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Abstract

Recent vision-language model (VLM)-based methods have
achieved promising results in zero-shot out-of-distribution
(OOD) detection by effectively leveraging the local patch fea-
tures. However, the zero-shot nature inherently comes with
two limitations: /) imperfect local feature prototypes; 2) lack
of OOD prototypes. In this paper, we propose Intra-Image
Mining (IIM), a lightweight framework designed to over-
come these limitations in a few-shot manner. IIM is moti-
vated by the fact that local patches within an image often
exhibit diverse semantics, with some patches deviating from
the main class concept. Therefore, for each image, we first
select the top-k class prototype-related patches as positive
samples and leverage them to refine and optimize the local
feature prototype. Then, the next top-k among the remaining
patches are selected as negatives—serving as OOD signals
to construct OOD prototypes. This process yields coherent
local positives and challenging negatives, effectively enhanc-
ing the model’s local feature discrimination. Besides, we pro-
pose a novel inference strategy named Symmetric Maximum
Concept Matching (S-MCM). While existing approaches typ-
ically adopt an image-to-text scheme—comparing the image
features to textual class prototypes—S-MCM further incor-
porate a text-to-image perspective, leading to more reliable
OOD detection. We also propose two benchmarks to analyze
the impact of semantic diversity within ID dataset. Built on
a frozen VLM, IIM, in conjunction with S-MCM, achieves
consistent gains in OOD detection on ImageNet-1k and other
benchmarks, outperforming prior methods in FPR95 and AU-
ROC across various few-shot settings.

Code — https://github.com/pSGAme/IIM-SMCM

Introduction

Out-of-distribution (OOD) detection aims to identify inputs
that fall outside the set of known classes encountered during
training—a capability that is critical for the safe and reliable
deployment of machine learning systems in real-world ap-
plications such as autonomous driving (Zhou et al. 2025a; Ni
et al. 2025; Zhang et al. 2025; Zeng et al. 2025¢,b), medical
diagnosis (Su et al. 2025; Wu et al. 2024), and target recogni-
tion (Zhou et al. 2025b; Chen, Fang, and Xue 2025; Li et al.
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2025b,a; Zhao 2024). While single-modal supervised learn-
ing methods have demonstrated strong performance in OOD
detection (Sun et al. 2022; Wei et al. 2022), their reliance on
extensive computational resources and labeled data severely
limits their scalability. Recent advances in vision-language
models (VLMs), such as CLIP (Radford et al. 2021), have
exhibited impressive generalization by aligning images and
texts in a shared semantic space, making them particularly
attractive for the cost-effective zero-shot OOD detection.
MCM (Ming et al. 2022) is one of the first to leverage CLIP
for zero-shot OOD detection by defining the OOD score as
the maximum similarity to any in-distribution (ID) class.
Building on this, GL-MCM (Miyai et al. 2025) further incor-
porating local features into the matching process, achieving
competitive results.

However, it is important to recognize that zero-shot meth-
ods, by their very nature, come with inherent limitations,
which manifest in two main aspects: 1) Imperfect local fea-
ture prototype in the textual branch — the textual class pro-
totype is obtained by encoding a fixed textual prompt (e.g.,
“a photo of a <category>"), resulting in a global class
representation, which is inherently suboptimal to localized
image patches, as it fails to capture fine-grained local seman-
tics. Consequently, the full potential of methods like GL-
MCM cannot be fully realized. 2) Lack of OOD Prototypes
— although ID prototypes are available during evaluation in
zero-shot settings, the inherent absence of OOD prototypes
restricts the model’s capacity to effectively differentiate be-
tween ID and OOD concepts.

