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Abstract
The remarkable achievements of Large Language Models
(LLMs) have captivated the attention of both academia and
industry, transcending their initial role in dialogue genera-
tion. To expand the usage scenarios of LLM, some works en-
hance the effectiveness and capabilities of the model by intro-
ducing more external information, which is called the agent
paradigm. Based on this idea, we propose a new method that
integrates the agent paradigm into out-of-distribution (OOD)
detection task, aiming to improve its robustness and adapt-
ability. Our proposed method, Concept Matching with Agent
(CMA), employs neutral prompts as agents to augment the
CLIP-based OOD detection process. These agents function
as dynamic observers and communication hubs, interacting
with both In-distribution (ID) labels and data inputs to form
vector triangle relationships. This triangular framework offers
a more nuanced approach than the traditional binary relation-
ship, allowing for better separation and identification of ID
and OOD inputs. Our extensive experimental results show-
case the superior performance of CMA over both zero-shot
and training-required methods in a diverse array of real-world
scenarios.

Code — https://github.com/yuxiaoLeeMarks/CMA

1 Introduction
The emergence and development of Large Language Models
(LLMs) (Chang et al. 2024; Zhao et al. 2023; Brown et al.
2020; Achiam et al. 2023) have significantly reshaped the
landscape of Artificial Intelligence (AI), marking a pivotal
breakthrough in both academic research and practical ap-
plications. These models have not only revolutionized the
way we generate conversations but also demonstrated their
capacity as intermediary agents with more nuanced roles,
facilitating the accomplishment of myriad tasks with un-
precedented efficiency and adaptability (Wang et al. 2024;
Xi et al. 2023; Zeng et al. 2023). The Agent paradigm has
been extensively applied across multiple domains and tasks,
playing a profound role (Qian et al. 2023a,b; Hong et al.
2023). The core of this paradigm lies in introducing exter-
nal information to change the input distribution of the
model, thereby enhancing the model’s performance.
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Figure 1: In OOD detection, the Vector Triangle Relation-
ship alters the traditional Binary Relationship by introduc-
ing Agents, thereby more effectively processing and distin-
guishing between ID data and OOD data.

An important and challenging task within the field of ma-
chine learning is to enhance the robustness of models across
diverse scenarios. When an artificial intelligence system en-
counters data that significantly deviates from its training data
distribution, OOD detection becomes crucial for ensuring its
reliability and robustness. In the past, most OOD detection
methods employed single-modal learning (Yang et al. 2021;
Liu et al. 2021; Hendrycks and Gimpel 2016). As CLIP
(Radford et al. 2021) has demonstrated astonishing perfor-
mance across various downstream tasks, an increasing num-
ber of CLIP-based methods for out-of-distribution (OOD)
detection have emerged (Ramesh et al. 2022; Wang et al.
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2022a; Crowson et al. 2022; Wang, Xing, and Liu 2021; Gao
et al. 2024).

Question. However, previous OOD detection methods,
whether single-modal learning or CLIP-based approaches,
typically rely on binary relationship to differentiate between
in-distribution (ID) data and OOD data (Figure 1). These
methods include solely using ID data to construct bound-
aries or employing a combination of ID and OOD data to
demarcate their respective domains. While these methods
are effective to some extent, they lack the flexibility and
adaptability needed to handle the dynamic complexity of
real-world data distributions.

Motivation. In the realm of OOD detection, the predomi-
nant methodology consists of binary segmentation between
ID and OOD data, typically facilitated by scoring functions.
The effectiveness of this prototype is closely tied to the so-
phisticated design of these scoring functions. Inspired by
the remarkable success of the agent-based paradigm, intro-
ducing external information as agents in CLIP-based OOD
detection framework could reshape the distribution of ID
and OOD inputs. Structurally, this paradigm shift from bi-
nary segmentation to a vector triangle relationship relational
framework holds substantial potential for uncovering deeper
insights, potentially transforming the interplay between ID
labels and data inputs (Figure 1).

