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Abstract

Existing vision-language model (VLM)-based methods for
out-of-distribution (OOD) detection typically rely on simi-
larity scores between input images and in-distribution (ID)
text prototypes. However, the modality gap between im-
age and text often results in high false positive rates, as
OO0D samples can exhibit high similarity to ID text pro-
totypes. To mitigate the impact of this modality gap, we
propose incorporating ID image prototypes along with 1D
text prototypes. We present theoretical and empirical evi-
dence indicating that this approach enhances VLM-based
OOD detection performance without any additional train-
ing. To further reduce the gap between image and text, we
introduce a novel few-shot tuning framework, SUPREME,
comprising biased prompt generation (BPG) and image-text
consistency (ITC) modules. BPG enhances image-text fu-
sion and improves generalization (prevents overfitting on
the training data) by conditioning ID text prototypes on the
Gaussian-based estimated image domain bias; ITC reduces
the modality gap by minimizing intra- and inter-modal dis-
tances. Moreover, inspired by our theoretical and empirical
findings, we introduce a novel OOD score Sgyp, leveraging
uni- and cross-modal similarities. Finally, extensive experi-
ments demonstrate that SUPREME consistently outperforms
existing VLM-based OOD detection methods.

1. Introduction

Detecting out-of-distribution (OOD) samples [11, 18, 21,
38, 41, 54, 58] is essential for the real-world deployment
of machine learning models [16, 51, 63], as novel samples
may emerge and should be flagged for careful considera-
tion. Recently, inspired by the power of vision-language
foundation models (VLMs) [14, 20, 51], novel approaches to
OOD detection using VLMs [1-3, 10, 11, 24, 35, 36, 40, 44,
45, 50, 59, 69, 70] have gained significant attention. Early
VLM-based OOD detection works [3, 24, 44, 59] mainly
focus on using CLIP [51] in a zero-shot setting, where only
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Figure 1. (a) Previous VLM-based OOD detection [36, 44, 45]
uses only ID text prototypes () to identify OOD samples. (b)
SUPREME employs ID image prototypes ([]J) to complement ID
text prototypes, reducing the impact of the image-text modality
gap [39] and sharpening the boundary between ID and OOD.

the in-distribution (ID) class names are utilized. For exam-
ple, Maximum Concept Matching (MCM) [44] measures the
similarity between input images and text embeddings of ID
classes, also referred to as ID text prototypes, in the joint
vision-language representation space of CLIP. MCM then
uses this similarity score to differentiate OOD and ID sam-
ples, on the basis that ID samples should have higher simi-
larity scores.

Following MCM, other zero-shot methods [3, 24, 59] aim
at generating OOD (negative) text prototypes by querying
large language models (LLMs) [26, 48] or WordNet [43].
These methods obtain OOD scores by evaluating the simi-
larity difference between ID and OOD text prototypes. To
further improve performance, various few-shot tuning OOD
detection methods [2, 36, 40, 47, 70] have been proposed.
These methods mainly target learning OOD (negative) text
prototypes. For example, NegPrompt [36] learns OOD text
prototypes by minimizing the similarity between OOD text
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Figure 2. Examples where OOD i 1mages (iNaturalist) are located
closer to ID text prototypes compared to ID images (ImageNet-1k)
generated by CLIP (ViT-B/16). We also visualize the embeddings

generated by our SUPREME in Fig. 5, which has smaller gaps be-
tween image and text embeddings.
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prototypes and ID data with contrastive learning.

While these approaches have shown promise using CLIP,
they use only text prototypes and thus are limited by the
modality gap [39] between image and text modalities. Liang
et al. [39] demonstrate that CLIP’s image and text embed-
dings are located in two clearly separate regions of the em-
bedding space. As a result, OOD images may also exhibit
high similarity to ID text prototypes (Fig. 2, more examples
are in Fig. 0), since high similarity can stem from either true
semantic similarity or mere spatial closeness to the ID text
prototypes, causing a risk of increased false positives. This
observation raises a critical question about the impact of the
modality gap on VLM-based OOD detection, leading to our
first research question:

RQI: What is the impact of the modality gap on
VLM-based OOD detection methods?

In response to RQ1, we hypothesize that the modality
gap negatively impacts performance and that incorporat-
ing image and text (multi-modal) prototypes, as opposed
to only text prototypes, could alleviate this effect. We il-
lustrate this in Fig. 1. To explore this, we compute class-
specific ID image prototypes by averaging embeddings ex-
tracted from the ID data within each class. We extend the
MCM score Sy, [44] to incorporate the image prototypes
alongside the text prototypes. Compared to Sy, Our em-
pirical analysis shows that, without any training, using the
extension of Sy;-, with multi-modal prototypes improves
average FPR95 and AUROC from 32.4 and 94.5 to 24.2
and 95.8, respectively, on Imagenet-100 [6] (ID) across four
OOD datasets (Tab. 1). For theoretical support, in Theo-
rem |, we demonstrate that incorporating image prototypes
increases the score separation between ID and OOD data,
leading to improved performance.