To address the aforementioned issues, recent research has
shifted its focus toward few-shot OOD detection. To miti-
gate the first issue, based on prompt tuning, LoCoOp (Miyai
et al. 2023) introduces to identify class-irrelevant regions
and pushing them away from all class prototypes (Fig.1-
a), thereby enhancing the prototypes’ ability to capture fine-
grained local semantics. However, due to the lack of OOD
prototypes, this is achieved by maximizing the entropy be-
tween these regions and the prototypes, which deviates from
the intended goal of explicit semantic repulsion. To tackle
the second issue, ID-Like (Bai et al. 2024) proposes min-
ing ID-like outliers from multiple cropped views of ID im-
ages, selecting the most class-dissimilar crop as OOD sig-
nals, and introducing negative prompts into the text encoder
to build OOD prototypes. While effective, this approach in-
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Figure 1: Illustration of (a) LoCoOp, (b) Local-Prompt, and (c) our proposed IIM. The cat embedding is obtained by encoding
learnable prompts. IIM incorporates an intra-image mining mechanism to extract both positive and challenging negative patches
from a single image. This strategy effectively introduces supervision from OOD prototypes and enhances the local feature
representations in the textual branch, all without incurring additional forward passes.

curs substantial computational overhead, as each crop re-
quires a separate forward pass. The recent state-of-the-art
method Local-Prompt (Zeng et al. 2025a) (Fig.1-b) draws
inspiration from ID-Like, but goes a step further: it ex-
tracts the most class-aligned patches from the most dis-
similar crop as OOD signals. By this way, Local-Prompt
elegantly addresses both of the aforementioned zero-shot is-
sues and resolves the mismatch in LoCoOp between objec-
tive and implementation. However, the computational inef-
ficiency caused by the excessive forward passes still exists.
In this paper, we propose Inra-Image Mining (IIM), a
simple yet effective framework that simultaneously refines
local feature prototypes and constructs OOD prototypes ef-
ficiently. IIM builds on the intuition that local patches within
an image may exhibit diverse semantics—some of which
may deviate from the main class concept. Based on this in-
sight, for each image, we identify the top-k patches most
aligned with the class prototype as positives and leverage
them to optimize the local feature prototype. These are then
excluded, and the next top-k among the remaining patches
are selected as negatives—serving as ID-like OOD signals to
construct OOD prototypes. It is worth noting that we do not
treat all remaining patches as negatives. To avoid learning
trivial OOD prototypes that are far from ID distributions, we
selectively choose those whose features lie within a seman-
tically meaningful range—close enough to ID to be chal-
lenging, This aligns with reality, as truly hard-to-distinguish
OOD samples often lie near the boundary of the ID distri-
bution. This process yields semantically coherent positives
and diverse, challenging negatives, effectively enhancing the
model’s local feature discrimination. Compared to Local-
Prompt, our method is more efficient in generating OOD
signals, as each image requires only a single forward pass.
Besides, we propose a novel OOD evaluation method
named Symmetric Maximum Concept Matching (S-MCM).
The motivation is rooted in revisiting how the ID set is de-
fined. Conventionally, class prototypes are treated as the ID
set, and OOD detection is performed by measuring the sim-
ilarity between the test image and these prototypes—a set-
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ting we refer to as image-to-text. In contrast, S-MCM intro-
duces a complementary perspective: it treats the set of patch
features from the test image as the “ID set” and evaluates
whether each class prototype is well aligned with this set.
We refer to this as text-to-image. By unifying both direc-
tions into evaluation, S-MCM achieves significant perfor-
mance gains in OOD detection.

To summarize, our main contributions are outlined as
follows: 1) We propose IIM, a simple framework that si-
multaneously refines local feature prototypes and constructs
OOD prototypes effectively and efficiently. 2) We propose
S-MCM, a novel OOD inference strategy symmetrically
treat the class prototypes and image patches as ID sets, lead-
ing to a more reliable OOD detection. 3) We present two
new benchmarks—ImageNet-500-Easy and ImageNet-500-
Hard—which offer a simple yet effective means to analyze
the impact of semantic diversity within ID dataset.

