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Abstract

Recent advancements in CLIP-based out-of-distribution
(0OO0D) detection have shown promising results via regular-
ization on prompt tuning, leveraging background features
extracted from a few in-distribution (ID) samples as proxies
for OOD features. However, these methods suffer from an
inherent limitation: a lack of diversity in the extracted OOD
features from the few-shot ID data. To address this issue,
we propose to leverage external datasets as auxiliary out-
lier data (i.e., pseudo OOD samples) to extract rich, diverse
OOD features, with the features from not only background
regions but also foreground object regions, thereby support-
ing more discriminative prompt tuning for OOD detection.
We further introduce Auxiliary Prompt Tuning (APT), a
novel framework that can be used as a plug-in module to
enable existing prompt tuning-based methods to utilize the
auxiliary data for more accurate OOD detection. There
are two key challenges of utilizing those auxiliary data in
prompt tuning, including I) foreground-background decom-
position of unlabeled auxiliary data with diverse outlying
objects and II) optimization of foreground OOD features.
APT tackles challenge I with an adaptive logit-based Kull-
back—Leibler divergence method and challenge II by con-
structing foreground-background pairs for each foreground
region to enable effective exploitation of foreground OOD
features. Extensive experiments on standard and hard OOD
benchmarks show that APT achieves state-of-the-art perfor-
mance, obtaining significant improvements in challenging
scenarios, e.g., hard OOD and 1-shot detection.

1. Introduction

Deep neural networks (DNNs) are widely known to be over-
confident on out-of-distribution (OOD) data [9, 16, 20, 28],
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(a) Hard OOD benchmark. (b) Standard OOD benchmarks.
Figure 1. OOD detection performance in 1-shot training with

ImageNet-1K [4] as ID data. (a) presents evaluation results of ex-
isting state-of-the-art (SotA) few-shot methods on the large-scale
hard OOD test set ImageNet-1k-OOD [32] involving categories
semantically similar to ID data, where they even underperform
zero-shot methods. (b) shows average performance across four
standard benchmarks following a popular protocol [11, 36]. These
SotA methods suffer significant performance degradation on hard
OOD scenarios, whereas our proposed APT can substantially en-
hance these detectors in both standard and hard scenarios.

often misclassifying OOD samples from unknown classes
as one of the known classes. This phenomenon poses
critical risks in safety-sensitive applications such as au-
tonomous driving [12] and medical diagnosis [14]. One
notorious problem in OOD detection is the lack of ground-
truth information on test-time OOD samples, as they can
be drawn from any unknown distribution [11, 19]. Re-
cent works [2, 22, 36] tackle this problem by leveraging
background features extracted from a few in-distribution
(ID) samples as proxies for OOD features to facilitate
prompt tuning of vision-language models (VLMs), such as
CLIP [26], for the OOD detection task. Despite showing
good performance on existing benchmarks, these methods
suffer from the lack of diversity in the extracted OOD fea-
tures from those few-shot ID data, leading to significant
performance degradation on challenging scenarios, e.g., de-
tection of hard OODs, where they can even underperform
zero-shot baselines (see Fig. 1).

To address this issue, we propose to leverage samples
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(a) Original image.

(b) Foreground masked image.

Figure 2. Foreground-background region decomposition via our
proposed adaptive logit-based KL divergence. The masked regions
have higher semantic similarity to the global/whole image.

from external datasets as auxiliary outlier data (i.e., sam-
ples of classes that do not overlap with ID and ground-
truth OOD classes, a.k.a. pseudo OOD samples) to ob-
tain diverse OOD features from abundant background and
foreground features. A similar approach, known as out-
lier exposure (OE) [9], is widely used in traditional OOD
detection [16, 18, 30]. But to our knowledge, how to ex-
ploit such auxiliary data in prompt tuning of VLMs for
OOD detection has not been explored in the literature due
to the following two key challenges. One is the foreground-
background region decomposition of large-scale auxiliary
data of diverse unknown foreground objects. Existing meth-
ods [5, 13, 22, 36] rely on ground-truth labels in the ID data
to decompose the foreground-background regions, which is
infeasible for unlabeled auxiliary data with unknown outly-
ing objects. The other lies in the optimization of foreground
OOD features. Although simple fitting of those foreground
OOD features in the optimization can improve the hard
OOD performance, it can overfit these pseudo foreground
OOD objects, impairing the OOD capability on large scene
datasets (e.g., SUN [34] and Places [38]) where OOD sam-
ples do not have clear foreground objects (see Table 4a).