Given these findings, i.e., that the modality gap signifi-
cantly affects VLM-based OOD detection, we conclude that
it is necessary to explore approaches mitigating the gap to
improve reliability. This leads us to our second question:

RQ2: How can we mitigate the impact of modality gap to
improve VLM-based OOD detection?

To address RQ2, we propose a novel few-Shot tuning,
multi-modal PRototypE-based MEthod for OOD detection
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with CLIP, termed SUPREME. SUPREME comprises biased
prompt generation (BPG) and image-text consistency (ITC)
modules. BPG introduces a Gaussian-based image domain
bias to enhance image-text fusion and generalization on ID
data unseen during fine-tuning by preventing overfitting on
the limited training ID data. ITC reduces the modality gap
by minimizing inter- and intra-modal distances as CLIP re-
mains frozen. SUPREME also makes use of a new OOD
score, which we call the Generalized Multi-modal Prototype
OOD score, denoted Sgp-
BPG. In contrast to previous OOD detection methods that
only utilize learnable contexts for text prototypes [2, 36, 45],
BPG conditions text prototypes on three components: learn-
able contexts, the image embedding, and the ID image do-
main bias. The image embedding facilitates image-text fu-
sion, enhancing cross-modal alignment. The third compo-
nent, the Gaussian-based ID image domain bias, captures
the distribution of ID image embeddings to improve gener-
alization on unseen ID data and avoid overfitting.
ITC. As the CLIP remains frozen during training, to mini-
mize the modality gap, we introduce intra- and inter- modal
losses with two mappings. First, the image embedding I
is mapped to the text domain as I’ = f,, ., (I) with the
image-to-text mapping fj,,, . To ensure it aligns with ID
text prototypes, we employ the inter-modal loss Z;,,,,. Addi-
tionally, to avoid information loss, the intra-modal loss £;,,,,,,
is applied between the original embedding I and the recon-
structed image embedding I = Sixteimgd ") using the text-to-
image mapping [ ipg-
Sgup- Building on our findings, we introduce a new OOD
score, Sgyp, Which integrates uni- and cross-modal simi-
larities. While previous methods rely solely on the similar-
ity between ID text prototypes and input image embedding,
Sgup incorporates the similarity between multi-modal in-
put embeddings—the image embedding I and the mapped
image embedding fj,o i (/)—and ID multi-modal (image
and text) prototypes, respectively.

Our contributions are summarized as follows:
e (RQI) We empirically and theoretically demonstrate that
multi-modal (image and text) prototypes reduce the nega-
tive impact of the modality gap, resulting in performance
improvements without additional training.
(RQ2) To further mitigate the modality gap, we propose
a novel few-shot tuning framework, SUPREME, compris-
ing biased prompt generation (BPG) and image-text con-
sistency (ITC) modules.
(RQ2) Building on our empirical and theoretical results,
we design a new OOD score, Sg,,p, exploiting ID multi-
modal prototypes and multi-modal input embeddings to
enhance performance and robustness.
(RQ2) Extensive experiments across multiple bench-
marks [6, 68] demonstrate that SUPREME outperforms
existing OOD detection methods.



2. Related Work

Out-of-distribution (OOD) detection. OOD detection [18,
22,41, 63, 68] aims to discriminate ID samples and OOD
samples. Traditional methods include post-hoc [30, 49, 53,
541, confidence enhancement [8, 17, 46, 60, 62], and out-
lier exposure methods [9, 11, 19, 21, 23, 28, 42, 72]. Re-
cently, the field has shifted towards exploiting large-scale
pre-trained VLMs [14, 20, 51], i.e., CLIP [51], to enhance
OOD detection. MCM [44] employs CLIP and explores the
effects of softmax and temperature scaling in a zero-shot
manner. Subsequent works can be roughly categorized into
zero-shot and few-shot tuning methods. Zero-shot meth-
ods [3, 24, 44, 59] primarily focus on identifying negative
classes by querying LLMs [26, 48] or WordNet [43]. In
parallel, few-shot tuning methods [2, 36, 40, 47, 70] also
mainly target finding negative text prompts (OOD text pro-
totypes). For example, CATEX [40], LSN [47], and Neg-
Prompt [36] learn negative prompts by minimizing the sim-
ilarity between negative prompts and ID training data. Fol-
lowing those works, SynOOD [35] generates OOD images
using image generative models and LLMs to finetune the im-
age and text encoders. On the other side, AdaNeg [69] intro-
duces a memory bank during testing to selectively cache dis-
criminative features from test images, representing the tar-
geted OOD distribution. The memory bank further helps in
distinguishing new OOD images.