Related Work

Efficient Out-of-Distribution Detection with CLIP. The
goal of out-of-distribution (OOD) detection is to identify
inputs that deviate from the training distribution, which
is crucial for ensuring the reliability of deployed models.
With the success of vision-language models (VLMs) such
as CLIP (Radford et al. 2021), VLM-based zero-shot OOD
detection has emerged as a promising research direction.
For instance, MCM (Ming et al. 2022) utilizes global vi-
sual and textual representations from CLIP and defines the
OOD score as the maximum similarity to any in-distribution
(ID) class. GL-MCM (Miyai et al. 2025) further incorpo-
rates the most responsive local feature on the visual feature
map to enhance discrimination. R-MCM (Zeng et al. 2025a)
generalizes this idea by considering the top-£ most respon-
sive local features, improving robustness to local variations.
Considering the inherent limitation (e.g., lack of OOD pro-
totypes) in zero-shot paradigm, few-shot learning offers a
practical compromise for VLM-based OOD detection with
minimal resource cost. LoCoOp (Miyai et al. 2023) intro-
duces few-shot prompt tuning to refine local feature proto-
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Figure 2: Overview of our proposed IIM (left), and evaluation strategy, S-MCM (right). In training, the trainable prompts
interact solely with local patches to generate reliable local prototypes. During evaluation, the local prototypes are used to
calculate image-to-text and text-to-image scores, whereas the global feature prototypes are used to compute the MCM score.

types by identifying ID-irrelevant regions and pushing them
away from all ID textual embeddings. ID-Like (Bai et al.
2024) proposes setting ID-like OOD outliers as the most
class-dissimilar crops. Local-Prompt (Zeng et al. 2025a) ad-
vances this idea by extracting the most class-aligned patches
from these crops to serve as stronger OOD signals.
Few-Shot Prompt Tuning of CLIP. As a milestone in
vision-language learning, CLIP (Radford et al. 2021) has
significantly enhanced various downstream tasks through
few-shot prompt tuning techniques. Notable examples in-
clude CoOp (Zhou et al. 2022) and VPT (Jia et al. 2022),
which appends contextual learnable embeddings to the text
encoder and the image encoder, respectively. Additionally,
MaPLe (Khattak et al. 2023) and MMRL (Guo and Gu
2025) build upon CoOp and VPT by introducing multi-
modal prompting to better align vision and language repre-
sentations, achieving great success. Our IIM builds on CoOp
but addresses its limitation of relying solely on global image
features while ignoring local patch information.

Preliminary

Few-Shot OOD Detection. Out-of-distribution (OOD) de-
tection aims to determine whether a given input image x €
X is drawn from the in-distribution (ID) or from an out-
of-distribution (OOD) source. The detector learns a scoring
function S : X — R, where a higher score S(z) indicates
a higher likelihood that z is ID, and an input is classified as
OO0D if S(z) < 7 for some threshold 7:

ID, S(x)>T1

Oo0D, S(z)<T
In the few-shot setting, the model has access to a limited
support set Dyupport = Upeyy, { (25, 45) 1S, where Vip de-
notes the set of known ID classes and K is the number of
labeled samples per class. No OOD samples are available
during training. The goal is to utilize this small set of la-
beled ID data to detect unseen OOD examples Zooq ~ Poop,
where Yoop N Vip =0.
Zero-Shot OOD Detection with CLIP. CLIP (Radford
et al. 2021) is a vision-language model (VLM) that con-

D(x)= ey
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sists of an image encoder V() (ViT by default) (Dosovit-
skiy et al. 2021) and a text encoder 7 (-). Given an image x ,
the image encoder produces both global and local represen-
tations: V(x) = [v9,v!], where vy € R? denotes the global
class token embedding, with d being the hidden dimension,
and v' € R(W>*H)xd represents the local patch embeddings,
where W and H are the width and height of the feature map,
respectively. Given a textual prompt (e.g., “a photo of a
<category>") and its corresponding embedding ¢., where
c € {1,2,...,C} denotes the c-th category, the MCM (Ming
et al. 2022) score is defined as:

s(v9,tc)
ST, s(v7,t)°
where s(v,t.) = exp(sim(v, T (t.))/T) denotes the expo-
nential similarity between the visual feature v and the class
prototype 7 (t.) € R?, sim denotes the cosine similarity, T
is a temperature factor. GL-MCM (Miyai et al. 2025) further
incorporates local patch embeddings into consideration:

S (z) = Smem(z) + max M 3)
GL-MCM MCM S sk, 1)

where h € {1,2,...,W x H}. Local-Prompt (Zeng et al.

