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Abstract

Out-of-distribution (OOD) detection is committed to delin-
eating the classification boundaries between in-distribution
(ID) and OOD images. Recent advances in vision-language
models (VLMs) have demonstrated remarkable OOD de-
tection performance by integrating both visual and textual
modalities. In this context, negative prompts are introduced
to emphasize the dissimilarity between image features and
prompt content. However, these prompts often include a
broad range of non-ID features, which may result in sub-
optimal outcomes due to the capture of overlapping or mis-
leading information. To address this issue, we propose Pos-
itive and Negative Prompt Supervision, which encourages
negative prompts to capture inter-class features and transfers
this semantic knowledge to the visual modality to enhance
OOD detection performance. Our method begins with class-
specific positive and negative prompts initialized by large lan-
guage models (LLMs). These prompts are subsequently op-
timized, with positive prompts focusing on features within
each class, while negative prompts highlight features around
category boundaries. Additionally, a graph-based architec-
ture is employed to aggregate semantic-aware supervision
from the optimized prompt representations and propagate it to
the visual branch, thereby enhancing the performance of the
energy-based OOD detector. Extensive experiments on two
benchmarks, CIFAR-100 and ImageNet -1K, across eight
OOD datasets and five different LLMs, demonstrate that our
method outperforms state-of-the-art baselines.

Introduction

When deploying machine learning models in open-world
scenarios, it is inevitable to encounter samples from pre-
viously unseen classes, commonly referred to as out-of-
distribution (OOD) data (Hendrycks and Gimpel 2016; Shao
et al. 2024; Lin et al. 2025a; Zhao, Chen, and Thuraising-
ham 2021; Wu et al. 2025; Lin et al. 2025b). This issue is
particularly critical in high stakes applications, such as au-
tonomous driving (Bogdoll, Nitsche, and Zollner 2022) and
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Figure 1: Ilustration of the CLIP score using prompts and
an image of a tiger. Compared to the prompt “a photo of a
tiger”, positive prompts enriched with visual features signif-
icantly enhances the CLIP score. Furthermore, the introduc-
tion of negative features can further increase the score.

medical diagnostics (Li et al. 2025a; Zimmerer et al. 2022;
Lietal. 2025b), where the misclassification of OOD samples
can pose significant safety hazards. Moreover, recent studies
have revealed that even state-of-the-art deep neural networks
often make overconfident predictions on OOD data (Parmar
et al. 2023; Li et al. 2024a). Consequently, there is a growing
need for OOD detection methods that can effectively iden-
tify OOD samples.

Traditional OOD detection methods primarily rely on a
single visual modality, overlooking the rich semantic con-
tent carried by labels (Liu et al. 2020). With the emergence
of vision-language models (VLMs), a paradigm shift has
occurred—from relying on vision-only information to in-
tegrating both visual and textual modalities (Zhang et al.
2024). In the context of VLM-based OOD detection, the tex-
tual modality is typically represented by positive prompts
(e.g., “a photo of a {class}”), which are used to estimate
the probability of an image belonging to the given class.
However, these fixed-format prompts do not account for the
distinctions between categories. To address this challenge,
class-specific positive prompts enriched with visual fea-
tures generated by large language models (LLMs) have been
introduced, demonstrating superior performance compared
to those using only category names (Menon and Vondrick
2022). More recently, CLIPN (Wang et al. 2023) incorpo-
rates “no class” into prompts to express negative concepts,
which are referred to as negative prompts. Despite these ad-



vances, the use of negative prompts may still result in the
learning of overlapping non-ID features or noisy informa-
tion, potentially leading to suboptimal performance. Given
the limitations of existing endeavors, our twofold objective
is to: (1) encourage positive and negative prompts to com-
prehensively capture ID category features and to clearly de-
lineate the category boundaries; and (2) aggregate semantic-
aware supervision from prompt representations and transfer
it to the visual branch to improve OOD detection.