Our scheme. In this paper, we propose the Concept
Matching with Agent (CMA) methodology, which inte-
grates neutral textual concept prompts in natural language
as Agents within the CLIP-based OOD detection frame-
work. Our framework is illustrated in Figure 2. These agents
serve dual roles: as observers and as intermediate hubs that
facilitate the interaction between ID Labels and Data inputs.
By doing so, we aim to establish a vector triangle relation-
ship among the ID labels, data inputs, and the agents them-
selves. In this triangular vector relationship (Figure 1), the
score of OOD data is diminished due to the collision effect
of the Agents, thereby widening the gap between the scores
of ID data and OOD data. In other words, images closer
to the ID class are less likely to be influenced by neutral
text concepts, whereas images from the OOD class are more
susceptible to these concepts, resulting in lower scores. The
method to achieve our idea is derived from our profound in-
sights into the Language-Vision representation (See Section
3). Building on these insights, we formulate the entire Con-
cept Matching with Agent (CMA) framework.

In summary, our proposed method, CMA, possesses three
distinct advantages. (1) Our approach obviates the need for
training data, enabling zero-shot OOD detection while lever-
aging the collision between Agent and both ID and OOD
data to effectively widen the gap between the two, ensuring
robust performance. This stands in stark contrast to tradi-
tional OOD detection methods, which rely on extensive ex-
ternal data for intricate training (Yang et al. 2021; Liu et al.
2021). (2) Our method exhibits remarkable scalability, al-
lowing for the tailoring of specialized Agents to suit various
scenarios, thereby further enhancing performance (See Sec-
tion 5). This is facilitated by the flexibility of our triangular

vector relationship, which can enhance the impact of cer-
tain OOD images through specific Agents, thereby reducing
their scores. (3) It is noteworthy that the CMA maintains ro-
bustness against both hard OOD inputs, encompassing both
semantic hard OODs (Winkens et al. 2020) and spurious
OODs (Ming, Yin, and Li 2022). This makes our approach
a truly practical and viable option. The contributions of our
study are summarized as follows:

• Drawing upon the concept of Agents in LLMs, we
propose the incorporation of agent-based observation
into OOD detection. By facilitating interactions among
agents, ID labels, and data inputs, we establish a vector
triangle relationship for them. This structured shift di-
verges from the conventional binary frameworks, offer-
ing enhanced flexibility in application scenarios and pro-
viding a novel analytical perspective on OOD detection.

• We propose a novel CLIP-based OOD Detection frame-
work. Compared to previous methods, our approach
more effectively achieves the objective of OOD Detec-
tion: it widens the gap between ID and OOD, and pos-
sesses enhanced versatility and practicality.

• We conducted experiments on various datasets with dis-
tinct ID scenarios and demonstrated that CMA achieves
superior performance across a wide range of real-world
tasks. Compared to most existing OOD detection meth-
ods, CMA brings substantial improvements to the large-
scale ImageNet OOD benchmark.

2 Preliminaries
Contrastive Vision-Language Models. In comparison
to traditional CNN architectures, the ViT (Dosovitskiy
et al. 2020) leverages the Transformer Encoder framework
(Vaswani et al. 2017) to accomplish the task of image classi-
fication, realizing the possibility of utilizing language model
architectures for visual tasks. This provides insights into
the field of vision-language representation learning, with
CLIP (Radford et al. 2021) being a notable representative.
CLIP employs self-supervised contrastive objectives to em-
bed images and their corresponding textual descriptions into
a shared feature space, achieving alignment between the
two. Structurally, CLIP, which utilizes a dual-stream archi-
tecture, comprises an image encoder I : x → Rd and a
text encoder T : t → Rd. After pretraining on a dataset of
400 million text-image pairs, the joint visual-language em-
bedding of CLIP associates objects in various patterns. Due
to the robust performance of CLIP, several OOD detection
methods based on it have emerged. Nevertheless, the chal-
lenge of how to better utilize Language-Vision representa-
tion for OOD detection remains a difficult yet significant is-
sue.