In contrast to previous VLM-based methods that use

only text prototypes, SUPREME enhances OOD detection by
employing multi-modal prototypes and encouraging cross-
modal alignment to reduce the modality gap.
Prompt tuning. Prompt tuning originates in Natural Lan-
guage Processing [31, 37, 52] as a method for automating
template/prompt creation in models such as BERT [7] and
GPT [48]. For example, AutoPrompt [52] is a gradient-
based approach for identifying “optimal” prompts, replac-
ing manually designed prompts. Recently, prompt tuning
has been applied in computer vision models [27, 73, 74].
Notably, CoOp [74] and CoCoOp [73], as representative
methods in visual prompt tuning (VPT), employ learnable
prompts optimized by minimizing classification loss to im-
prove CLIP’s performance.

Different from previous VPT works [2, 40, 45, 47,73, 74]
that generate text prompts with text and individual image
data, SUPREME generates text prompts/prototypes with a
novel Gaussian-based image domain bias for estimating the
distribution of image data, which enables enhanced image-
text fusion with improved generalization ability.

3. Preliminaries

3.1. Problem Setup

Letand Y = {yj,...,yc} represent the set of ID class la-
bels, where C is the number of ID classes.
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OOD detection. In real-world applications, Al models are
trained on ID data and may misclassify OOD data into ID
classes with high confidence [25]. To tackle this problem,
OOD detection [64] is proposed to identify OOD samples
using a score function .S(-) [32, 33]. A sample is classified
as OOD if S(x) < y, where y is a predefined threshold.
Few-shot tuning. In contrast to existing works that either
utilize the entire ID training dataset [30, 34, 58] or avoid
tuning entirely [3, 24, 44, 59], we study the scenario where
the model is fine-tuned using only a subset of the ID training
data (16 images per class) without access to OOD data or
other additional data.

3.2. Revisiting CLIP, MCM, and Prompt Tuning

CLIP [51] is a foundational VLM pre-trained on a web-
scale image-text dataset using self-supervised contrastive
learning [4]. Specifically, for classification, CLIP first in-
corporates class labels Y {yc}cczy e.g., “cat’, into
fixed pre-designed, rather than learned, text prompts, e.g.,
“a photo of a label”. These prompts combined with
class labels are processed by CLIP’s text encoder f,,,,(-)
to generate text embeddings {Pm’c}cczl, where P,

— 13

xte T
fiew(“a photo of a {y.}”). Given animage X, the im-
age embedding I is obtained by the image encoder f;,;;q.(")
as I = fiuug(X). The index of the predicted class label
is given by argmax, ¢ ¢; €0s(!, P,y o), where cos(:, -) de-
notes the cosine similarity.

CLIP for OOD Detection (MCM) [44]. Beyond its
strong classification capabilities, MCM demonstrates that
pre-trained CLIP models also exhibit robust zero-shot OOD
detection capabilities. Specifically, MCM defines the maxi-
mum classification score as the OOD score Sy;cy,

SMCM(I9 {Ptxt,c }cczl) =
exp(cos(1, Pm’c)/r)
max

C 9 (1)
ce{l.C} ijl exp(cos(I, P,y ;)/7)

where 7 is the temperature and exp(-) is the exponential
function.

Visual prompt tuning [15, 65, 73, 74]. To improve
CLIP’s performance when target training data is accessi-
ble, CoOp [74] replaces manually designed prompt tem-
plates with learnable soft prompts (context tokens) CoOp,
[V1,.... VL, y.] for class index c. L is the length of learn-

able prompts and each V; represents a learnable vector. The
class-wise text embedding is then generated as Pyrc” =
S1ex(CoOp,) for class index c¢. With CLIP’s text and im-
age encoder parameters frozen, the learnable prompts are

optimized using the cross-entropy loss:

Poh/)

> T ixt,c

C CoO, ’
Zj:l exp(COS(I, I)IX[{,)j p)/T)

exp(cos({

¢ipI) = —log 2
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Figure 3. Overview of SUPREME. The two novel modules, i.e., BPG (biased prompt generation) and ITC (image-text consistency), are
designed to minimize the modality gap. (a) During the few-shot fine-tuning stage, (b) BPG generates image domain-biased prompts,
conditioned on the estimated image domain bias and the mapped image embedding m([/) for better image-text fusion. (c) ITC minimizes
the modality gap directly by the intra- and inter-modal losses (£, and £;,,,,) with the text-to-image mapping f,, ;,, and the image-to-text
mapping fj,, - (d) During inference, image prototypes are obtained by averaging each class’s base ID image embeddings (Eq. (3)). The
proposed Sg,,p (Eq. (10)) is calculated based on the maximum similarity between the multi- modal embeddings (the image embedding 1
and mapped image embedding 1) and ID multi-modal prototypes (i.e., text prototypes { P, }_, and image prototypes { P, g ) =1). Sycm
refers to the MCM score [44].