In this work, we tackle these two challenges with a
novel framework, Auxiliary Prompt Tuning (APT). APT
can serve as a general plug-in module for enabling exist-
ing prompt tuning methods to obtain diverse OOD features
from the auxiliary data and then leverage them for enhanced
OOD detection models. APT consists of two novel com-
ponents: 1) foreground-background region decomposition
via adaptive logit-based Kullback-Leibler (KL) divergence
(namely ALK) and 2) foreground-background pairing for
superior foreground OOD feature regularization (namely
PairReg). In ALK, we measure the KL divergence be-
tween the classification logits of local image regions and
their corresponding global image to quantify their seman-
tic similarity for the decomposition. The key insight is
that, due to the superior local region’s visual and textual
alignment in VLMs like CLIP [22, 39], the foreground re-
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gions often have high semantic similarity to the global im-
age, exhibiting classification logits more closely aligned
with those of the corresponding global image, compared
to the background regions that have low semantic sim-
ilarity. As a result, regardless of the diverse unknown
objects in the auxiliary data, regions with higher logit-
based semantic similarity can be identified as foreground,
while regions with lower semantic similarity are consid-
ered as background, enabling label-free decomposition of
foreground-background regions (see Fig. 2). Subsequently,
PairReg constructs foreground-background pairs for each
foreground region for joint regularization, enabling knowl-
edge transfer from background to foreground representa-
tions. This allows effective foreground OOD feature op-
timization while at the same time balancing foreground-
background OOD features, rather than overfitting the fore-
ground features. Our contributions are summarized as:

We reveal the problem of lacking diverse OOD features in
current prompt tuning-based OOD detectors, which can
lead to significant performance degradation on challeng-
ing OOD detection scenarios, e.g., hard OOD tasks.

We then propose to leverage auxiliary data to incorporate
diverse OOD features into prompt tuning for OOD detec-
tion. To make it possible, we curate an auxiliary dataset
for well-established OOD detection benchmarks.

We further introduce a novel Auxiliary Prompt Tuning
(APT) framework. It consists of two novel components
and can be used as a plug-in module to enable exist-
ing prompt tuning-based methods to effectively extract
diverse OOD features from auxiliary data and leverage
them for more accurate OOD detection (see Fig. 1).
Comprehensive results show that APT achieves SotA per-
formance on standard and hard OOD benchmarks, with
significant improvements in challenging scenarios, e.g.,
reducing 4.94% FPR95 in 1-shot hard OOD tasks.

2. Related Work

OOD Detection in VLMs. Current VLM/CLIP-based
OOD detection focuses on two primary paradigms: zero-
shot methods and prompt tuning techniques. Zero-shot
methods operate without requiring ID images during train-
ing or inference. MCM [21] is an early method that aligns
visual features with textual concepts through softmax prob-
ability maximization. GL-MCM [23] extends MCM [21] by
incorporating local region scoring to improve fine-grained
detection. CLIPN [33] trains an auxiliary text encoder with
large-scale external datasets, but it cannot be optimized for
specific ID data and requires extensive training overhead.
OLE ding2024zero explores the use of outlier label data
through CLIP. In contrast, prompt tuning techniques use
limited labeled ID data for optimization. LSN [24] and
NegPrompt [15] employ negative prompts to capture ID



sample semantics, but they need carefully prompt design.
Recently, LoCoOp [22] achieves significant success by us-
ing extracted background features as OOD features to per-
form OOD regularization. IDLike [2] randomly crops train-
ing ID data to obtain enhanced OOD features from aug-
mented background features. SCT [36] further extends Lo-
CoOp [22] by calibrating the extracted background features
to mitigate inaccurate foreground-background decomposi-
tion. However, they exhibit limited effectiveness in chal-
lenging scenarios, e.g., hard OOD scenarios, due to the lack
of diversity for OOD features extracted from background
representations under few-shot ID data. Therefore, we pro-
pose to leverage auxiliary data to extract diverse OOD fea-
tures for enhanced prompt tuning.

OOD Detection with Auxiliary Data. A popular branch
of OOD detection methods [1, 6-8, 10, 17, 25, 29] is to
leverage auxiliary data (i.e., pseudo OOD data, assuming
that do not overlap with ID and test-time OOD samples)
to enhance the discriminability between OOD and ID data.
OE [9] pioneered this paradigm by enforcing uniform pre-
diction on auxiliary data, demonstrating its potential for
OOD detection. Subsequently, EnergyOE [16] maximizes
the free energy of auxiliary samples, and HB [10] employs
energy-based Hopfield boosting to refine OOD discrimina-
tion, achieving substantial performance improvement. De-
spite these advancements, to our knowledge, no work has
been done on exploring such auxiliary data to enhance
prompt tuning for OOD detection. In addition, multiple
auxiliary datasets have emerged. UDG [35] introduces a
semantically coherent OOD benchmark but is limited to
small-scale ID datasets. DOE [37] utilizes the ImageNet-
21K-P [27] as the auxiliary dataset for ImageNet-1K [4]
but lacks a challenging OOD test set. PASCL [32] con-
structs ImageNet-Extra (auxiliary dataset) and ImageNet-
1k-OOD (large-scale hard OOD test set) from ImageNet-
21K [28] for ImageNet-1K-based ID data, but there are
overlapping classes between ImageNet-Extra and the cur-
rent CLIP-based OOD benchmarks. Therefore, we curate
an auxiliary dataset derived from ImageNet-Extra that re-
moves such overlapping to support the utilization of those
auxiliary data in OOD detection with VLMs.