One promising direction is to construct class-specific neg-
ative prompts by augmenting positive prompts with neg-
ative features. To preliminarily explore its effectiveness,
we select an image of a tiger, prompt LLMs to generate
class-specific descriptions, and calculate the corresponding
CLIP score, as illustrated in Figure 1. The results indicate
that, compared to positive prompts, class-specific negative
prompts achieve a better match with the image. As will
be discussed later, these augmented prompts primarily cap-
ture inter-class features and guide the model focus on cat-
egory distinctions, thus better matching the corresponding
image. In this paper, we propose the Positive and Negative
Prompt Supervision (PNPS) framework. This framework
consists of three phases: prompt construction with large lan-
guage models, alignment of visual and textual modalities,
and cross-modal graph neural networks. We first construct
positive and negative prompts by prompting LLMs to gen-
erate class-specific visual descriptions. To further enhance
the expressiveness of these prompts, we introduce learnable
textual parameter matrices, which enable positive and nega-
tive prompts to effectively capture intra-class and inter-class
features, respectively. However, a key challenge for improv-
ing OOD detection lies in how to aggregate semantic-aware
supervision from the optimized prompts and propagate it to
the image representations. To address this, we build multi-
modal graphs to facilitate the aggregation and propagation
of semantic supervision within and across modalities. Ex-
tensive experiments on two ID and eight OOD datasets us-
ing five different LLMs demonstrate the effectiveness of our
proposed PNPS method. Our main contributions are:

We employ a graph-based structure to aggregate both pos-
itive and negative prompt representations as semantic-
aware supervision, which is then propagated to the visual
modality to enhance OOD detection performance. To our
knowledge, we are the first to utilize a graph-based frame-
work for OOD detection in the image domain.

We introduce a novel three-phase PNPS framework that
optimizes class-specific positive and negative prompts to
capture intra-class and inter-class features, facilitating a
more profound understanding of ID features as well as the
delineation of more clearly defined category boundaries.

On the CIFAR-100 benchmark, our PNPS improves
AUROC by 1.06%, 2.10%, 4.41%, and 3.97% over the
best baseline on the CIFAR-10, SVHN, Texture, and
Places365, respectively. In addition, our approach also
achieves superior performance on ImageNet-1K.
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Related Work

Out-of-Distribution Detection. OOD detection aims to
identify images that do not belong to any category in the
training dataset. Early research primarily focuses on design-
ing score functions based on the predicted logits, such as
the energy score (Liu et al. 2020). Data augmentation tech-
niques are also adopted to enhance data diversity and im-
prove model generalization, by applying effective transfor-
mations to the training data (Goodfellow et al. 2020; Nie
et al. 2024). Furthermore, later studies explore extracting
class-agnostic information from the feature space, which is
not accessible from predicted logits alone (Sun, Guo, and Li
2021). For instance, ViM (Wang et al. 2022) enhances OOD
detection performance by combining class-agnostic features
with logits. Moreover, with recent advancements in VLMs,
leveraging textual information becomes a new and promis-
ing direction to further improve image OOD detection.

VLM-Based Out-of-Distribution Detection. With the ad-
vancements in VLMSs, a series of VLM-based OOD detec-
tion methods have rapidly emerged. As an early applica-
tion, MCM (Ming et al. 2022) utilizes the maximum logit
of scaled softmax to detect OOD images. Subsequently, the
interaction between NLP and CV has facilitated the applica-
tion of prompt learning from NLP to OOD detection, no-
tably exemplified by CoOp (Zhou et al. 2022). More re-
cently, with the emergence of LLMs, prompt-based LLMs
have enabled the automatic generation of class-specific vi-
sual features. Methods such as DCLIP (Menon and Vondrick
2022) and CuPL (Pratt et al. 2023) demonstrate that prompts
with detailed descriptions can further enhance the match-
ing between images and prompts. Building on these stud-
ies, a promising direction involves simulating non-ID sce-
narios to improve OOD detection performance. For instance,
CLIPN (Wang et al. 2023) introduces negative prompts, such
as “ a photo of no {class}”, to capture negation seman-
tics within images, while EOE (Cao et al. 2024) leverages
LLMs to generate pseudo-OOD labels. Although the afore-
mentioned methods have shown promising results, explo-
rations that combine prompts with negative features remain
limited, leaving significant potential for further research.

Preliminaries

Let X' denotes the image space and ) = {y1,¥2, ..., ¥|c|}
represents the set of ID class labels, where |C| is the to-
tal number of classes. We define = as the random variable
sampled from X', with each sample associated with a label
y € V. Notably, the training and testing data are drawn from
different distributions, i.e., P (X,)) # P¢(X,)), where
test set may include OOD instances with labels y ¢ ).

CLIP and DCLIP. CLIP (Radford et al. 2021) is trained
on 400 million image-text pairs and utilizes contrastive
learning to align visual and textual representations. It com-
prises a text encoder 7 : t — R% and an image encoder
T : 2 — R During inference, given an image-label pair
(x,y) € (X,Y), a prompt like “a photo of a {y}” is fed
to the text encoder to obtain 7 (¢). The predicted probability



for the image feature Z(x) is then computed as follows:

e<I(I),T(ti)>/T

ply =ilx) = ey

Zlccz\l e<I(z),T(te)>/r’
where 7 is the temperature parameter. The following intro-
duces DCLIP (Menon and Vondrick 2022), which leverages
LLMs to generate visual features that describe the object cat-
egory in a photo. Specifically, it prompts the LLMs with the
following query Q and obtains the corresponding answer A:

Q: What are useful features for distinguishing a {class}
in a photo?