where c is the index of the ground truth label for the input ing multi-modal (image and text) prototypes can mitigate
image. Following CoOp, to avoid potential overfitting on the negative impact of the modality gap and reduce false
the training data, CoCoOp [73] conditions prompts on the positives. We obtain ID text prototypes {Pmc} . as in
image embedding I as CoCoOp, = [V| + m(1),...,V + MCM [44]. For ID image prototypes { P,
m([I), y.], where m(-) is a two-layer multi-layer perception
(MLP, Linear-ReLLU-Linear).

img.c }c=1’ we col-

lect ID base images {xi}l.z”f” with corresponding labels

{vi}; b‘”f , where N, is the number of base images. ID
4. Methodology 1mage prototypes are then calculated by averaging the im-

age embeddings for each class label y,:
In this section, we first answer RQ1 by presenting our hy-

Nbase
pothesis and findings in Sec. 4.1, where we demonstrate that - 2t V01 = ) fimage (%) 3)
the modality gap negatively impacts performance and that e ZNb‘”“ Iy, =)
incorporating image prototypes alleviates this effect. Then, . .. . ,
to mitigate the modality gap (RQ2), we introduce SUPREME .where I(-) is the lnc'hcator ful?ctlon and fipqg () is CLIP’s
in Sec. 4.2 with two modules and a novel OOD score, S;yp- image encoder. With these image prototypes, we extend
. » o oMP Sycu (Eq. (1)) [44] to a new OOD score, which we term

W id i f SUPREME in Fig. 3.
© provide an overview o mre the Multi-Modal Prototypes score, S),p, defined as

4.1. RQ1: Multi-modal Prototypes Suem T A Ping I + SyemU { P )<
CLIP has been applied in different areas [13, 56]. However, Sump = 2 - @
a recent study [39] demonstrates that representations of im- This approach balances contributions from both modalities,
ages and texts are clearly separated, creating what is known potentially mitigating the impact of the modality gap.
as the modality gap. It remains unclear, however, whether Empirical evidence. We begin by empirically validating
this gap positively or negatively impacts OOD detection. the effectiveness of image prototypes and Sy;,p. We use

We hypothesize that the modality gap negatively impacts ImageNet-100 [6] as the ID dataset, with four OOD datasets:
OOD detection performance and that it can lead to increased iNaturalist [57], SUN [61], Places [71], and Texture [5].

false positives, as OOD images may exhibit high similar- With all training images of ImageNet-100 used for obtain-

ity to ID text prototypes due to either semantic similarity or ing image prototypes, we observe in Tab. | that, on average,

small spatial distance. Symp outperforms Sy, in FPR95 and AUROC, demon-
To test our hypothesis, we demonstrate that incorporat- strating the effectiveness of image prototypes and Syp-
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Methods \ FPR95 (%) | AUROC (%) 1
ImageNet-100 — 4 Datasets (Average)

Sy [44] 32.58 94.48

Symp (Ours, Eq. (4)) 24.18 95.79

Table 1. Comparison of OOD detection results on ImageNet-100
(ID) - 4 OOD datasets (OOD) with CLIP-B/16. FPR95 represents
the false positive rate of OOD images when the true positive rate
of ID images is at 95%. AUROC is the area under the receiver
operating characteristic curve. Best in bold.

Theoretical observation. To further understand why im-
age prototypes improve performance, we present a theoret-
ical analysis in Theorem 1 of the Appendix. The theorem
shows that S},,p increases the expected score separation
between ID and OOD samples compared to using text pro-
totypes alone (as in S};c;,) under general assumptions on
OOD and ID distributions used by previous works [12, 39].

While incorporating image prototypes improves perfor-
mance , inspired by recent research [36, 45], we further fine-
tune CLIP in a few-shot tuning manner to mitigate the im-
pact of the modality gap (RQ?2).

4.2. RQ2: SUPREME

To alleviate the negative impact of the image-text modal-
ity gap [39] in CLIP (RQ2), we propose SUPREME, which
is summarized in Fig. 3. SUPREME incorporates two mod-
ules, i.e., the biased prompt generation module (BPG) and
the image-text consistency module (ITC), along with a new
OOD score. BPG enhances image-text fusion using image
domain-biased prompts, while ITC minimizes both intra-
and inter-modal distances. SUPREME’s novel OOD score,
Scup- exploits uni- and cross-modal similarities to improve
robustness and performance.

Biased Prompt Generation (BPG). Drawing inspiration
from CoCoOp [74], we employ a set of learnable context to-
kens {V; € RN }I.L= , and the mapped image embedding
m(I) € R™Nm to generate the text prototypes, where L is
the length of learnable contexts, m(:) is a two-layer MLP,
and Ny, is the dimension of text encoder’s input. Similar to
previous methods [45, 73], learnable context tokens replace
the manually designed prompt templates, e.g., “a photo
of a class”, for generating text prototypes.