Zero-shot OOD Detection. For traditional OOD detec-
tion frameworks (Hendrycks and Gimpel 2016), a common
assumption is made of a typical real-world scenario wherein
classifier f are trained on ID data categorized as Yin =
{1, ..., C} and subsequently deployed in an environment
containing samples from unknown classes y /∈ Yin, outside
the distribution of the ID. The classifier f is then tasked with
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Figure 2: Overview of Concept Matching with Agent (CMA) framework. The input image x undergoes Image Encoder I to
produce an image embedding. The concatenation of the ID labels Yin and Agents Yntc is then subjected to Text Encoder T to
generate a text embedding. The similarity between the image and text embeddings is computed, with a higher result indicating a
greater degree of similarity (darker shading denotes higher similarity). This is followed by the CMA operation, which computes
the SCMA for each image as the ultimate discriminative metric. Further details are provided in Section 3.

determining membership to the ID. In contrast, zero-shot
OOD detection (Ming et al. 2022; Miyai et al. 2023; Fort,
Ren, and Lakshminarayanan 2021), in line with the current
trend of deep learning, leverages pre-trained models on open
datasets, eliminating the need for additional training of the
model. The approach determines membership to the ID by
calculating results through mapping the data into a common
space Rd. Compared to traditional OOD detection frame-
works that necessitate training, the zero-shot OOD detection
framework is notably more versatile and practical.

CLIP-based OOD Detection The CLIP model aligns im-
age features with text features describing the image in a
high-dimensional space by simultaneously training image
and text encoders on a large dataset, thereby learning rich
visual-language joint representations. When applied to OOD
detection tasks, CLIP only requires class names and does
not require training on specific ID data, allowing it to at-
tempt to classify or determine whether an input image be-
longs to a known class. It is worth noting that the ID classes
in CLIP-based OOD detection refer to the classes used in
downstream classification tasks, which are different from
the pre-trained classes in the upstream. The OOD classes
are those that do not belong to any of the ID classes in the
downstream tasks.

For current CLIP-based OOD detection, MCM (Ming
et al. 2022) has become a basic paradigm. Its core idea is
to treat text embeddings as “concept prototypes” and eval-
uate their in-distribution or out-of-distribution properties by
measuring the similarity between the input image features

and these concept prototypes. Specifically, given a set of
ID categories Yin with a corresponding text description for
each category, we first use a pre-trained text encoder T
to convert these text descriptions into d dimensional vec-
tors ci = T (ti) ∈ Rd, where i ∈ {1, 2, ..., N} and N
is the number of ID categories. For any input image x′

whose visual features are extracted by an image encoder I as
v′ = I(x′) ∈ Rd, the MCM score is defined as the cosine
similarity between the visual features and the closest con-
cept prototype, which is scaled by an appropriate softmax to
enhance the separability of ID and OOD samples:

SMCM(x′;Yin, T , I) = exp(sim(v′, cŷ)/τ)∑N
i=1 exp(sim(v′, ci)/τ)

,

where sim(·, ·) denotes cosine similarity, ŷ =
argmaxi sim(v′, ci) denotes the most matching con-
cept index, and τ is a temperature parameter used to adjust
the distribution of similarity.

3 Method
3.1 Out-of-Distribution Detection
Out-of-Distribution (OOD) detection pertains to the task of
discerning whether a given input sample originates from the
same distribution as the training data (in-distribution, ID)
or from a different distribution (out-of-distribution, OOD).
Formally, let X denote the input space, with Pin denoting
the probability distribution of ID data and Pout denoting the
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distribution of OOD data. The objective of OOD detection is
to classify an input sample x ∈ X as either belonging to Pin
or Pout. This problem can be framed as a binary classifica-
tion challenge, where the model output, denoted as f(x; θ),
yields a probability score p indicating the confidence that x
is in-distribution: p(x) = P (y = 1|x; θ), with y = 1 sig-
nifying that x is in-distribution. A threshold τ is established
to facilitate classification, whereby if p(x) > λ, the sample
is classified as in-distribution, and if p(x) ≤ λ, it is clas-
sified as out-of-distribution. Thus, OOD detection aims to
enhance the robustness and reliability of machine learning
models by effectively mitigating the risks posed by unseen
or anomalous data.