2025a) proposes a general form of GL-MCM, i.e., R-MCM:

s(vh, te) )

Sy s(vh, 1) 45 s(vh 1)

(C))

where ']I‘,(Ch’c) is the mean of top-k elements across c and h, t;

represents the negative prompts for constructing OOD pro-

totypes, which need to be optimized during training, and C,

is the number of OOD prototypes. However, in zero-shot R-

MCM, negative prompts are inherently not optimized and

should not be used. To clearly distinguish this variant, we
denote the version without negative prompts as R-MCM*.

(@)

Smcm () = max

=(h,c
Spovem (2)=Swem (2)+ Ty

Method

In this section, we will first provide a detailed explanation
of proposed Inra-Image Mining (IIM), as shown in Fig. 2-a.
Then we will describe our proposed Symmetric Maximum
Concept Matching (S-MCM), as shown in Fig. 2-b.



Training: Intra-Image Mining

In GL-MCM and R-MCM, 7 (¢.) interacts with both v9 and
v'. However, since v! captures only partial image content,
aligning it with the global class prototype 7 (.) is subop-
timal. Moreover, as Eq. (4) shows, introducing OOD proto-
types provides clearer semantic contrast, as OOD samples
tend to align more closely with these prototypes. Next, we
detail how our IIM constructs the local and OOD prototypes.
Positive Patches. Given an image = with label y, we select
the top-k patches that are most aligned with the class proto-
type as positives. We define the sum of the similarity scores
between these patches and the class prototype of y as

SY(x) = T {s(vh,. t})}. )

Here, T,(ch) denotes the sum of the top-k elements across
h. s(+) is defined in Eq. (2). tﬁl = [21,...,2L; 2y serves as
the local prototype prompt that is optimized during training,
where z; (1 €1,..., L) are the learnable embeddings of the
context words, L denotes the number of context tokens. z,
is the embedding corresponding to the y-th class name.

Intuitively, we want S} (z) to be large, ensuring that the
selected top-k patches are strongly aligned with class y
while remaining distant from other classes. Inspired by hard
negative mining (Chen, Gong, and Zhang 2024), we go a
step further: we additionally identify the top-k patches with
highest similarity to each ¢ # y, and the similarities, de-
noted as S (). We then explicitly push these patches away
from the non-y class prototypes
ID-like OOD Patches. Constructing meaningful OOD pro-
totypes relies on access to OOD signals during training.
Local-Prompt (Zeng et al. 2025a) obtains these signals by
extracting the most class-aligned patches from the most
class-dissimilar crop. However, this approach incurs sub-
stantial computational overhead, as each crop requires its
own forward pass. Moreover, its effectiveness depends heav-
ily on randomness: if the “most class-dissimilar” crop still
resembles the ground-truth class, its most class-aligned
patches may not serve as meaningful OOD signals.

To address these limitations, we propose a simple yet ef-
fective alternative. Rather than generating a separate most
class-dissimilar crop (Py;s), we first remove the top-k£ most
class-aligned patches from the original image. The remain-
ing region, inherently containing less class-relevant informa-
tion, and thus can be set to Pg;;. We then extract the top-k
most class-aligned patches from P4, as OOD signals. This
strategy ensures the OOD signals come from less relevant
regions, offering robust and informative OOD signals with-
out additional forward passes and computational overhead.

As aresult, we use the the top-2k~Fk patches that are most
aligned with the class prototype as ID-like OOD signals:

I (2) = {q] sl t)) e TS {s(0h )}, (6)

where Tékwk is the set of top-2k~F elements, and I3, _, ()
denotes the index set of these ID-like OOD patches. We de-
fine the sum of the similarity scores between these patches
and the class prototype of c as:

§§k~k(:r) = Z s(vé77

PEIS, ()

T(tL)). ©)

2898

Negative Prompts. We establish a set of negative prompts
to generate OOD prototypes, where the number of negative
prompts is denoted by C,,, and the c-th negative prompt
is denoted as tlg. As we mentioned before, rather than
treating all remaining patches as OOD patches, we selec-
tively choose those whose features fall within a semantically
meaningful range — sufficiently close to the ID distribution
to serve as challenging OOD patches. The purpose of this
design is to avoid trivial OOD prototypes that lie far from
the ID distribution, ensuring meaningful OOD supervision.

