 99.39 93.38 40.35 90.99 92.05 41.63 90.74 96.58 84.49 92.52
PViT + KL DeiT 10.47 97.35 87.66 60.90 85.76 87.95 59.87 87.75 93.57 77.35 88.20
PViT + ED DeiT 3.27 99.08 93.00 38.24 91.28 90.63 38.23 90.93 95.81 84.72 92.21
MSP 27.58 93.96 85.18 84.96 61.16 84.37 89.89 75.10 76.41

MaxLogit 13.19 97.19 86.80 86.11 50.97 86.46 93.23 70.13 77.11

Mahalanobis ~ ViT-swag 4.94 98.85 88.15 90.30 41.54 91.17 68.17 76.97

Energy ViT-swag 12.64 97.34 86.48 85.72 52.14 86.12 71.69 76.59

SSD ViT-swag 11.19 97.50 70.87 79.81 67.00 78.96 88.62 89.96 59.10

ViM Vv v 3.42 99.20 88.05 88.46 44.20 89.61 95.79 74.57 74.74

KNN AY g 29.46 94.07 83.88 87.17 68.80 82.50 91.49 86.43 66.51

NNGuide v g 9.17 97.96 90.03 90.01 49.80 89.6 95.47 73.65 77.23

PViT ViT-swag 17.73 96.37 84.24 83.35 59.00 83.70 91.95 76.19 74.00

PViT + KL ViT-swag 44.15 94.11 86.22 87.29 65.02 86.26 92.23 75.92 77.99

PViT + ED  ViT-swag 15.14 95.14 89.48 83.70 48.21 85.14 89.62 68.56 76.24

MSP ResNet50 29.73 93.78 84.56 84.90 60.97 84.79 89.68 80.27 73.25 55.57

MaxLogit ResNet50 22.12 95.99 88.43 88.42 57.86 87.01 92.23 78.91 74.09 49.65
Mahalanobis ~ ResNet50 34.97 94.79 86.55 95.52 63.75 87.13 93.89 85.41 T1.71 53.13

Energy ResNet50 20.99 96.17 88.91 88.89 58.08 86.96 92.32 78.49 74.01 48.12

SSD ResNet50 33.68 94.64 88.34 96.54 69.00 83.63 88.30 66.49 51.68

ViM ResNet50 16.68 96.87 90.86 94.20 61.84 86.95 94.59 85.59 7217 42.40

KNN ResNet50 37.60 93.87 86.98 94.13 69.45 82.02 92.46 90.07 61.65 53.31

NNGuide ResNet50 11.98 97.47 91.66 91.51 60.99 86.56 93.66 82.44 73.06 40.37

PViT ResNet50 23.25 95.97 89.04 89.05 59.24 86.53 92.01 78.93 73.62 48.63

PViT + KL ResNet50 37.11 94.12 84.66 87.27 64.09 85.90 91.03 81.12 73.06 60.07

PViT + ED  ResNet50 16.89 96.09 90.21 85.94 54.71 87.19 91.27 74.99 74.39 46.05

MSP RegNet 23.62 94.64 86.58 86.47 53.23 86.77 91.94 71.97 77.96

MaxLogit RegNet 7.79 98.04 91.55 91.19 3 91.44 95.68 54.33 84.39

Mahalanobis RegNet 2.22 99.36 89.85 93.90 92.06 96.48 71.89 7771

Energy RegNet 6.68 98.28 91.88 91.48 91.53 95.81 52.44 84.82

SSD RegNet 5.11 98.82 85.88 92.58 86.31 93.54 83.70 69.72

ViM RegNet 1.97 99.52 95.58 92.71 97.15 65.66 81.27

KNN RegNet 4.32 98.76 91.93 56.99 85.57 95.51 86.19 67.01

NNGuide RegNet 1.83 99.57 95.82 29.40 93.58 97.73 55.86 84.09

PViT RegNet 14.21 96.64 60.53 78.38 48.10 86.06 54.13 83.87 91.65 72.58 TLTT

PViT + KL RegNet 23.71 94.96 69.99 81.10 61.68 86.14 61.04 86.12 92.00 81.28 73.54

PViT + ED RegNet 64.39 90.09 75.88 78.90 77.38 79.71 62.08 82.84 83.94 78.24 7157

Table B2. Additional OOD detection results for IMAGENET-1K as the ID data.