3. Problem Statement

Preliminaries. In VLM-based OOD detection, ID classes
refer to the classes used in downstream classification tasks,
distinct from classes used during pre-training. OOD classes
can be any classes that are different from these ID classes.
CLIP is commonly used as the instantiation of the VLM.
Formally, let X;,, be the input space of the ID data, Y;,, =
{1,2,..., M} be the ID label space, X, and Y,z =
{M + 1, M + 2, ...} denote input space and label space for
OOD data, respectively, with no class overlap between ID
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and OOD data (Y;, N Y, = 0, then a popular objective
of OOD detection with VLMs is to train a set of prompts
such that for any test data x € X, U X,,;: if  drawn from
Xn, it can be classified into correct ID class; and if x is
drawn from X,,;, it can be detected as OOD data. CLIP-
based OOD detection often takes a few-shot setting, where
only a limited number of ID images in each class (e.g., 1
or 16 images) are used during training. It is normally as-
sumed that genuine OOD data X,,,; is not available during
training since OOD samples are unknown instances. On the
other hand, auxiliary data X, that is not X, but drawn
from a different distribution other than X;,, are often avail-
able. These auxiliary samples X, can be used as pseudo
OOD samples to support the training of OOD detectors.

Vanilla Prompt Tuning. Formally, given an ID image x;,,
and its corresponding label y;,, we can obtain the global
visual feature f;p, = f(x;,) with the CLIP’s visual encoder
f (). The textual prompt vectors for a class can be denoted
as t, = {wi,ws,...,wnN,Cn}, Where ¢, represents the
class embedding of a ID class token and w = {w,|Y_;}
corresponds to N learnable context vectors. Each learnable
context vector has the same dimension as the class token
embedding. The text encoder g(-) maps a prompt vector &,,
to a textual feature vector g,, = ¢g(t,,) for the ID classes.
The CLIP-based prediction probability can be computed as:
€Xp (Sim (.fin, gm) /T)
S =1 XD (S0 (Fin Gy /7)]

where sim (-, -) denotes the cosine similarity function and T
is a temperature parameter.

p(y =m | :Z?m) = (1)

Prompt Tuning with Background Features for OOD De-
tection. Compared with vanilla prompt tuning methods
like CoOp [40], LoCoOp [22] is an advanced prompt tun-
ing framework that performs regularization on extracted lo-
cal/background features from ID-irrelevant background re-
gions for OOD detection. Specifically, given ID training
data D;,, = (Xin, Yin), LoCoOp [22] minimizes:

‘CLOCOOP = E(a:,y)NDm [ECE(p(y|x)7 y) + /\EOOD(p(R(x)))] )
2
where (cg(-) is a cross-entropy loss, {oop(-) is the nega-
tive entropy of the given probability vector, and A is a hy-
perparameter. R(-) is a ranking-based approach to extract
ID-irrelevant background regions in LoCoOp [22].
Building upon LoCoOp [22], SCT [36] introduces two
calibration factors to refine the regularization of background
features, mitigating inaccurate foreground-background de-
composition. The objective in SCT [36] is defined as:

Lscr = E(g ), lee(@y]z), y) * (1 — p(ylz))+
Moo (p(R(x))) * p(y|x)], (3)

where SCT [36] retains the same ranking-based approach
as LoCoOp to extract background regions. However, this
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Figure 3. Overview of the proposed APT. APT first projects both local and global features from the CLIP visual feature map into the textual
embedding space to obtain their classification logits. Then, APT decomposes foreground-background regions based on their semantic
similarities to the global features, which are calculated by the KL divergence between local logits and the corresponding global logits. APT
subsequently constructs foreground-background pairs for each foreground region and performs joint regularization on the background

regions and paired instances via entropy maximization.

approach requires ground-truth labels of the input images,
which can be too costly for large-scale auxiliary data with
diverse unknown foreground objects. We propose an adap-
tive logit-based KL divergence method for foreground-
background decomposition to eliminate this requirement.