3.2 How To Construct Vector Triangle
Relationships Using Agents

Although the employment of the Agent paradigm in the
realm pertaining to LLMs has become a matter of course,
the challenge lies in its adaptation to the domain of Out-
of-distribution Detection. To address this issue, we have
conducted a systematic examination of linguistic visual
representations and, based on this, conducted targeted ex-
periments, identifying three primary phenomena.Figure 3
shows two basic examples. These laws provide a new per-
spective for us to understand and optimize multimodal learn-
ing models:

• The length of prompt will affect the prediction. In sim-
ilar text descriptions, the longer the prompt is within a
certain range, the higher the score.
Let L denote the length of the prompt, and S(L) denote
the matching score. This relationship could be described
as follows:

S(L) ∝ L for L ∈ [a, b],

where a and b denote the lower and upper bounds of the
prompt length, respectively.

• Different words have different weights in the text de-
scription. The more important the word is in describing
the overall image, the higher its weight. This means that
keywords such as color and shape have a significant im-
pact on the matching score.
Let wi denote the weight of the i-th word, and let P de-
note the set of all words in the textual description. The
overall weight of the description can be expressed as fol-
lows:

W (P ) =
n∑

i=1

wi · fi(P )

where fi(P ) is a function associated with the i-th word,
encompassing attributes such as word frequency, signif-
icance, and so forth, and n denotes the total number of
words in the description.

• Neutral prompts have little impact on images in the
ID category. Conversely, for images in the OOD cate-
gory, neutral prompts can significantly reduce the score
of the ID textual description.

Let ID denote the set of images in the ID category, OOD
denote the set of images in the OOD category, N de-
note the set of neutral prompts, and ∆S(i, p) denote the
change in score for an image i when a prompt p is ap-
plied. The following relationships hold:

∀i ∈ ID, ∀n ∈ N : |∆S(i, n)| ≈ 0

∀i ∈ OOD, ∀n ∈ N : ∆S(i, n) ≪ 0

where |∆S(i, n)| ≈ 0 indicates that the change in score
for images in the ID category remains approximately
zero when neutral prompts are applied, and ∆S(i, n) ≪
0 indicates that the change in score for images in the
OOD category is significantly negative when neutral
prompts are applied.

The causes of these phenomena can be contemplated
through the training methods and mechanisms of the CLIP-
like models.Given that the common text input for pre-trained
models during training is long sentences, they possess higher
confidence in inferring long sentences. Additionally, CLIP-
liked models undergo contrastive learning training, which
enables the model to autonomously focus on the differences
between various text descriptions, thereby giving higher
weights to key words and skewing the predicted outcomes
towards the positive class without being influenced by other
words. We conducted a more detailed discussion and statis-
tical verification in the Appendix.

Drawing on these significant observations and analyses,
we propose the inclusion of neutral prompts unrelated to the
ID category as Agents. By engaging Agents in a ‘collision’
with OOD and ID data, we aim to distance the OOD data
from the ID domain.

3.3 Proposed Approach
Based on the aforementioned analysis, Concept Matching
with Agent (CMA) employs neutral prompts as Agents to
widen the gap between ID and OOD by constructing a vec-
tor triangle relationship. Essentially, CMA employs external
agents to minimize the maximum score, which is fundamen-
tally distinct from traditional learning methods. Therefore, it
does not require additional data or training. Specifically, for
a set of textual descriptions ti, where i ∈ {1, 2, ..., N} corre-
sponding to ID categories Yin, we select a certain number of
neutral prompts Yntc to concatenate with them. The number
is generally the same as the number of ID categories N , and
the concatenated textual concepts Ycon are used as the input
of the text encoder T to output text features ci = T (ti),
where i ∈ {1, 2, ..., 2N}, ti ∈ Ycon = {Yin,Yntc}. Then, it
is calculated with the image features output v′ = I(x′) by
the image encoder I.

Formally, we define the CMA score as:

SCMA(x
′;Yin,Yntc, T , I) = exp(sim(v′, cŷ)/τ)∑2N

i=1 exp(sim(v′, ci)/τ)
,

where sim(·, ·) denotes cosine similarity, ŷ =
argmax
1≤i≤N

sim(v′, ci) denotes the most matching concept
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Figure 3: Heatmaps depicting the cosine similarity between image inputs and ID concept vectors. In Figure (A), the ID concept
vectors consist of sentences containing the word “cat” of varying lengths. It is observed that images tend to align with longer
sentences regardless of whether there is a matching ID concept. Concurrently, keywords such as “white” significantly influence
image matching. In Figure (B), aside from “cat”, no ID concept can be precisely matched with the given images. However,
other than cat images, all images exhibit a preference for aligning with a long sentence devoid of tangible objects. Notably, cat
image remains unaffected, aligning solely with the ID concept “cat”. All the data in the figure is obtained from the practical use
of CLIP (https://github.com/openai/CLIP).

index in ID categories, and τ is a temperature parameter
used to adjust the distribution of similarity.