To improve generalization on unseen ID data and avoid
overfitting on few-shot training data, we introduce a third
component, a Gaussian-based estimated image domain bias
N'(u,%). This bias counteracts the modality gap by pre-
biasing text prototypes toward ID images and augments the
training data to better approximate the true distribution of
mapped ID image embeddings. Using a Gaussian distribu-
tion is a reasonable a priori choice and is mathematically
tractable. Our ablation study (Tab. 6) confirms that this
choice is valid and is successful in reducing FPs. After that,
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we generate image domain-biased prompts (IDBP) condi-
tioned on these three components.

Estimating image domain bias. In each training itera-
tion, we sample b € R XN from N (u, ) as

b=pu+onn~N(Q,I), (5)

where £ = oo (based on the Cholesky decomposition)
and N(0, T) represents the standard Gaussian distribution,
given identity matrix Z. To align the domain bias with the
distribution of training ID image embeddings, we employ
the following loss:

Chias(D) =l —m(Dl; + |Ib — m(Dl, , (6)

where || - || is the ¢, distance. In the first term of the loss
(Eq. (6)), u is updated. In the second term, as b is sampled
using ¢ and X, u and Z will be updated during the few-shot
training procedure. The first term, ||x —m(I)||,, pushes the
bias distribution’s mean y toward the centroid of training
image embeddings, while the second term, ||b — m(I)]|,
ensures sampled bias vectors b are within the training image
embedding space.

Generating image domain-biased prompts (IDBP).
We condition IDBPs on three components: the learnable
contexts {¥; € RPN} . mapped image embedding
m(I) € R™Nm_ and a sample b € RN from N'(u, X)
as

IDBP, = [V, + m(I)+b,....V, +m(I) +b,y,]. (7

The final ID text prototype P,,, . for the c-th class is obtained

Xt,c
as Ptxl,c = fiexx(IDBP,).
We thus establish a foundation for cross-modal fusion
by conditioning prompts on learned contexts, image embed-

dings, and the estimated image domain bias.

Image-Text Consistency (ITC). While BPG reduces the
gap by image-text fusion, image-text consistency (ITC) di-
rectly reduces the modality gap by aligning image and text
embeddings through inter- and intra-modal distances at a
fine-grained level. It consists of two mappings, i.e., the
image-to-text mapping f,,, (+) and text-to-image mapping
Jixt-img(+), Which are used for mapping embeddings into the
other modality.

The first component of ITC is the inter-modal loss. 1t
is designed to ensure that mapped text/image embeddings
({ fixt-img(Pore)V oy and fg (1)) remain close to their
original counterparts, thus enabling effective alignment. It
is designed to minimize the cross-entropy loss:

exp(CoS(L, [z img(Prare))/T)
i1 exP(COS(L, fryping (P )/ T)

€Xp(COS(fg-rxe(D)s Pryy )/ 7)
¥ eXPCOS(fimg (D). Py )/ T)

f[mer(l) == log

(®)

—log



ImageNet-1k — OOD Datasets

Methods Venue Shots iNaturalist SUN Places Texture Average
‘ FPR95 | AUROC?T FPR95| AUROC?t FPR95|] AUROC?T FPR95S| AUROC 1 ‘ FPR95 | AUROC t
MOST [21] (BiT) CVPR’21 - 9.28 98.15 40.63 92.01 49.54 89.06 60.43 81.23 39.97 90.11
Fort et al.¥ [11] (ViT-B)  NeurIPS’21 - 15.07 96.64 54.12 86.37 57.99 85.24 53.32 84.77 45.12 88.25
Energyf [41] (ViT-B) NeurIPS’20 - 21.59 95.99 34.28 93.15 36.64 91.82 51.18 88.09 35.92 92.26
MSP+ [18] (ViT-B) ICLR’17 - 40.89 88.63 65.81 81.24 67.90 80.14 64.96 78.16 59.89 82.04
ODIN: [38] ICLR’18 - 30.22 94.65 54.04 87.17 55.06 85.54 51.67 87.85 47.75 88.80
ViMi [58] CVPR’22 - 32.19 93.16 54.01 87.19 60.67 83.75 53.94 87.18 50.20 87.82
KNNi [54] ICML’22 - 29.17 94.52 35.62 92.67 39.61 91.02 64.35 85.67 42.19 90.97
VLM-based OOD Detection (CLIP of VIT-B/16)