A: There are {visual features} to tell there is a {class}
in a photo.

The generated visual features are embedded into a fixed-
format template to construct class-specific positive prompts,
which outperform those using only the category names. For
fair comparison with the template “a photo of a {class}”,
we standardize the class-specific positive prompt format as
“a photo of a {class}, which has {visual features}”.

Methodology

In this section, we describe our proposed PNPS frame-
work. As shown in Figure 2, the architecture consists of
three main phases: 1) utilizing LLMs to generate category-
discriminative features for constructing prompts; 2) optimiz-
ing prompts to capture both inter-class and intra-class fea-
tures; and 3) employing a graph-based structure to aggregate
and propagate semantic knowledge extracted from prompts.

Prompt Construction with Large Language Models

Traditional OOD detection methods typically represent se-
mantic categories (e.g., tiger) as numerical labels (e.g., 0),
which capture only index-based relationships and overlook
rich semantic content. To bridge this gap, positive textual
prompt templates, such as “a photo of a {class}”, have
been introduced; however, these prompts still fail to capture
the intrinsic differences between categories. To emphasize
the distinctions between categories, recent LLM-enriched
approaches construct class-specific positive prompts by ap-
pending discriminative visual descriptions (Menon and Von-
drick 2022). Likewise, negative prompts are introduced to
learn the dissimilarity for each categories (Wang et al. 2023).

This naturally raises a question: could incorporating neg-
ative category features into prompt templates yield better
performance? We refer to such prompts as “class-specific
negative prompts”, and evaluate their effectiveness with
pre-trained CLIP based on ViT/B-16, as shown in Fig-
ure 1. The results indicate that the use of these negative
prompts leads to a better match with the image. Building on
this finding, we further enhance the match by encouraging
LLMs to generate more discriminative descriptions. Specif-
ically, we divide categories in the training set into super-
classes based on species similarity, as exemplified by the
five classes { “tiger”, “wolf”, “bear”, “leopard”, “lion”}
in the CIFAR-100 dataset are grouped into “large carni-
vores” super-class. Take the tiger class as an example, we
modify the original query from Q to @’ as follows:
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Q’: What are useful features for distinguishing a {tiger}
from {wolf, bear, leopard, lion} in a photo?

The reason for the above is to encourage LLMs to gen-
erate non-overlapping features, thus offering more discrimi-
native clues for category differentiation. As shown in Figure
2, we incorporate the generated feature “striped fur” into
the template to construct the class-specific positive prompt
“a photo of a tiger, which has striped fur”, symbolized as
tti9er+ To exemplify, consider the task of distinguishing a
tiger from a wolf, bear, leopard, and lion. Since “striped fur”
is unique to the tiger, its negation— “no striped fur” serves
as a complementary descriptor for the other four categories.
By doing so, the model is guided to attend to fur-related fea-
tures when distinguishing between categories. For instance,
the class-specific negative prompt for the wolf is “a photo
of a wolf, which has no striped fur”, represented as t*°.f —

All categories in the training dataset are grouped into
|C#PeT| super-classes, where C*"P¢"={ “large carnivores”,
“trees”, - - - }. The super-class containing the tiger category
is denoted as C/; 7" ={ “large carnivores”}. If N visual fea-
tures are generated for each category, then each category will
have IV class-specific positive prompts and (|C;*P*"|—1)-N
class-specific negative prompts. To illustrate, for the tiger
category, negative prompts can be constructed by taking the
negations of the N visual features from each of the other
four categories. These prompts are then fed into the text en-

coder 7 (-) to obtain representations H = {H”* H” ~}.

H” = {n] .- RN, hL. - SRz} ()
where H' = {hl nN:1 and H ~= {hf}lnci;HlN Ideally,
positive prompts capture intra-class features, whereas neg-
ative prompts, constructed by combining a category name
with the description of another class, should have their rep-
resentations positioned at the boundaries between the two
categories. However, due to the hallucination in LLMs-
generated features, and the limited expressiveness of the pre-
trained text encoder, the resulting representations may fail to
convey the semantic meaning of “no” (Nie et al. 2024). The
subsequent step is to explore an effective method for opti-
mizing the aforementioned prompt representations.