It is particularly noteworthy that although our calculation
method is similar to MCM, there are significant differences
in detail: (1) When calculating the highest score, the scores
corresponding to neutral prompts should be excluded from
the calculation, but when performing softmax scaling, the
scores corresponding to neutral prompts should be retained;
(2) For text descriptions of ID categories, we do not apply
prompts for text enhancement, but only use the correspond-
ing category names. This is to further differentiate between
ID and neutral prompts, making the model more focused on
whether the image truly corresponds to the ID category.

Finally, our OOD detection function can be formally for-
mulated as:

g (x′;Yin,Yntc, T , I) =
{

1, SCMA ≥ λ
0, otherwise

,

where 1 indicates ID and 0 indicates OOD. λ is the thresh-
old, and examples below λ are considered OOD inputs.

4 Experiments
4.1 Setup
Datasets We conducted a comprehensive evaluation of the
performance of our method across various dimensions and
compared it with widely employed OOD detection algo-
rithms. (1) We assessed our approach on the ImageNet-1k
OOD benchmark. This benchmark utilizes the large-scale
visual dataset ImageNet-1k (Deng et al. 2009) as the ID
data and four OOD datasets (including subsets of iNaturalist

(Van Horn et al. 2018), SUN (Xiao et al. 2010), Places(Zhou
et al. 2017), and Textures (Cimpoi et al. 2014), which are
same as Sun et al. (Sun et al. 2022)) to fully evaluate the
method’s performance across various semantic and scenario
contexts. (2) We evaluated our method on various small-
scale datasets. Specifically, we considered the following ID
datasets: FashionMNIST (Xiao, Rasul, and Vollgraf 2017),
STL10 (Coates, Ng, and Lee 2011), OxfordIIIPet (Parkhi
et al. 2012), Food-101 (Bossard, Guillaumin, and Van Gool
2014), CUB-200 (Wah et al. 2011), PlantVillage (Hughes,
Salathé et al. 2015), LFW (Huang et al. 2012), Stanford-
dogs (Khosla et al. 2011), FGVC-Aircraft (Maji et al. 2013),
Grocery Store (Klasson, Zhang, and Kjellström 2019), and
CIFAR-10 (Krizhevsky, Hinton et al. 2009). (3) We assessed
our method on hard OOD tasks (Winkens et al. 2020; Ming,
Yin, and Li 2022). Following the standards of the MCM
(Ming et al. 2022), we evaluated using subsets of ImageNet-
1k, namely ImageNet-10 and ImageNet-20, which have sim-
ilar classes (e.g., dog (ID) vs. wolf (OOD)). During the ex-
periments, we ensured that each OOD dataset did not over-
lap with the ID dataset in terms of classes.

Model In our experiment, all algorithms uniformly em-
ploy CLIP (Radford et al. 2021) as the pre-trained model,
which is one of the most prevalent and publicly available
visual-linguistic models. Specifically, we utilize CLIP-B/16
as the foundational evaluation model, consisting of a ViT-
B/16 transformer (Dosovitskiy et al. 2020) serving as the
image encoder and a masked self-attention Transformer
(Vaswani et al. 2017) as the text encoder. Additionally, un-
less otherwise specified, the temperature coefficient is uni-
formly set to 1 across all algorithms.