MCM [44] NeurIPS’22 0 3091 94.61 37.59 92.57 44.69 89.77 57.77 86.11 42.74 90.77
CLIPN [59] CVPR’23 0 23.94 95.27 26.17 93.93 33.45 92.28 40.83 90.93 31.10 93.10
EOE [3] ICML' 24 0 12.29 97.52 20.40 95.73 30.16 92.95 57.53 85.64 30.09 92.96
CoOp* [74] ucv 16 29.47 94.89 31.34 93.36 40.28 90.07 54.25 87.58 38.83 91.47
CoCoOp* [73] CVPR’22 16 30.74 94.73 31.18 93.15 38.75 90.63 53.84 87.92 38.63 91.61
NPOS [55] ICLR’23 - 16.58 96.19 43.77 90.44 45.27 89.44 46.12 88.80 37.93 91.22
LoCoOp [45] NeurIPS’23 16 16.05 96.86 23.44 95.07 32.87 91.98 42.28 90.19 28.66 93.52
CATEX [40] NeurIPS’23 - 10.18 97.88 33.87 92.83 4143 90.48 33.17 92.73 29.66 93.48
LSN [47] ICLR’24 - 21.56 95.83 26.32 94.35 34.48 91.25 38.54 90.42 30.22 92.96
ID-Like [2] CVPR’24 4 8.98 98.19 42.03 91.64 44.00 90.57 25.27 94.32 30.07 93.68
NegPrompt [36] CVPR’24 16 6.32 98.73 22.89 95.55 27.60 93.34 35.21 91.60 23.01 94.81
SCT [66] NeurIPS’24 16 13.94 95.86 20.55 95.33 29.86 92.24 41.51 89.06 26 47 93.37
Local-Prompt [67] ICLR’25 16 8.63 98.07 23.23 95.12 31.74 92.42 34.50 92.29 24.52 94.48
SUPREME 16 5.91 98.73 15.85 96.08 26.18 93.19 34.88 91.93 20.70 95.38
SUPREMET 16 8.27 98.29 19.40 95.84 26.69 93.56 26.77 94.45 20.28 95.54

Table 2. OOD detection results with ID data of ImageNet-1k and four OOD datasets using CLIP (VIT-B/16). Best in bold. Second best

is underlined. “*” is cited from LSN [47].

“” represents results from MCM [44]. “}” represents results from NPOS [55]. SUPREME'

employs 16 images per class for training and the whole training split for calculating ID image prototypes.

where c is the index of the ground truth label class for the
input image and 7 is the temperature.

Next, to prevent information loss, we introduce intra-
modal loss. Specifically, we reconstruct the original embed-
ding by mapping the mapped embedding back to its initial
modality. Then, we minimize the ¢ distance between the
reconstructed and original embeddings as follows:

z/pimra(l) =||I - fyxy.img(fimg.xxz(l))” 1

- (&)
+ Z ”Ptxt,j - fimg-txt(ftxr-img(})txt,j))”1 .
=1

The inter- and intra-modal losses serve to reduce the modal-
ity gap between image and text, and to preserve all informa-
tion during mapping.

Training, Inference, and Sgyp. Our overall training ob-
jectives are a linear combination of the four losses: £ =
Cip+a(Chpa + Cinter) + BC pias» Where a and f are trade-off
parameters. During inference, we use the mean y of the im-
age domain bias as the sample b to generate image domain-
biased prompts.

Generalized multi-modal prototypes OOD score
Sgup- Building on our empirical and theoretical findings
in Sec. 4.1, with the image-to-text mapping fj,,.,s» We in-
troduce the generalized multi-modal prototypes OOD score
Scup- Scup uses the average of the maximum similari-
ties between the multi-modal input embedding (I and I’
S ixt-img(1)) and multi-modal prototypes:

Semp, r, {Ptxt,c} )=

C
c=1’

C

WPingel ey
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(Sucn s A P YU ) + Syicw s { P, }S_ ) (10)
+Syem’, {Pm,c}cczl) + SyenI’, {Pimg,c}f=1))/4'

Remark. Sgup extends Sycuy by incorporating both uni-
and cross-modal similarities. In different scenarios, the im-
portance of intra- and inter-modal similarity is different.
However, we average the contributions from the image and
text modalities as a starting point to ensure the generaliza-
tion ability of Sgyp and reduce the gap. This approach
enhances the separation between ID and OOD samples,
improving the OOD detection performance of VLM-based
methods, as shown in Fig. 4.

S. Experiments

5.1. Experimental Details

Datasets and benchmarks. Our experiments primarily use
the ImageNet-1k [6] and ImageNet-100 [6] dataset as ID
data. Aligning with standards from prior works [44, 59],
we evaluate on four diverse OOD datasets: iNaturalist [57],
SUN [61], Places [71], and Texture [5]. OpenOOD bench-
mark [68] is also used for evaluation on ImageNet-1k. We
test on ImageNet-10 [6] and ImageNet-20 [6] for hard OOD.
Details are in the Appendix.

Baselines methods. We compare SUPREME with several
baseline methods [2, 3, 11, 18, 21, 24, 36, 38, 40, 41, 44, 45,
47, 54, 55, 58, 59, 66, 67, 73, 74].