Alignment of Visual and Textual Modalities

Inspired by CLIP-Adapter (Gao et al. 2021), which achieves
content optimization by adding an additional linear layer
after the pre-trained text encoder in few-shot learning set-
ting, we introduce a learnable prompt parameter matrix W',
while keeping the pre-trained text encoder frozen. The re-
sulting transformed textual representations are given by:

~T ~ ~ ~ ~
H :{th’ e hE, h£+1, ces, hITC;Z“"”I-N} —WTH?. (3)

To achieve better alignment between the visual and textual
modalities, we also introduce a learnable visual parameter
matrix W/, The subsequent challenge lies in designing loss
functions that enable class-specific positive prompts to ef-
fectively capture intra-class features, while negative prompts
encode inter-class distinctions. The optimization process in-
volves three components: positive loss £, negative loss
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Figure 2: An overview of the PNPS framework. To begin with, we employ LLMs to generate discriminative features, which are
then filled into templates to construct class-specific positive and negative prompts. These prompts, together with image patches
and full images, are subsequently encoded into their respective representations. To enhance the expressiveness of the prompt
representations, we introduce learnable textual and visual parameter matrices, W’ and W/, for further optimization. Building
on these optimized textual representations, we then construct cross-modal graph connections to aggregate semantic supervision
from the prompts and propagate it to the visual branch, thereby improving the performance of image OOD detection.

L™, and the negative-positive distant loss £,,,4, which op-
timizes the relative distance between positive prompts and
their corresponding negative prompts. Specifically, we be-
gin by optimizing the positive representations as follows:

Positive-Image Related Loss (PIR). Aligning positive
prompts with their respective images allows prompts to cap-
ture rich intra-class features. Specifically, for a given image
x, we extract its representation h’(z) with the pre-trained
image encoder Z(-), and project it through the learnable
matrix W/ to obtain the transformed image representation
h!(z). The prediction probability for an ID image « and the
i-th positive prompts ¢** is then computed as follows:

2

Cl
c=1

N

n=1
N
n=1 e

e<h! ()Rl (t'")>/7

i =

—— ) “
D <hI(x).hL(t4)> /7
where |C| denotes the total number of ID classes, and N
represents the number of positive prompts per category. The
positive-image related loss L, is defined as:

‘sz'r = 7E(Iyti+)N’Dt7‘ 1ngj_ (5)

Positive-Positive Distant Loss (PPD). The positive-
positive distant loss L,,,q is introduced to encourage diver-
sity among the N class-specific positive representations and
ensure that each one captures distinct semantic information.

c] N

Lppa = ZZ Z | < Bl (), hT(tC+) > .

c=1i=1 j=i+1

6)

The overall objective for optimizing positive representa-
tions is defined as LT = L, + AT - Lppq, with AT serving
as a hyperparameter to balance the two components. The op-
timization process for negative prompts is described below:

Negative-Image Related Loss (NIR). We denote class-
specific negative template “a photo of a {y.}, which has
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{no visual features of y}” as t*~°, where y,, yp € C[Sy"p;]

and the negative features of y; serve as the complementary
descriptor for y,. Accordingly, the representation ﬁT(ta_b)
should be aligned with the image representations of y,,
and diverge from those of y; in the shared semantic space.
This design facilitates the learning of well-defined cate-
gory boundaries between y, and y;, and enables the model
to capture more discriminative inter-class features for y,.
The matching probability between x and the i-th negative
prompts '~ is computed as follows:

‘C i, L]er‘ (e+1)-N+1

PIEEDY

c=1,c#i n=c-N+1

(7

s; (e,n),
where s; (c,n) is the matching score between image x and
the n-th negative prompt of the c-th category within the co-

existing super-class, formulated as follows:
€<h1(x),iz§(ti*ﬂ)>

(®)

where the negative representations for class y. are indexed
fromc-N+1to (c+1)-N+1. Ly, is computed as follows:

€))

Negative-Negative Distant Loss (NND). To ensure diver-
sity and non-overlap among negative prompts, we enforce
greater separation between distinct negative representations.
superl(c+1)(c+1)

silen) = A s 4 <Pl (@) RT(te=)>"

Lrnir = _]E(m,ti_)~D" (‘C§1Lper| — 1) N 10gp;

Ic|1¢;
Lona=y_ > Y Z|<hT =), AT (1 )>[. (10)
o=t g;fé}: ]iV:+61 z+1

The total loss for negative representations is formulated
as L7 = Ly + A7 - Lyng- In addition to the positive loss
L7 and the negative loss L™, we introduce negative-positive
distance loss £,,p4 to increase the separation between posi-
tive and their respective negative prompt representations.