4566



iNaturalist SUN Places Texture Average

Method FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑

Requires training (or w. fine-tuning)
MSP (Hendrycks and Gimpel 2016) 40.89 88.63 65.81 81.24 67.90 80.14 64.96 78.16 59.89 82.04
Energy (Liu et al. 2020) 21.59 95.99 34.28 93.15 36.64 91.82 51.18 88.09 35.92 92.26
ODIN (Liang, Li, and Srikant 2017) 30.22 94.65 54.04 87.17 55.06 85.54 51.67 87.85 47.75 88.80
ViM (Wang et al. 2022b) 32.19 93.16 54.01 87.19 60.67 83.75 53.94 87.18 50.20 87.82
KNN (Sun et al. 2022) 29.17 94.52 35.62 92.67 39.61 91.02 64.35 85.67 42.19 90.97
NPOS (Tao et al. 2022) 16.58 96.19 43.77 90.44 45.27 89.44 46.12 88.80 37.93 91.22
CoOp (Zhou et al. 2022) 43.38 91.26 38.53 91.95 46.68 89.09 50.64 87.83 44.81 90.03
LoCoOp (Miyai et al. 2024) 38.49 92.49 33.27 93.67 39.23 91.07 49.25 89.13 40.17 91.53

Zero-shot (no training required)
MCM (Ming et al. 2022) 30.94 94.61 37.67 92.56 44.76 89.76 57.91 86.10 42.82 90.76
GL-MCM (Miyai et al. 2023) 15.18 96.71 30.42 93.09 38.85 89.90 57.93 83.63 35.47 90.83
CMA(Ours) 23.84 96.89 30.11 93.69 29.86 93.17 47.35 88.47 32.79 93.05

Table 1: Comparison results on ImageNet-1k OOD benchmarks. We use ImageNet-1k as ID dataset. All methods use CLIP-
B/16 as a backbone. Bold values represent the highest performance.

iNaturalist SUN Places Texture Average

ID datasets FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑

FashionMNIST (Xiao, Rasul, and Vollgraf 2017) 0.00 100.00 0.00 100.00 0.00 100.00 13.61 93.60 3.40 98.40
STL10 (Coates, Ng, and Lee 2011) 0.00 100.00 2.56 99.01 0.00 100.00 0.00 100.00 0.64 99.75
OxfordIIIPet (Parkhi et al. 2012) 0.00 99.89 0.37 99.89 0.96 99.71 0.35 99.85 0.42 99.84
Food101 (Bossard, Guillaumin, and Van Gool 2014) 0.25 99.90 0.49 99.86 1.79 99.40 2.99 99.33 1.38 99.62
CUB-200 (Wah et al. 2011) 0.00 100.00 0.00 100.00 0.00 99.99 0.00 100.00 0.00 100.00
PlantVillage (Hughes, Salathé et al. 2015) 2.95 97.83 0.18 98.11 1.12 98.41 4.37 97.56 2.16 97.98
LFW (Huang et al. 2012) 2.89 99.14 2.24 99.52 8.04 98.25 18.88 95.34 8.01 98.06
Stanford-dogs (Khosla et al. 2011) 0.11 99.92 0.16 99.91 0.58 99.73 0.67 99.72 0.38 99.82
FGVC-Aircraft (Maji et al. 2013) 0.00 99.99 0.67 99.87 1.02 99.69 0.00 99.99 0.42 99.89
Grocery Store (Klasson, Zhang, and Kjellström 2019) 0.03 99.89 0.15 99.97 0.69 99.82 0.79 99.76 0.42 99.86
CIFAR10 (Krizhevsky, Hinton et al. 2009) 0.00 100.00 5.12 98.29 2.56 99.67 0.00 99.88 1.92 99.46
CIFAR100 (Krizhevsky, Hinton et al. 2009) 12.80 97.15 17.92 95.66 15.36 96.19 4.53 98.42 12.65 96.86

Table 2: Zero-shot OOD detection with CMA based on CLIP-B/16 with various ID datasets.

Metrics For evaluation, we use the following metrics: (1)
the false positive rate (FPR95) of OOD samples when the
true positive rate of in-distribution samples is at 95%, (2) the
area under the receiver operating characteristic curve (AU-
ROC). All evaluation outcomes for our method are derived
from the average of three experiments, and (3) ID classifica-
tion accuracy (ID ACC).