Training Losses
Positive Term. The loss for the positive patches is:

Lypos(w,y)=—log Si (@) ®
’ 7 chzl SC( ) Z n Sc( )
Negative Term. The loss for the ID-Like OOD patches is:
. s
Nn SC
Lneg(z,y)=—log 2 a1 Sop~i (@) ©

k) §§k~k($ ) .
Diversity Regularization. We not only encourage greater
diversity in negative prompts but also extend this principle
to enhance the diversity of class promptS'

> Ssi(@) + 08

! l
Laip= — /22 Z sim(7(47), T (£5))
=1 j= 7+1 (10)
l l
/22 Z sim(7 (t;), T (t;))
=1 j=i+1
Overall Loss. The overall loss is formulated as:

L= [«pos + Aneg . ['neg + >\d1',11 . ['divy (11)

where A\, and \g;,, are two hyper-parameters control the
weights of the two losses.

Evaluate: Symmetric Maximum Concept Matching

When revisiting GL-MCM and R-MCM, we can observe
that both methods approach OOD detection from the per-
spective of determining whether a test image belongs to the
ID set — that is, whether it aligns with the distribution of
ID class prototypes (image-to-text). In contrast, one can also
view the problem from the opposite direction: treating the
patches of a test image as an “ID set” and assessing whether
these class prototypes belong to the distribution defined by
these patches, i.e., text-to-image. Based on such an intuition,
we propose the S-MCM score Ss.vcm, defined as:

—(h,c) (’U} ,tl)
Sﬂt - Tk { : }
ZC 1 S(U}Ntl) + ( C (vh’tl ))
WH —(he it (12)
= I 0 q#h
Eh 1 S(Um )
Ss-mem () = Smem () + Sior + o - Sia;.

Sio¢ also introduces an similarity measure with nega-
tive prompts in its denominator, which is hi V‘ghhghted using
parentheses. In S;o;, the multiplication by ensures that
Sioi and S;2; have comparable average magmtudes. The pa-
rameter o controls the weight, allowing users to balance the
relative importance of Syo; and S;o;.



OOD Dataset Average
g:naset Method iNaturalist SUN Places Texture g
\ | FPR95, AUROCT |FPR95, AUROCT |FPR95, AUROC?T|FPRY5, AUROC?|FPRY5| AUROCT
0-shot
MCM 3091 9461 | 3759 9257 | 4469  89.77 | 5777  86.11 | 4274  90.77
GL-MCM 1518 9671 | 3042  93.09 | 3885 8990 | 57.93  83.63 | 3547  90.83
R-MCM* 1259 9723 | 2743 9386 | 3585 9076 | 5840 8356 | 33.57  91.35
4-shot
ImaceNer | EOCO0P 21.67  95.69 | 2298 9507 | 3141 9210 | 4979 8785 | 3146  92.68
Tlfge ¢l |Local-Prompt | 9.65 97.87 | 2040 9557 | 2939 9267 | 5120  88.00 | 27.66  93.53
- M 9.98 97.47 | 1673 9637 | 27.53 9297 | 3844 9214 | 2317  94.74
16-shot
LoCoOp 16.05 9686 | 2344 9507 | 3287 9198 | 4228  90.19 | 2866  93.52
Local-Prompt | 8.71 98.10 | 2397 9485 | 3250 9232 | 4793  89.04 | 2827  93.58
1M 9.24 97.94 | 1594 9656 | 2647 9345 | 3382  93.11 | 2137 9527
0-shot
MCM 1485  97.23 8.08 98.29 1541 9616 | 2046  96.18 1470 96.79
GL-MCM 4.30 98.83 7.82 98.17 1532 9587 | 2791 9326 13.84  96.53
R-MCM* 3.12 98.99 6.45 98.50 | 13.56 9638 | 2526  94.05 1210 96.98
4-shot
ImageNet |LoCoOp 4.18 98.88 3.28 99.15 1090  97.04 1545 9642 8.45 97.87
-500-Easy |Local-Prompt | 2.97 98.88 4.10 98.95 1123 9701 1476  96.68 8.26 97.88
(1~ 500) |IIM 2.38 98.96 2.62 99.34 9.48 97.29 9.87 98.16 6.09 98.44
16-shot
LoCoOp 3.80 99.06 3.09 99.23 9.77 97.33 1282 96.94 7.37 98.14
Local-Prompt | 1.87 99.12 3.39 99.11 1017 97.26 1253 97.02 6.99 98.13
M 1.86 99.27 2.53 99.56 9.05 97.51 8.30 98.26 5.44 98.65