Negative-Positive Distant Loss (NPD). Theoretically, the
positive prompt ¢+ and the negative prompt t*~% are se-
mantically opposite in the shared semantic space. To further
enforce their distinction, we define £,,,4 as follows:

‘C‘ |C[sbuder| N
Lopa=y_ > D I<hI(t), Al v (40>, (1)
c=1 d=1 n=1
d#c

where for the positive representation ilT (tet), the corre-
sponding negative index is d - N +n ford € Csup “". Once
optimized, the prompts are enriched with semantlc aware in-
formation. The next objective is to transfer this semantic su-
pervision to the visual branch to enhance OOD detection.

Cross-Modal Graph Neural Networks

Multi-Modal Graph Construction. Graph-based archi-
tecture offers a natural solution for aggregating semantic
supervision from the optimized prompt representations and
propagating it to the visual branch. Heterogeneous graphs,
in particular, facilitate bidirectional message passing and
feature updates between different node types (Zhang et al.
2019). Within this structure, information flows via intra-
modal and inter-modal edges within the multi-modal graph.
As class-specific prompts incorporate local detail descrip-
tions, the model is guided to attend to semantically consis-
tent image features during optimization. Consequently, the
optimized prompt representations are more concentrated on
these local features. To align with this locality, we employ
the pre-trained ViT to extract patch features and link them
to prompts via cross-modal edges. Specifically, for an im-
age = and its corresponding label y, we obtain [C,“P¢"| - N
prompt representations and M patch representations. To fa-
cilitate this connection, we first construct an unordered node

set V = {V¥ YT}, comprising patch and prompt nodes.
VY = {Ui ...

(12)

P T T
7UJ\/[,'UA{+17 e ’U‘C§1LPST“N+M}'

For each node v; € V™ of the modality m € {P,T}, we
identify its K™ nearest intra-modal neighbors as A/ (v!™).

N ={v; €V™|i # j,v; € TopK™[sim(v;, v;)]}. (13)

To lay the foundation for the construction of inter-modal
edges, we also identify inter-modal neighbor set N/ (v}M).

NwM)= {vj € VI v e Vv, e TopKM[sim(vi )|}

14
U {vj € V7 |vi €V70; € Top KM [sim(v; 05 )]}, .

where we use the Euclidean distance as a measure of simi-
larity. Based on the constructed neighbor sets, we then con-
struct the intra-modal edge set £ = {£F €T}, and the
inter-modal edge set £/***". Building upon these structures,
we construct the multi-modal graph G = (V, £), where V,
E = {gintra_gintery represent the set of nodes and edges.

Multi-Modal Graph Representation Learning. Vision
GNN (ViG) (Han et al. 2022) is proposed to effectively cap-
ture the relationships between patches. In particular, graph-
based architectures excel at modeling complex interactions
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among different types of nodes. Therefore, employing ViG
to model intra-modal and inter-modal relationships holds
significant potential. Given M patch representations and and
|C;“p”| - N optimized prompt representations, we employ
ViG to obtain the aggregated node-level representations.

{hi,- -, hicsurer| vyt (15)

Semantic supervision, aggregated from optimized prompt
representations, is propagated to the visual branch. To ana-
lyze the impact of visual representations on OOD detection,
we slice the node-level output to get patch -related compo-
nents {h; } . A global pooling operation is then applied to
convert these components into graph-level representation.

yhar).

The graph-level representation is subsequently utilized to
enhance energy-based OOD detection through cross-entropy
loss L5 and energy regularization loss Lepergy:

H"“=ViG(G) = har, -

HI"%b! — pooling(hy, hy, - - - (16)

mink G )~ o, [ =108 £y (G) +A-ReLU(E(G) —min |, (17)

Leis

where E(G; f) = =T -log Y"1, e/(@/T and m,,, repre-
sents the margins hyperparameter During 1nference the test
image is first split into patches by the pre-trained ViT, and
subsequently processed by the well-trained ViG to compute
the final confidence score for OOD detection.

Lenergy

Experiments
Experimental Details

Datasets. We conduct experiments on two benchmarks:

The small-scale CIFAR-100 (Krizhevsky, Hinton et al.
2009). Following common practice (Huang and Li 2021),
the OOD datasets used are CIFAR-10 (Krizhevsky, Hin-
ton et al. 2009), SVHN (Netzer et al. 2011), Texture
(Cimpoi et al. 2014) and Places365 (Zhou et al. 2017).