4.2 Main Results

OOD detection on Large-scale datasets. The bench-
marking of large-scale OOD datasets demonstrates the fea-
sibility of the method for real-world applications and holds
significant value. Typically, we employ ImageNet-1k as
the ID dataset for Large-scale OOD detection. Table 1
presents the performance of our method in comparison with
other approaches under this benchmark. Overall, our method
surpasses other methods, achieving superior performance.
When juxtaposed against the average performance of Zero-
shot methods, CMA demonstrates enhancements of 2.22%
in terms of AUROC and 2.68% in terms of FPR95. Sim-
ilarly, when juxtaposed against the average performance of
Require training methods, CMA also demonstrates improve-
ments, achieving enhancements of 0.79% in AUROC and
3.13% in FPR95, thereby showcasing its exceptional per-
formance.

OOD detection on small-scale datasets. In contrast to
benchmarks based on large-scale OOD datasets, small-scale
OOD detection often features fewer distinct ID categories.
Demonstrating robust performance across these categories
is indicative of a method’s scalability. Table ?? illustrates
the efficacy of our approach across various ID datasets. A
notable outcome is that our method achieves impressive per-
formance across these datasets, especially when no specific
training was tailored to each dataset.

5 Discussion

The number of Agents. In Section 3, we propose the
CMA score formulation SCMA(x

′) with N agents cor-
responding to ID categories. Through systematic experi-
ments with k = M/N (where M denotes agent count),
we derive the optimized scoring function: S ′

CMA(x
′) =

exp(sim(v′,cŷ)/τ)∑N
i=1 exp(sim(v′,ci)/τ)+

∑M
j=1 exp(sim(v′,cj+N )/τ)

where ŷ =

argmax1≤i≤N sim(v′, ci). As shown in Figure 4, empiri-
cal analysis on ImageNet-1k reveals optimal performance at
k = 1. Notably, insufficient agents (N too small) disrupt
the vector triangle relationship, causing structural instabil-
ity that degrades OOD detection efficacy. Beyond a critical
threshold, additional agents yield diminishing returns, con-
firming the framework’s structural saturation effect.
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Figure 4: Impact curve of k = number of Agents
number of ID Labels on the performance of CMA. Left shows that as k gradually increases, the

FPR95 on various datasets generally decreases, with the fastest decline occurring in the range of k less than 0.5, followed
by a gradual slowdown, which is more evident on the average curve. Right shows that as k gradually increases, the AUROC
gradually increases, also with a rapid rise followed by a gradual slowdown.

Figure 5: Comparison with different Agents. Left shows the performance of different agents on various datasets in terms of
FPR95, while Right shows the performance in terms of AUROC. Clearly, the agent that performs best on average across all
datasets does not perform best on every dataset. Moreover, even agents that perform poorly on average can still show decent
performance on certain datasets.

Performance of different Agents. Figure 5 demonstrates
significant performance variance (average 19.95% FPR95
and 4.50% AUROC gaps) across agent implementations.
Context-specific specialization emerges notably in environ-
mental descriptors like “a large photo of the scene we live
in”, which achieves peak performance on SUN dataset (Xiao
et al. 2010) despite suboptimal cross-domain generalization.
This duality reveals both CMA’s sensitivity to agent selec-
tion and its adaptive potential through environment-specific
agent optimization.

6 Conclusion
This paper proposes a novel zero-shot OOD detection frame-
work, Concept Matching with Agent (CMA). By introduc-
ing the concept of Agents into the OOD detection task, a
vector triangular relationship consisting of ID labels, data in-

puts, and Agents is constructed, offering a fresh perspective
on OOD detection. Beginning with a language-vision rep-
resentation, we demonstrate the impact of neutral words on
CLIP-liked models, thereby proposing the innovative idea
of treating neutral words as Agents. Building on this, we
propose a novel score computation method based on CMA.
By incorporating the relationships between Agents and data
inputs, this method enables unique interactions between ID
data and OOD data with Agents, thereby facilitating a better
separation between ID and OOD. We investigate the effec-
tiveness of CMA across various scenarios, including large-
scale datasets, small-scale datasets, and hard OOD detec-
tion, achieving outstanding performance across a wide range
of tasks. Finally, we delve deeper into CMA, highlighting its
flexibility and scalability. We hope that our work will inspire
future exploration of new paradigms for OOD detection.
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