Table 1: Comparison with state-of-the-art (SOTA) methods on ImageNet-1k and ImageNet-500-Easy. Here, * denotes that
negative prompts are excluded during evaluation in S-MCM or R-MCM. The best results are shown in bold.

Experiments
Experimental Setup

Datasets. Following existing works (Zeng et al. 2025a;
Miyai et al. 2023), we use ImageNet-1K (Deng et al. 2009)
and ImageNet-100 as the ID datasets. Based on ImageNet-
1K, we observe that the first 500 classes, which mainly con-
tain natural categories, are relatively easier for OOD sepa-
ration, whereas the last 500 classes, primarily composed of
man-made objects, form a denser and more ambiguous fea-
ture space. Although this class-wise split is relatively coarse,
it provides a simple yet effective way to analyze the impact
of semantic diversity within the ID data. We therefore eval-
uate the two halves (1-500 vs. 501-1000) independently as
ID datasets under the same OOD setting, and refer to them as
ImageNet-500-Easy and ImageNet-500-Hard, respectively.
The corresponding OOD datasets are iNaturalist (Van Horn
et al. 2018), SUN (Xiao et al. 2010), Texture (Cimpoi et al.
2014) and Place365 (Zhou et al. 2017).

Implementation Details. We perform prompt tuning on
a pre-trained CLIP (ViT-B/16) with model dimension d =
512. Following Local-Prompt (Zeng et al. 2025a), the
prompt length L is 16 and the temperature 7" is fixed at 1.
For top-k selection, we set k = 50 for both training and test-
ing, and for OOD prototypes, the number C,, = 300. Hy-
perparameters are set as Apeg = 9, Agiy = 0.5, and a = 1.0
in S-MCM. We train for 50 epochs with SGD, learning rate
2.5 x 10~%, and batch size 32. Experiments run on a single
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NVIDIA 4090 GPU, except ImageNet-1k on a single H100.
Results are averaged over three runs with seeds 1, 2, and 3.

Comparison Methods. To evaluate the effectiveness of
IIM and S-MCM, we compare them with two categories
of methods: zero-shot and local-patch-based few-shot OOD
detection methods. For zero-shot methods, we include
MCM (Ming et al. 2022), GL-MCM (Miyai et al. 2025),
and R-MCM (Zeng et al. 2025a). For few-shot base-
lines, we consider LoCoOp (Miyai et al. 2023) and Local-
Prompt (Zeng et al. 2025a). The superscript * indicates the
exclusion of negative prompts (e.g., R-MCM*, [IM*).

Evaluation Metrics. We use the following metrics: (1) the
false positive rate of OOD images when the true positive
rate of in-distribution images is at 95% (FPR95), (2) the area
under the receiver operating characteristic curve (AUROC).