Implementation details. For each class, 16 images are used
for few-shot tuning and the calculation of ID image proto-



ImageNet-100 — OOD Datasets Averace
Methods iNaturalist SUN Places Texture &
‘ FPR95 | AUROC?T FPR95| AUROC1t FPR95] AUROC?T FPR95| AUROC 1 ‘ FPR95 | AUROC 1

MSP 23.55 95.92 37.02 92.45 40.76 91.23 24.40 94.90 31.43 93.63
ViM 20.11 96.22 38.56 93.12 44.01 87.33 33.12 93.24 33.95 92.48
MCM 18.13 96.77 36.45 94.54 34.52 94.36 41.22 92.25 32.58 94.48
CoOp 9.30 97.95 11.64 97.61 17.45 96.53 15.94 96.90 13.58 97.25
CoCoOp 11.76 97.84 14.28 97.13 15.16 96.73 18.27 96.54 14.86 97.06
SUPREME 2.31 99.28 8.26 98.38 12.20 97.12 11.10 97.53 8.47 98.08
SUPREMET 2.54 99.21 8.08 98.28 12.17 97.15 9.98 97.69 8.19 98.08

Table 3. OOD detection results with ID data of ImageNet-100 and four OOD datasets using CLIP (VIT-B/16). Best in bold. Second best

is underlined.

types. We use the image and text encoders of VIT-B/16
pre-trained by CLIP [51] for all the experiments. To avoid
overfitting, instead of using deep MLPs, we employ linear
transformations without bias as the mappings (f,,g.,; and
Sixt-img)- The parameters of CLIP are frozen. We use SGD
to optimize other parameters, e.g., estimated image domain
bias and learnable context, with a momentum of 0.9. Train-
ing epochs, learning rate, batch size, and learnable context
length are set to 50, 0.002, 32, and 16, respectively. We set
a = 0.005 and § = 0.1. Experiments are conducted on a
single Nvidia V100 with 32 GB memory. All the results for
SUPREME are the average of three trials.

Metrics. We employ two widely accepted metrics: FPR9S5,
the false positive rate of OOD images when the true positive
rate of ID images is at 95%, and AUROC, the area under the
receiver operating characteristic curve.

5.2. Main Results

ImageNet-1k and ImageNet-100 as the ID dataset. In
Tab. 2, we present a comprehensive analysis of ImageNet-1k
(ID) across four OOD datasets. SUPREME demonstrates su-
perior performance, achieving the lowest FPR95 and highest
AUROC scores across most datasets. Notably, SUPREME
achieves an average FPR95 of 20.70 and an average AU-
ROC of 95.38. With all the training data for calculating ID
prototypes, SUPREME is further boosted with an average
FPRO95 of 20.28 and an average AUROC of 95.54. In Tab. 3,
we observe consistent trends using ImageNet-100 as the ID
dataset. SUPREME achieves the best average results, with
FPR95 of 8.47 and AUROC of 98.08, showing substantial
improvements over other methods.

ImageNet-1k on OpenOOD. The results on the OpenOOD
benchmark are shown in Tab. 4. Compared to previ-
ous methods, SUPREME achieves the best performance in
both near and far OOD scenarios. Specifically, SUPREME
achieves an FPR95 of 71.44 and AUROC of 75.95 in the
near OOD scenario, and an FPR95 of 20.92 and AUROC of
95.45 in the far OOD scenario.

ImageNet-10 — ImageNet-20. To evaluate SUPREME un-
der challenging conditions where ID and OOD datasets
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Methods NearOOD FarOOD
FPR95 | AUROC1T | FPR95 | AUROC 1
MCM 85.37 58.97 69.87 77.11
LoCoOp 87.95 64.97 59.88 83.23
SUPREME | 71.44 7595 | 2092 95.45

Table 4. OOD Detection results with ID data of ImageNet-1k on
the OpenOOD benchmark. Best in bold.

ImageNet-20 — ImageNet-10

Methods ‘ ImageNet-10 — ImageNet-20 ‘

FPROS | AUROC 1 FPRYS | AUROC 1
Energy 10.30 97.94 16.40 97.37
CLIPN 7.80 98.07 13.67 97.47
MCM 5.00 98.71 17.40 98.87
LoCoOp* | 5.60 98.47 5.40 98.92
SUPREME | 4.10 98.96 | 3.60 99.05

Table 5. Comparison on ImageNet-10 < ImageNet-20 with CLIP-
B/16. Best in bold. “*” represents our reproduction.

share similar semantics, we follow previous work [24, 44]
and conduct experiments on ImageNet-10 and ImageNet-
20 as shown in Tab. 5. SUPREME achieves the best perfor-
mance, with the lowest FPR95 and highest AUROC scores
in both scenarios, demonstrating its robustness.

5.3. Ablation Study

We present an ablation study using CLIP (ViT-B/16) on
ImageNet-1k — four OOD datasets. The computational
complexity analysis (Tab. 14), compatibility with post-hoc
methods (Tab. 12), impacts of shot count (Fig. 8), hyperpa-
rameter sensitivity (Figs. 7, 9 and 10), and the use of out-of-
distribution prototypes (Tab. 12) are in the Appendix.