Test-time OOD Detection. During inference, following
prior studies [13, 36], we use GL-MCM [23] to obtain OOD
scores by default since it has demonstrated superior perfor-
mance over other methods, such as MCM [21]. It combines
the maximum softmax probability derived from global and
local image features. Formally, the scoring is defined as:

exp (sim (f,q,,) /T
St aicn(x) = max — p( (.f 9n) /T)
m Zmlzl exp (Slm (fa gm’) /T)
max L I0n) /1)
mii 3y exp (sim (f%, g,,) /7)
where f denotes the global image features of a test sample

x, f* denotes the local image features of the i-th region of
x, and 7 is a temperature parameter fixed to one.

4. The Proposed Approach APT

We introduce the APT approach to effectively utilize the
auxiliary data for empowering prompt tuning methods in
VLM-based OOD detection. As illustrated in Fig. 3, APT
consists of two novel components: 1) ALK: foreground-
background region decomposition via adaptive logit-based
KL divergence and 2) PairReg: foreground-background
pairing for foreground OOD feature regularization.

4.1. Adaptive Logit-based KL Divergence

Existing methods rely on ground-truth labels of input im-
ages to decompose foreground-background regions, which
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is infeasible for large-scale unlabeled auxiliary data. To ad-
dress this issue, we propose ALK, which adaptively quanti-
fies the semantic similarity between local image regions and
their corresponding global image by measuring the KL di-
vergence between their classification logits. It then uses this
semantic similarity to decompose foreground-background
regions. This is because the foreground regions of an im-
age typically have higher semantic similarity to the corre-
sponding global image than its background regions. More
importantly, the regions with higher semantic similarity to
the global image exhibit classification logits more closely
aligned with those of the corresponding global image, pri-
marily due to the CLIP’s superior local visual and textual
feature alignment [39].

To be specific, for an input image * € Xgy,, We ex-
tract local feature f* from the CLIP visual feature map for
each of its regions x;. Let a set of all region indices be
I=4{0,1,2,.... H x W — 1}, where H and W denote the
height and width of the feature map of z, for each region
x;, we can then adaptively calculate local logits p(x;) by
computing the similarity between the local features f* and
the text features of the ID classes [23, 39] as follows:

exp (sim (fi,gm) /7')
Sy exp (sim (£%,g,,/) /7)

The decomposition of foreground and background regions
for each x from the auxiliary data can be formulated as:

Ty = {i € I KL(S(p(2)) | S(p(x))) > e},
Jore = {i € I KL(S(p(x)) || S(p(2))) < €},

®)

p(xi) =

(6)

Where KL is the KL divergence function, S(-) is a Softmax
operation, € is a threshold hyperparameter — a percentage to



measure the ratio of foreground regions to all image regions
— to decompose foreground-background regions, and p(z)
is the resulting global logits of x as in Eq. 1. Note that the
region set J, = J2** U Jf°r¢ of z is continuously updated
relative to p(z) and p(x;) during training.

4.2. Foreground-background Pair Regularization

While directly performing regularization on foreground
regions Jyo. can improve hard OOD detection perfor-
mance, it can overfit the seen OOD features, impair-
ing OOD detection capability on OOD samples that lack
clear foreground objects. To address this issue, we pro-
pose a foreground-background pairing-based regulariza-
tion method, PairReg. Specifically, it constructs local
foreground-background pairs for a joint regularization, en-
abling knowledge transfer from background to foreground
representations during auxiliary feature optimization. By
doing so, it enhances the detection of OOD samples with
foreground objects, e.g., hard OOD samples, while at the
same time preserving its discriminative OOD detection ca-
pability on background/scene-focused OOD samples.

Background-foreground Pairing. Formally, given an in-
put image x € Xgy,, for each i-th foreground region
x; € JI°7¢ with classification logits p(z;), we randomly
sample a j-th background region from the image Z, having
#; € J2*k with classification logits p(#;) (z and & come
from the same training batch). After that, the foreground-
background pair is constructed via element-wise addition of
their classification logits:

(N

ppair(xi) = p(CCL) + p(j:j)'

We construct the foreground-background pair for each fore-
ground region and regularize these pairs instead of directly
regularizing the foreground regions.

Joint Regularization with the Pairs. For background re-
gions Jpeck, We adopt the same regularization strategy as
background features from ID data, as they are both back-
ground features, which helps consistently improve detection
performance on both standard and hard OOD scenarios. We
also perform regularization with the obtained pairs to regu-
larize the foreground OOD feature learning, which further
improves the OOD detection in challenging scenarios. The
overall APT loss is then defined as follows:

Lapr = Eenx,,.[aloon(p(J2**))+

BEOOD(ppair(Jgore))L (8)

where £oop(-) denotes the negative entropy of the given
probability vector [22], and « and S are hyperparameters.