The large-scale ImageNet—-1K (Deng et al. 2009). The
OQOD datasets used are iNaturalist (Van Horn et al.
2018), SUN (Xiao et al. 2010), Places (Zhou et al.
2017), and Texture (Cimpoi et al. 2014).

Baselines. We compare our method with two types of
baselines: zero-shot methods and methods that require ad-
ditional training. For zero-shot methods, we select Energy
(Liu et al. 2020), MCM (Ming et al. 2022), CLIPN (Wang
et al. 2023), Neglabel (Jiang et al. 2024), among others. For
methods that require training, we compare with MaxLogit
(Hendrycks et al. 2019), CoOp (Zhou et al. 2022), Neg-
Prompt (Li et al. 2024b), etc. Note that global pooling and
subsequent training are applied exclusively to the aggregated
image representations, with no textual features involved.
More details are in Baselines section in the appendix.

Experimental Settings. All experiments are conducted
using the pre-trained CLIP (ViT-B/16) as the backbone,
with encoder parameters frozen during training. For cate-
gory feature generation, we employ several commonly used
LLMs: GPT-40, DeepSeek-R1, Gemini 2.0 Pro, OpenAl ol,



CIFAR-10 SVHN Texture Places365 | ID-Acct
-Acc
AUROCT AUPR?T FPR95] AUROCT AUPR?T FPR95] AUROC?T AUPR?T FPR95] AUROC?T AUPR?T FPRO5| |
Energy 84.0441.12 82.724+1.36 59.16£2.07 88.20+2.60 89.7241.82 72.5442.68 80.43+£1.94 85.124+2.73 65.5540.45 83.47+1.45 80.45+1.68 59.8642.53|78.30+0.87
MCM 83.08+2.31 73.4141.74 78.36+£2.14 89.96+2.12 88.724+0.20 64.45+2.77 73.61+£0.59 82.10+2.01 90.3041.34 61.37+0.92 60.91+1.35 98.424+2.28 | 76.34+1.08
CLIPN 88.66+1.08 89.124+0.14 50.67+£2.31 88.20+0.17 49.824+0.14 71.7242.82 90.92+1.65 93.38+1.89 37.744+0.91 87.25+1.71 86.16+0.94 51.064+1.87 |79.62+0.75
Neglabel ~ 77.6041.34 78.3441.39 72.09+2.17 93.154+0.91 86.8141.32 22.78+2.49 90.40+1.45 91.3142.47 56.11£1.08 89.74+1.79 79.354+0.97 40.86+1.52|76.2040.93
MSP 78.31£1.21 79.52+1.32 81.8242.03 76.04+1.12 60.76+1.10 83.69+0.94 76.934+1.23 85.24+0.76 83.83+1.42 79.444+1.38 62.39+1.41 81.24+1.79|77.13+0.83
ODIN 78.18+1.13 79.12+1.41 83.164-1.92 71.08+2.85 52.36+1.37 89.7641.56 79.39+2.01 86.67+£1.35 78.3742.58 79.83+2.01 60.85+£1.93 81.2740.74|76.924+2.91
GradNorm  71.33£0.97 67.284+2.14 82.3242.52 71.3242.20 50.77+2.36 79.724+1.64 64.754+2.34 70.58+£1.97 82.15+1.83 69.64+1.67 36.36+0.82 81.98+2.58|77.99+1.04
ReAct 76.62+1.35 78.974+0.23 70.81+£2.25 83.73+1.80 76.431+0.60 77.41+0.55 81.73+£1.45 89.01+2.29 76.7640.67 79.63+2.44 59.44+1.79 79.184+0.96 |75.80+0.94
VIM 71.50+£1.42 71.394+1.65 88.004+1.84 81.20+0.47 72.82+1.54 82.79+2.91 87.414+0.88 92.15+1.14 55.90+2.36 75.764+0.85 56.24+2.07 83.85+1.35|72.31£1.15
KNN 76.524£2.26 73.01£1.82 82.1142.16 82.21+0.59 71.46£1.78 74.2742.33 83.814+2.73 89.44+0.63 66.4041.87 79.1041.52 57.47+1.74 78.7442.36|69.92+1.24
MaxLogit  85.0741.29 78.13+£1.46 57.58+1.93 91.014+1.80 90.1440.51 59.05+£1.79 82.084+1.31 87.93+1.72 62.82+£2.06 80.88+2.08 69.484+0.79 65.58+1.62|79.484+0.96
EOE 85.67+1.24 80.324+0.37 59.17+£2.06 88.78+0.06 86.104+2.85 68.47+0.27 82.64+2.58 90.31+1.39 66.894+0.79 78.06+£2.13 61.14+1.59 77.601+0.81 |78.82+0.85
VOS 79.23+£1.16 80.03+1.28 58.8742.12 85.01+£2.91 74.34+2.90 47.444+0.59 78.264+0.84 85.56+£1.57 61.36+2.41 79.714+1.26 61.41+2.41 57.17+1.64|77.04+2.91
CoOp 76.01£1.47 74.12+£1.52 67.304-2.43 87.97+2.50 84.79+2.43 39.8940.14 69.95+1.67 86.34+£0.29 86.3641.75 56.7840.69 56.34+1.97 91.6342.51|72.83+1.12
CoCoOp  76.8541.33 74.98+2.56 65.73+2.35 90.504-0.64 88.964+0.91 31.80+£0.98 71.554+1.28 84.194+1.49 85.80+£2.68 58.45+1.94 54.1942.58 91.37+1.72|71.974+1.05
LoCoOp  77.6742.28 76.24+1.49 83.61+1.19 93.894+0.55 92.394+0.29 29.27+1.17 78.61+0.42 93.524+2.06 71.17+£1.57 48.08+£1.35 48.20+0.89 97.59+1.47|72.34+1.11
NegPrompt 88.5311.09 89.01+1.18 49.96+2.22 94.1940.55 92.1842.05 30.99+£0.81 91.144+0.92 93.114+1.79 24.13£0.84 88.34+2.02 90.161+1.54 44.3142.65|78.6410.89
PNPS-DS  89.0641.07 90.16+1.11 60.86+2.31 94.884+0.87 94.724+0.10 30.37£1.63 95.184+0.95 98.98+2.48 22.39+£1.64 90.23+0.94 89.9941.62 28.62+2.55|80.964+1.88
PNPS-Gem 86.65+1.14 87.70+£1.22 60.154-2.14 94.86+1.84 94.36+2.73 29.7740.42 95.32+1.28 98.91£1.56 20.5840.71 92.84+2.08 92.69+1.35 33.424-1.46|82.0340.81
PNPS-OAI 89.7240.97 90.33+1.06 49.08+1.88 95.124+0.42 94.6540.78 27.84+£2.41 93.64+2.48 98.48+0.66 28.19+1.89 92.42+1.78 92.624+2.09 35.70+0.93|80.934+0.86
PNPS-Clau 87.6941.10 86.704£0.96 55.34+2.25 94.301+0.88 93.4941.99 30.99+£0.22 94.44+1.38 98.714+2.14 29.78+£0.92 91.80+1.26 91.844+2.54 35.814+1.39|82.031+0.81
PNPS-GPT 89.634+0.98 90.34+1.05 49.75+2.31 96.291+1.30 95.97+1.49 19.92+£0.84 95.55+1.74 98.944+1.09 18.83£1.56 93.71+1.47 93.56+2.41 30.23+1.73|78.53+1.34