Main Results

The OOD detection performances are summarized in Tab. 1
and Tab. 2, yielding several key insights: 1) R-MCM*
achieves the best performance among zero-shot perfor-
mance. In fact, MCM and GL-MCM can be regarded as
simplified variants of R-MCM*, which makes its superior
performance reasonable and expected. 2) Our method con-
sistently outperforms existing SOTA methods. In particu-
lar, under the 16-shot setting with ImageNet-1k as the ID
dataset, IIM achieves an average FPR95 that is 6.90% bet-
ter than that of Local-Prompt. Furthermore, under the 4-shot



OOD Dataset Average
gzitaset Method iNaturalist SUN Places Texture g
| | FPR95, AUROCT |FPR95, AUROCT |FPRY5| AUROC?|FPR95, AUROC?|FPRY95, AUROCt
0-shot
MCM 30.48 93.86 50.92 89.45 51.25 88.61 64.06 82.51 49.18 88.61
GL-MCM 20.49 95.75 38.56 91.28 43.40 89.54 60.95 82.05 40.85 89.66
R-MCM* 17.41 96.29 37.43 91.51 41.85 89.97 59.71 82.39 39.10 90.04
4-shot
ImageNet |LoCoOp 25.67 94.44 38.34 90.99 42.86 89.42 48.25 87.66 38.78 90.63
-500-Hard |Local-Prompt | 17.21 96.51 37.11 92.18 41.20 90.79 55.88 85.46 37.85 91.24
(501~ 1k) |(IIM 12.51 97.26 26.14 94.16 32.87 92.25 39.70 90.51 27.81 93.55
16-shot
LoCoOp 28.49 94.11 38.03 92.84 41.82 89.97 45.33 88.26 38.42 91.30
Local-Prompt | 14.70 96.91 36.23 92.46 40.32 91.00 53.52 86.10 36.19 91.62
M 10.35 97.62 24.41 94.34 31.74 92.50 38.71 90.66 26.30 93.78
0-shot
MCM 18.13 96.77 36.45 94.54 34.52 94.36 41.22 92.25 32.58 94.48
GL-MCM 3.45 98.36 16.75 96.91 19.72 96.26 36.90 92.26 19.21 95.95
R-MCM* 2.87 98.93 17.59 96.93 18.93 96.50 37.32 92.52 19.18 96.22
4-shot
LoCoOp 8.02 98.21 13.59 97.31 20.20 95.73 25.73 94.87 16.88 96.53
ImageNet |Local-Prompt | 6.99 98.05 24.34 96.03 26.04 95.49 26.32 93.67 23.42 95.81
-100 M- 2.72 99.18 10.10 98.05 15.27 97.05 19.26 96.45 11.84 97.68
16-shot
LoCoOp 5.04 98.49 10.47 97.58 16.55 96.29 17.44 96.20 12.38 97.14
Local-Prompt | 4.94 98.57 20.06 96.73 22.29 96.19 31.09 95.54 19.60 96.76
M- 1.21 99.52 7.34 98.43 11.76 97.38 13.42 97.44 8.43 98.21
Table 2: Comparison with state-of-the-art (SOTA) methods on ImageNet-500-Hard and ImageNet-100.
ImageNet-500-Hard A ImageNet-Easy HNM NP Lney  Laiw | FPR95, AUROCH
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Figure 3: Pairwise similarity distribution (left) and t-SNE
visualization (right) of ImageNet-500-Easy/Hard.

setting with ImageNet-500-Hard as the ID dataset, IIM re-
duces the average FPR95 by 10.04%, representing a substan-
tial improvement. These results clearly demonstrate the re-
markable effectiveness of our IIM and S-MCM. 3) The two
500-class subsets of ImageNet exhibit significantly differ-
ent levels of OOD difficulty. To explain this, we visualize
the text class prototypes (encoded by CLIP) for two subsets
in Fig. 3. As shown in Fig. 3 (left), ImageNet-500-Hard pro-
totypes exhibit much higher similarity, leading to a denser
distribution of class centers in the feature space, as shown
in Fig. 3 (right). Such increased density reduces the model’s
ability to distinguish OOD samples, as overly similar class
prototypes can blur decision boundaries and hinder effective
OOD separation. Therefore, we recommend ImageNet-500-
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Table 3: Ablation study on each component. The first row
means using £,,,s. NP: negative prompts; HNM: hard nega-
tive mining

Hard as a challenging benchmark for evaluating OOD de-
tection performance in the future.