Overall Objective. The final training objective as follows:

L=Lip+ Lapr, )
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ID:ImageNet-10 ID:ImageNet-20 ID:ImageNet-1k

Method OOD:ImageNet-20  OOD:ImageNet-10 OOD:ImageNet-1k-OOD
FPR95] AUROCt FPR95] AUROCT FPR95| AUROC?T
Zero-shot methods
MCM [21] 5.00 98.71 12.91 98.09 93.90 53.82
GL-MCM [23]  10.10 98.04 9.00 98.62 91.35 60.32
Prompt tuning-based methods
1-shot
LoCoOp [22] 16.00 96.59 18.50 95.78 95.79 54.40
IDLike [2] 14.36 96.92 16.85 96.27 94.88 54.70
LSN [24] 20.26 96.31 21.74 94.95 96.53 53.14
GalLoP [13] 12.77 97.52 14.30 96.29 94.67 56.20
SCT [36] 13.50 97.03 15.00 96.62 94.06 56.70
Ours 7.80 97.95 9.60 98.18 89.12 65.62
16-shot
LoCoOp [22] 8.60 97.92 10.60 98.56 93.86 57.29
IDLike [2] 9.43 97.32 10.28 97.96 93.07 57.59
LSN [24] 14.93 96.77 15.86 97.54 94.42 54.29
GalLoP [13] 7.65 97.86 9.22 98.12 93.03 56.80
SCT [36] 6.80 98.21 8.10 98.80 93.43 57.72
Ours 2.97 99.27 4.99 98.95 87.64 65.86

Table 1. Comparison results on hard OOD benchmarks.

where £ 4 pr (defined in Eq. 8) denotes our proposed reg-
ularization loss applied to the auxiliary data, and L;p
denotes a regularization loss on ID data. Our proposed
APT provides a general framework through the objective in
Eq. 9, enabling current prompt tuning methods based solely
on ID data to be easily plugged in via the use of their loss
to implement L£;p, e.g., using Eq. 2 and Eq. 3 to instantiate
L p to derive APT-enabled LoCoOp and SCT respectively.

5. Experiments

5.1. Datasets

ID Datasets. We adopt ImageNet-1K [4] as an ID dataset
following [22, 36]. For a more comprehensive evaluation,
we also use ImageNet-10 [23] and ImageNet-20 [23], both
of which are subsets of ImageNet-1k, as ID datasets, fol-
lowing hard OOD detection protocols [23, 36].

OOD Datasets. Following [23, 36], we use ImageNet-20
as the OOD test set for ImageNet-10, and use ImageNet-
10 as the OOD test set for ImageNet-20. For ImageNet-
1k, we follow the same protocols as [11, 22, 36] by using
standard OOD benchmarks that include subsets of iNatural-
ist [31], SUN [34], Places [38], and Textures [3]. Notably,
these benchmarks for ImageNet- 1k lack hard OOD samples
that have semantically similar foreground objects to ID ob-
jects. The ImageNet-10/20 benchmarks are hard OOD sam-
ples to each other, but they are limited in scale. Therefore,
we propose to use ImageNet-1k-OOD [32] as an OOD test
set to evaluate the large-scale hard OOD detection capabil-
ity against the ID data in ImageNet-1k. ImageNet-1k-OOD
contains 50, 000 images for 1, 000 classes from ImageNet-
21k [28], having no overlap but semantically similar to the
ID classes in ImageNet- 1k.

Auxiliary Datasets. Current CLIP-based OOD detec-
tion lacks a dedicated auxiliary dataset for training. To



Method iNaturalist SUN Places365 Textures Average
FPR95| AUROCt FPR95| AUROCt FPR95] AUROCtT FPR95], AUROCT FPR95, AUROCT
Zero-shot methods
MCM [21] 31.86 94.17 37.28 92.55 42.94 90.09 58.37 85.83 42.61 90.66
GL-MCM [23] 15.16 96.71 29.16 93.41 37.07 90.37 58.85 83.11 35.06 90.90
prompt tuning-based methods
1-shot
LoCoOp [22] 23.53 94.89 24.15 94.55 32.84 91.51 50.67 87.01 32.79 91.99
IDLike [2] 12.07 97.65 40.55 91.07 47.94 88.31 38.34 89.67 34.72 91.67
LSN [24] 59.28 87.20 40.15 91.47 46.11 88.74 60.34 83.92 51.47 87.84
GalLoP [13] 19.63 95.21 27.66 92.82 33.49 90.61 45.52 87.44 31.58 91.52
SCT [36] 19.16 95.70 23.52 94.58 32.81 91.23 48.87 86.66 31.09 92.04
Ours 13.94 96.89 18.93 95.80 28.04 92.96 50.96 86.49 27.97 93.03
16-shot