Note: Due to space constraints, we abbreviate LLMs as follows: DeepSeek (DS), Gemini (Gem), OpenAl ol (OAI), Claude (Clau), and GPT-40 (GPT).

Table 1: OOD detection results on the small-scale CIFAR-100 dataset, in terms of AUROC, AUPR, and FPR95 (mean =+ std).
The best results are highlighted in bold, while the second-best results are underlined. 1 (]) indicates that the larger (smaller)
values are better. The first section are zero-shot methods, while the second section are training-required methods.
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Figure 3: T-SNE visualization of optimized image features,
along with positive and negative prompt features on the
CIFAR-10 dataset in the shared semantic space.

and Claude 3.7 Sonnet. The hyperparameters for the posi-
tive and negative losses, AT and A\~, are set to 1le — 5 and
le — 3, respectively. The number of super-classes is set to
20 for CIFAR-100 and 50 for ImageNet—-1K. For the
ViG model, we use the isotropic architecture with 4 and 5
interactive GCN layers for the two datasets, respectively.
The Top-K values { KT, K¥ KM} are set to {2, 10,8} for
CIFAR-100 and {2, 20, 18} for ImageNet-1K. The mar-
gin m;y, is set to 10 and 12 for two datasets. All experiments
are performed on two NVIDIA A800 GPUs. Following com-
mon practice (Huang and Li 2021), we evaluate our method
using AUROC, AUPR, FPR95, and ID-Acc.