Ablation Studies

We perform ablation studies on a 4-shot model trained with
ImageNet-500-Hard as the ID dataset to evaluate the effec-
tiveness of each component, unless otherwise noted.

Effectiveness of Each Component. The ablation results
are shown in Tab. 3. Key observations include: 1) Hard Neg-
ative Mining (HNM) is essential. 1t yields a modest FPR95
reduction of 1.20%. 2) Negative prompts alone offer limited
gains. Using only negative prompts reduces FPR95 by just
0.15%. However, when combined with L., the improve-
ment becomes significant (1.84%), underscoring the value of
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Figure 4: Sensitivity analysis of A,cg, Agiv, Cn, and o, where the purple curve represents FPR95(]) and the green curve

represents AUROC(1).

Figure 5: Ablation study of training & and test k.
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Figure 6: Ablation study of OOD evaluators using
ImageNet-1K as the in-distribution dataset.

OOD signals. 3) Lg;, provides additional benefit. 1ts inclu-
sion reduces FPR95 by around 0.5%. We also report the per-
formance as A4 and Ag;,, vary, as shown in Fig. 4 (a-b), the
best performance is achieved when \,¢, =5 and Ag;, =0.5.

Number of Negative Prototypes and « in S-MCM. The
number of negative prompts C,, stands for the OOD proto-
types learns from the OOD signals, while o denote the im-
portance of the text-to-image score. Results in Fig. 4 (c) and
(d) indicate that the performance is achieved optimal when
C,, =300 and a=1.0.

Training and Testing k. The regional number & deter-
mines how selectively the model attends to localized re-
gions within the input. During training, the top-% regions
are used to learn ID-related local prototype prompts, while
the top-2k ~ k regions help learn negative prompts from
OOD-like areas. During testing, the top-k ID-related re-
gions are used to compute the OOD score. As shown in
Fig. 5, both excessively large and small values of k degrade
performance—larger k introduces noise from irrelevant re-
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Method | Epoch Batch Size |Time  Batch Time
Local-Prompt* |30 256 58 min 17115 ms
Local-Prompt |50 32 275 min 5331 ms
LoCoOp* 50 32 19 min 350 ms
M 50 32 26 min 496 ms

Table 4: Comparison of training efficiency. * indicates the
original training configuration.

gions, while smaller k£ misses important cues. The optimal k
for both training and testing is 50, aligning with our analysis.

Different Evaluation Methods. We compare our pro-
posed S-MCM with existing evaluators (MCM, GL-MCM,
and R-MCM) under the 16-shot setting based on the 1IM
framework. To assess the effect of negative prompts, we also
evaluate S-MCM* and R-MCM?*, where such prompts are
removed. As shown in Fig. 6, S-MCM outperforms exist-
ing strategies, with further gains from incorporating negative
prompts. An exception occurs on ImageNet-100, where test-
ing with negative prompts slightly degrades performance.
We attribute this to the relatively small number of classes,
which may lead to less discriminative OOD prototypes.

Training Efficiency. In addition to performance, we also
assess training efficiency. For both baselines, we adopt
their official configurations and further reimplement Local-
Prompt under our training setup for fairness. Despite us-
ing more epochs and a smaller batch size, IIM shortens
the training time by 32 minutes compared to Local-Prompt.
When trained under identical settings, Local-Prompt takes
275 minutes to converge, due to its multiple forward passes.

Conclusion

In this paper, we address two key issues in zero-shot OOD
detection: imperfect local prototypes and the lack of OOD
prototypes. We propose IIM, which optimizes local pro-
totype prompts and OOD prototype prompts by learning
from the top-k and top-2k ~ k class-related patches, re-
spectively. In addition, we introduce an evaluation met-
ric, S-MCM, that considers both image-to-text and text-
to-image similarities. Extensive experiments demonstrate
the effectiveness of our method. Finally, we present two
new benchmarks—ImageNet-500-Easy and ImageNet-500-
Hard—which offer a simple yet effective means to analyze
the impact of semantic diversity within ID dataset.
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