LoCoOp [22] 17.58 96.30 22.82 95.20 32.21 92.03 45.27 88.86 29.47 93.10
IDLike [2] 9.71 98.05 38.93 90.54 47.06 88.06 32.82 91.89 32.12 92.14
LSN [24] 36.17 92.66 34.27 93.53 41.47 90.52 46.43 89.38 39.58 91.53
GalLoP [13] 13.70 97.10 24.90 94.00 32.50 91.30 38.40 90.40 27.30 93.20
SCT [36] 13.94 95.86 20.55 95.33 29.86 92.24 41.51 89.06 26.47 93.37
Ours 9.70 97.79 20.12 95.52 28.54 92.84 45.78 88.43 26.03 93.64

Table 2. Comparison results on standard OOD benchmarks with ImageNet-1k as ID dataset.

bridge this gap, we introduce an auxiliary dataset, namely
ImageNet-Extra 2.0, based on a curated extension of
ImageNet-Extra [32], which contains 500 non-overlapping
classes from ImageNet-21k [28] relative to ImageNet-1k
and ImageNet-1k-OOD [32]. We also manually remove 23
classes from ImageNet-Extra [32] to eliminate class over-
laps with the aforementioned standard OOD benchmarks.
ImageNet-Extra 2.0 is used for auxiliary OOD feature learn-
ing for both standard and hard OOD detection settings.

5.2. Experimental Setup

Implementation Details. Following [22, 36], we use CLIP
ViT-B/16 as the backbone and train for 25 epochs. The
batch size is set to 96, with 32 ID samples and 64 auxil-
iary samples. For the threshold € in ALK, we use a per-
centage € = 0.4 (i.e., 40% is the foreground region). In the
APT loss, we use a = 0.6 and 5 = 0.2 by default. For
other hyperparameters in the ID loss (L;p in Eq. 9), we use
the same implementation as the original papers. Follow-
ing this, we implement the plug-in of APT in three SotA
prompt tuning-based methods, LoCoOp [22], IDLike [2],
and SCT [36], denoted by LoCoOp+APT, IDLike+APT,
and SCT+APT. For the few-shot training, following the
prior studies [22, 36], we report the results of 1-shot and
16-shot ID data, respectively. The average results over three
runs are reported for comparison.

Evaluation Metrics. Following [2, 36], we use the follow-
ing two common metrics for OOD detection: 1) the false
positive rate of OOD images when the true positive rate of
ID images is at 95% (FPR95), and 2) the area under the
receiver operating characteristic curve (AUROC).

Comparison Baselines. We compare APT with sev-
eral SotA methods from two categories, including post-
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hoc methods MCM [21] and GL-MCM [23], and prompt
tuning-based methods LoCoOp [22], IDLike [2], LSN [24],
GalLoP [13] and SCT [36].

5.3. Main Results

Hard OOD Detection Performance. In Table 1, we
present the comparison of our method (SCT+APT) with
SotA OOD detectors on three hard OOD detection bench-
marks: ImageNet-10, ImageNet-20, and ImageNet-1K. It
can be observed that existing prompt tuning-based meth-
ods are ineffective on these benchmarks, suffering signifi-
cant performance degradation compared to zero-shot base-
lines. This can be attributed to the lack of diversity in the
extracted OOD features from the few-shot ID data. In con-
trast, our method achieves SotA performance across both
evaluation metrics in all three hard OOD benchmarks, out-
performing the competing methods by a large margin, espe-
cially in FPRO5. As the only method to consistently outper-
form zero-shot baselines by substantial margins, APT suc-
cessfully leverages the auxiliary data to overcome the OOD
feature diversity issue inherent to prompt tuning methods
in hard OOD scenarios. Notably, our method shows par-
ticularly remarkable gains in the 1-shot setting, where the
diversity issue is more severe.

Standard OOD Detection Performance. In Table 2, we
present the comparison results on the four standard OOD
benchmarks with ImageNet-1k as ID data. Our method
(SCT+APT) achieves consistently better overall perfor-
mance in both FPR95 and AUROC metrics. Similar to the
results in Table 1, our method also achieves particularly
larger improvement in the 1-shot setting. This showcases
the effectiveness of APT in leveraging auxiliary data to en-
hance the OOD detection of VLMs under varying scenarios.