Experimental Results

We report the OOD detection results on the CIFAR-100
dataset in Table 1. The average AUROC scores for five dif-
ferent LLMs are 92.34%, 92.42%, 92.73%, 92.06%, and
93.80%, respectively. These results are consistent, with a mi-
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Figure 4: Performance in terms of AUROC, AUPR, and
FPR95 under different settings on CIFAR-100 dataset.
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nor variance of 3e — 5, suggesting that the choice of LLMs
has little impact on overall performance, and that subse-
quent optimization and training steps are more critical. No-
tably, GPT-40 achieves the best overall performance among
the five LLMs, underscoring its relative advantage in text
understanding and the generation of discriminative content.
Among zero-shot baselines, while CLIPN achieves compet-
itive results by leveraging negative prompts to empower the
logic of saying “no” within CLIP, it may introduce over-
lapping and noisy OOD features. In contrast, our method
guides negative prompts to focus on ID features near cate-
gory boundaries, resulting in higher AUROC, with improve-
ments of 0.97% on CIFAR-10, 8.09% on SVHN, 4.63% on
Texture, and 6.46% on Places365 over CLIPN.

Among the training-based baselines, NegPrompt, which
captures negative semantics relative to ID classes, achieves
the best overall performance. On the CIFAR-10, SVHN,
Texture, and Places365 datasets, our PNPS outper-
forms it in terms of AUROC by 1.19%, 1.65%, 4.41%,
and 5.37%, respectively. While our model achieves compa-
rable performance to NegPrompt on the more challenging
datasets (CIFAR-10 and SVHN), it demonstrates a substan-
tially greater advantage on the simpler datasets (Texture
and Places365). These results indicate that our method
not only maintains robustness in difficult scenarios but also
excels in less complex tasks. The results for ImageNet—-1K
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Figure 5: Grad-CAM maps visualization of features captured by full, without positive, and without negative prompts.
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Figure 6: Left: AUROC for LLMs-generated feature count.
Right: AUROC for prompt learning under N-shot settings.

are provided in Experimental Results in the appendix.

Experimental Analysis

Following the above visualization in the shared semantic
space, we further analyze the specific visual features learned
by the optimized positive and negative prompts for a given
image. As shown in Figure 5, we present Grad-CAM visu-
alization of the image regions highlighted by both prompts,
as well as by negative prompts alone and positive prompts
alone. It is evident that combining both prompts enables the
model to focus on a broader range of feature regions. More-
over, the visual regions highlighted by the prompts align
well with their textual semantics, demonstrating the effec-
tiveness of our optimization. Specifically, positive prompts
tend to focus on distinctive category features, such as the
striped fur of a tiger, whereas negative prompts emphasize
the absence of these distinctive features in other categories,
thereby highlighting inter-class differences.

Ablation Study

The Effectiveness of Negative and Positive Prompts.
We conduct ablation experiments to evaluate the contribu-
tion of positive and negative prompt representations by re-
moving each component individually. The conditions “w/o
positive prompt” and “w/o negative prompt” illustrate the
impact of excluding positive and negative representations,
as shown in Figure 4. Our results demonstrate that retain-
ing only negative representations yields better performance
than retaining only positive representations. This finding, to-
gether with the t-SNE visualization in Figure 3, further val-
idates that negative representations are more effective than
positive representations in assisting the classifier to define
decision boundaries between categories for OOD detection.
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The Effectiveness Graph-Based Connection. Graph-
based architectures inherently support information propa-
gation between heterogeneous nodes, making them a more
direct and efficient solution for modeling complex intra-
modal and inter-modal relationships. To validate the effec-
tiveness of graph-based aggregation and propagation, we di-
rectly employ the optimized positive and negative represen-
tations, together with the MCM score (Ming et al. 2022), for
VLM-based OOD detection. We conduct experiments on the
CIFAR-100 and ImageNet-1K datasets, and report the
relevant results in the appendix. Compared to the zero-shot
CLIPN method, our approach achieves slightly lower per-
formance when the graph-based structure is omitted. How-
ever, after incorporating graph connections, its performance
improves significantly. These findings demonstrate that ag-
gregating and propagating semantic supervision via graph-
based structures can effectively enhance OOD detection.

Conclusion

In this work, we propose a three-phase PNPS framework.
Initially, LLMs are leveraged to construct class-specific pos-
itive and negative prompts. Subsequently, these prompts
are optimized via learnable textual matrics to capture intra-
class and inter-class features, which facilitate comprehen-
sive learning of ID features and clearer category boundaries.
Additionally, a graph-based model aggregates semantic su-
pervision from the optimized prompt representations and
transfers it to image features, thus enhancing OOD detec-
tion performance. Experiments on two ID datasets and eight
OOD datasets using five different LLMs demonstrate that
our approach outperforms state-of-the-art baselines.
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