OOD Dataset Energy KL Cross Entropy Euclidean Distance

FPR95, AUROCtT FPR95] AUROCt FPR95] AUROCT FPR95] AUROC?T
TEXTURE 0.67 99.74 0.78 99.18 0.84 99.55 0.78 99.29
SVHN 25.61 94.43 24.05 95.00 25.06 95.64 24.83 93.31
PLACES365 9.43 95.96 10.88 96.02 8.31 97.89 8.48 96.67
LSUN_C 11.16 96.34 15.07 95.24 13.45 97.34 11.50 97.25
LSUN__RESIZE 39.62 88.06 45.48 87.55 39.45 93.62 38.73 89.92
ISUN 37.22 87.95 43.75 87.99 37.00 93.85 34.60 90.55
CIFAR100 34.21 89.54 36.27 87.72 31.36 93.01 34.65 88.79
Mean Test Results 24.56 93.15 22.54 92.67 22.21 95.84 23.38 93.33

Table B3. OOD detection results for CIFAR10 as the ID data. Scale factor & = 1. 1 indicates larger values are better
and | indicates smaller values are better. All values are percentages.

B.3 Full Evaluation Results on CIFAR10

Comprehensive results of our evaluation on CIFAR10 are provided in Tab. [B3 and Tab. B4l These results
represent the average performance across seven OOD datasets: TEXTURE, SVHN, PLACES365, LSUN_ C,
LSUN_ REsizE, ISUN, and CIFAR100. For a scale factor of o = 1, the detailed results are provided in
Table [B3] In contrast, Table [B4] presents the results for a smaller scale factor of a = le — 3.

B.4 Additional Visualization of the Attention Maps

In addition to visualization of the attention maps presented in the paper, we provide further visualizations
to compare different scaling factors o as shown in Fig. [BIa and Fig. [BIF}
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OOD Dataset

Energy

KL

Cross Entropy

Euclidean Distance

FPR95, AUROCt FPR95] AUROCt FPR95, AUROCt FPR95, AUROCYT

TEXTURE
SVHN
PLACES365
LSUN_C
LSUN_ RESIZE
ISUN
CIFAR100

0.95
30.25
7.59
11.50
43.53
37.44
33.71

99.65
93.18
97.71
97.57
89.36
90.19
89.95

48.10
71.21
46.99
51.62
79.69
77.18
74.89

90.37
69.92
83.43
82.03
51.58
55.88
66.06

1.06
22.54
10.60
13.90
42.02
36.66
33.20

99.18
94.50
97.07
96.54
91.10
91.43
90.41

11.89
45.93
22.43
24.55
54.41
54.07
50.33

96.63
77.21
89.52
89.83
68.40
70.98
74.63

Mean Test Results

23.57

93.94

64.24

71.32

22.86

94.32

37.66

81.03

Table B4. OOD detection results for CIFAR10 as the ID data. Scale factor &« = 1le — 3. 1 indicates larger values are
better and | indicates smaller values are better. All values are percentages.
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(a) Additional visualization of attention maps for ID images with varying scaling factors « for prior token embedding, generated
from the last layer and the first MSA head. From left to right, each column represents the scale factor value of a = 100, a = 5,
a =1, @ =0.1. The figures are sourced from IMAGENET-1K, representing ID data.
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(b) Additional visualization of attention maps for OOD images with varying scaling factors « for prior token embedding,
generated from the last layer and the first MSA head. From left to right, each column represents the scale factor value of
a =100, «a =5, a =1, @ = 0.1. The figures are sourced from OPENIMAGE_ O, representing OOD data.

Figure B1. Additional visualizations of attention maps for ID and OOD data under different scaling factors of a.
Each subfigure illustrates how varying scaling factors affect attention maps for ID and OOD data respectively.
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