OOD Data Standard OOD Data Hard OOD Data
Method iNaturalist SUN Places365 Textures Average ImageNet-1k-OOD
FPR95] AUROCT FPR95) AUROCT FPR95] AUROCT FPR95| AUROCT FPR95) AUROCT | FPR95, AUROCT
1-shot
LoCoOp [22] 23.53 94.89 24.15 94.55 32.84 91.51 50.67 87.01 32.79 91.99 95.79 54.40
LoCoOp+APT  13.53 97.09 19.62 95.81 29.08 92.95 49.84 87.24 28.02 93.27 90.54 64.78
IDLike [2] 12.07 97.65 40.55 91.07 47.94 88.31 38.34 89.67 34.72 91.67 94.88 54.70
IDLike+APT 10.14 98.22 33.82 92.49 41.54 90.07 38.71 90.02 31.05 92.70 90.13 63.49
SCT [36] 19.16 95.70 23.52 94.58 32.81 91.23 48.87 86.66 31.09 92.04 94.06 56.70
SCT+APT 13.94 96.89 18.93 95.80 28.04 92.96 50.96 86.49 27.97 93.03 89.12 65.62
16-shot
LoCoOp [22] 17.58 96.30 22.82 95.20 32.21 92.03 45.27 88.86 29.47 93.10 93.86 57.29
LoCoOp+APT  13.29 97.05 20.43 95.56 28.65 92.98 46.40 87.98 27.19 93.39 89.11 65.24
IDLike [2] 9.71 98.05 38.93 90.54 47.06 88.06 32.82 91.89 32.12 92.14 93.07 57.59
IDLike+APT 8.22 98.46 31.52 93.01 37.57 91.32 33.73 91.22 27.76 93.50 89.24 65.48
SCT [36] 13.94 95.86 20.55 95.33 29.86 92.24 41.51 89.06 26.47 93.37 93.43 57.72
SCT+APT 9.70 97.79 20.12 95.52 28.54 92.84 45.78 88.43 26.03 93.64 87.64 65.86

Table 3. OOD detection performance results of plugging APT in three SotA prompt tuning methods, with ImageNet-1k as ID dataset.

Shot  Back Pair Standard OODs ImageNet-1k-OOD
FPR95] AUROCT FPR95] AUROCT
X X 31.09 92.04 94.06 56.70
L-shot v X 29.02 92.88 93.14 58.65
) X v 29.57 91.46 90.35 63.10
v v 27.97 93.03 89.12 65.62
X X 26.47 93.37 93.43 57.72
16-shot v X 26.08 93.60 92.07 59.41
X v 26.39 93.44 89.27 64.52
v v 26.03 93.64 87.64 65.86

Table 4. Ablation study results on ImageNet-1K. Standard OODs
denote the average results on four standard OOD benchmarks.

Enabling Existing SotA Methods. Table 3 evaluates the
effectiveness of our APT when plugging in three SotA
prompt tuning methods (LoCoOp, IDLike, and SCT) for
utilizing auxiliary data. The results show that APT can con-
sistently enhance these three SotA OOD detectors across
the standard and hard OOD scenarios, highlighting its uni-
versal effectiveness in leveraging auxiliary data for distin-
guishing OOD samples with different prompt tuning meth-
ods. This consistent improvement also justifies that one
main limitation of current SotA is the lack of diverse OOD
features, and APT is an effective plug-in for tackling this
issue. Note that APT works less effectively on the OOD
test set Texture due to its texture images having a huge se-
mantic difference with natural images, making it difficult to
learn this OOD information from the natural images in the
auxiliary dataset ImageNet-Extra.

5.4. Discussion

Ablation Study. The effectiveness of regularization applied
to background regions (Back) and foreground-background
pairs (Pair) is presented in Table 4, using SCT [36] as
the baseline. The results show that 1) Back: regularizing
diverse background features extracted from auxiliary data
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Method Standard OODs  ImageNet-1k-OOD
FPR95S AUROC FPR95 AUROC
SCT 31.09 92.04 94.06 56.70
SCT+OE [9] 36.47 90.17 96.26 55.13
SCT+EnergyOE [16]  40.52 86.21 96.98 54.22
SCT+APT 27.97 93.03 89.12 65.62

Table 5. OE methods on ImageNet-1K under 1-shot setting. Stan-
dard OODs present the average results on four standard OODs.

SCT
SCT+Fore
SCT+APT

Basel ine
%0.5
x1

X2

x4

X8

Places365 SUN LoCoOp+APT SCT+APT

(a) Large scene performance (b) Auxiliary data quantity

Figure 4. Performance on ImageNet-1K under 1-shot setting.

can consistently improve OOD detection performance on
both standard and hard OOD scenarios, 2) Pair: perform-
ing regularization on the foreground-background pairs sig-
nificantly improves hard OOD detection performance with
comparable performance in standard OOD detection, 3)
combining these two regularization strategies contributes to
the overall superior performance of the full model of APT.