Effectiveness of BPG, ITC, and Sgyp. In Tab. 6, we evalu-
ate the effectiveness of BPG and ITC, as well as the proposed
score Sgyp, for enhancing OOD detection. We see that ex-
cluding BPG (-BPG) raises FPR95 to 28.12 and reduces AU-
ROC to 92.77, highlighting BPG’s importance in reducing
false positives. Similarly, removing ITC (-ITC) significantly
degrades performance, increasing FPR9S5 to 28.74 and low-
ering AUROC to 93.27. We also observe that the Gaussian
bias term in ITC is important, as evidenced by the drop in



Methods ‘ FPR95 | AUROC 1t

SUPREME | 2070  95.38 Methods _ Top-1 Acc. (%)
-BPG 28.12 92.77 MCM 67.0
-1TC 28.74 93.27 CLIPN 68.5
- Bias in ITC 24.61 94.90 ID-like 68.3
- Somp 26.02 94.79
w. MLP | 2524 93.06 SUPREME grs
Table 6. Effectiveness of dif- Table 7. Comparison in ID

accuracy on ImageNet-1K val
set.

ferent modules and the proposed
OOD score Sgyp-

||Zgap ImageNet (ID) | iNaturalist | Places | Texture | SUN |
MCM 0.8679 09839 09101 09373 09252
SUPREME 0.6135 07159 0.8961  0.9273  0.9002

Table 8. Quantifying the modality gap with different methods. We
use CLIP (ViT-B/16) as the base model.

performance (fourth row). Furthermore, when the model
uses Sy instead of Sg;,p, the performance also declines,
with FPR95 at 26.02 and AUROC at 94.79. Our full model,
incorporating ITC, BPG, and Sg,,p, achieves the best per-
formance. The detailed table is in Tab. 11 in the Appendix.
Using MLP for image-text consistency. f;,,, ;; and f iy,
in ITC can sufficiently address the modality gap, we re-
place them with a two-layer MLP (Linear-ReLU-Linear) and
present the experimental results in Tab. 6 (w. MLP). Results
indicate that using MLP negatively impacts performance,
which might be because, with limited training data, sophis-
ticated modules such as MLP could overfit.

SUPREME improves the ID performance. In Tab. 7, we
compare the Top-1 accuracy of different methods on the
ImageNet-1K validation set. Compared to other OOD de-
tection methods, e.g., CLIPN (68.5%) and ID-like (68.3%),
SUPREME shows a considerable gain with the highest accu-
racy, demonstrating its effectiveness in maintaining high ID
accuracy while also excelling in OOD detection.
Effectiveness of Sgyp. We visualize the empirical cumu-
lative distribution of .Sy, and our Sg,,p in Fig. 4 with the
ID data of ImageNet-1k and the OOD data of iNaturalist
using the same model (SUPREME). Sg,,p clearly improves
the gap between ID and OOD data in the empirical CDF fig-
ure. Furthermore, the Kolmogorov—Smirnov test statistic is
enlarged from 0.7270 (Sy;cy) to 0.8555 (Sgyp), indicating
that using Ss,,p yields more separable scores than Sy,
Reduced modality gap (t-SNE visualization and quanti-
tative assessment of modality gap). We choose two arbi-
trary classes from ImageNet-1k (Val) and use t-SNE to vi-
sualize embeddings in Fig. 5. It is clear that ITC reduces
the modality gap, as the distances between mapped image
embeddings I’ and text prototypes P,,, are smaller than that
between I and P,,. Similarly, we observe that image em-
beddings I are located close to image prototypes P,,,. We
also quantitatively assess the modality gap following Liang
et al. [39] as shown in Tabs. 8 and 15, which shows that
SUPREME achieves smaller modality gaps compared with
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ImageNet-1k (ID) - iNaturalist (OOD) ImageNet-1k (ID) - iNaturalist (OOD)
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@ Syem KS = 0.7270 [44]. (b) Sgppr KS = 0.8555.
Figure 4. Comparison of (a) Sy, [44] and (b) our S, on
ImageNet-1k (ID) to iNaturalist (OOD). The scores are multiplied
by 100 for better illustration. KS is the Kolmogorov—Smirnov
statistic. Higher KS values indicate a greater difference between
the distributions. Best viewed in color.
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Figure 5. The t-SNE visualization of embeddings from two arbi-

trary classes in ImageNet-1k (Val) using SUPREME.

previous methods.

6. Conclusion

We have introduced SUPREME, a novel VLM-based few-
shot tuning OOD detection method. SUPREME incorporates
two key modules: BPG, which enhances image-text fusion,
and ITC, which minimizes the inter- and intra-modal dis-
tances. We also proposed the generalized multi-modal pro-
totype OOD score, Sg,,p, using multi-modal prototypes and
embeddings to improve robustness and reduce false posi-
tives. Experiments show that SUPREME consistently out-
performs existing VLM-based OOD detection methods.
Limitations. In some scenarios, the ID data may not be
available. Exploring methods such as image generation or
retrieval from a web-scale dataset could help alleviate the
dependency on the ID data. Moreover, exploring more ad-
vanced distribution models rather than the Gaussian distri-
bution we use may further improve the performance.
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