APT vs. Existing Outlier Exposure Methods. Table 5
presents the comparison of our APT with two SotA outlier
exposure methods, OE [9] and EnergyOE [16], for utilizing
the auxiliary data within SCT. The results show that existing
SotA outlier exposure methods cannot be directly applied
to boost CLIP-based OOD detection. In contrast, our APT
achieves significant improvement.

Performance on Scene-based OODs. Fig. 4a reveals the
ineffectiveness of directly applying regularization on fore-
ground representations (SCT+Fore) on two OOD bench-
marks Places365 and SUN where OOD samples do not have



—— SCT+APT
~——— LoCoOp+APT

—— SCT+APT
~——— LoCoOp+APT

(a) Results on standard benchmarks. (b) Results on ImageNet-1k-OOD.

—— SCT+APT
——— LoCoOp+APT

—— SCT+APT
\ ——— LoCoOp+APT

(c) Results on standard benchmarks. (d) Results on ImageNet-1k-OOD.

Figure 5. Hyperparameter analysis under 1-shot setting.

clear foreground objects. In contrast, enforcing regulariza-
tion on our proposed foreground-background pairs can ef-
fectively address this issue, demonstrating that transferring
knowledge from background features to foreground features
during foreground OOD representation optimization helps
overcome overfitting to the foreground OOD features.

Impact of Auxiliary Data Quantity. Fig. 4b presents the
impact of varying auxiliary data quantities on OOD capabil-
ity. We evaluate different auxiliary data batch sizes (Base-
line, x0.5, x1, x2, x4, and x8). The “Baseline” refers to
the original LoCoOp or SCT without auxiliary data, where
x denotes the ratio of the auxiliary data size to the ID data
size in a batch. The ID data size in each batch is fixed at 32
for all experiments. The results indicate that as the number
of auxiliary data increases, the OOD detection performance
also improves and tends to gradually stabilize. The underly-
ing reason is that the utilization of auxiliary data is relative
to the expressiveness of ID data. When the ID feature infor-
mation is fixed, the auxiliary data cannot infinitely improve
the performance through more OOD features.

Hyperparameter Analysis. We conduct a comprehensive
analysis on € in Eq. 6, which is an important hyperparame-
ter in foreground-background decomposition. Experiments
are performed using e values ranging from 0 (original im-
age regions without pairing) to 1 (fully paired all image re-
gions). Fig. 5a presents the average results across four stan-
dard OOD benchmarks, while Fig. 5b presents results on
the hard OOD benchmark. Both experiences degraded per-
formance at € = 0, i.e., directly regularizing all original im-
age regions. The performance improves significantly as the
number of paired regions increases, demonstrating the ad-
vantage of foreground-background pairing. Notably, even
when most image regions are paired, its performance still
outperforms directly regularizing all original regions. This
demonstrates the robustness of our image pairing method in
benefiting from diverse OOD features in the auxiliary data.
In general, determining e is easy, as the performance of APT
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Figure 6. Visualization of extracted foreground regions (masked).

is generally stable. Furthermore, we also present the sensi-
tivity of parameter « and 3 in Eq. 8 in Fig. 5c¢ and Fig. 5d,
which are also relatively stable within a range of values.

Quantitative Analysis. Fig. 6 presents a visual comparison
of the extracted foreground regions from our proposed ALK
and the ranking-based approach [22]. The results show that
ALK more effectively identifies foreground regions, partic-
ularly in scenarios where background regions exhibit strong
spurious semantic correlation with foreground regions (e.g.,
fish in marine or planes against sky). This is because the
ranking-based approach treats regions containing ground-
truth labels within the top-k predicted classes as foreground.
But the ground-truth class may wrongly appear in the top-
k predictions of the background regions when these back-
ground regions (e.g., seawater) have a relatively high se-
mantic similarity with foreground objects (e.g., fish), com-
pared to other ID objects (e.g., bird). In contrast, ALK
quantifies the semantic alignment between local regions and
global images based on prediction logits, effectively avoid-
ing interference from spurious correlations and eliminating
the requirement of ground-truth labels.

6. Conclusion

To address the problem of the lack of diversity in the
extracted OOD features from few-shot ID data, we pro-
pose Auxiliary Prompt Tuning (APT), a novel frame-
work that can be plugged into current prompt tuning-
based methods to enable the utilization of diverse OOD
feature from auxiliary data for enhanced OOD detec-
tion. APT first uses adaptive logit-based KL divergence
to decompose foreground-background regions, then con-
structs foreground-background pairs to improve foreground
OOD feature regularization. Comprehensive experiments
across standard and hard OOD benchmarks show that APT
achieves state-of-the art performance, showing significant
improvements in challenging scenarios.
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