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Abstract. Out-of-distribution (OOD) detection is a significant chal-
lenge in deploying pattern recognition and machine learning models,
as models often fail on data from novel distributions. Recent vision-
language models (VLMs) such as CLIP have shown promise in OOD de-
tection through their generalizable multimodal representations. Existing
CLIP-based OOD detection methods only utilize a single modality of in-
distribution (ID) information (e.g., textual cues). However, we find that
the ID visual information helps to leverage CLIP’s full potential for OOD
detection. In this paper, we pursue a different approach and explore the
regime to leverage both the visual and textual ID information. Specif-
ically, we propose Dual-Pattern Matching (DPM), efficiently adapting
CLIP for OOD detection by leveraging both textual and visual ID pat-
terns. DPM stores ID class-wise text features as the textual pattern
and the aggregated ID visual information as the visual pattern. At test
time, the similarity to both patterns is computed to detect OOD inputs.
We further extend DPM with lightweight adaptation for enhanced OOD
detection. Experiments demonstrate DPM’s advantages, outperforming
existing methods on common benchmarks. The dual-pattern approach
provides a simple yet effective way to exploit multi-modality for OOD
detection with vision-language representations.
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1 Introduction

In practical applications of pattern recognition and machine learning, a pervasive
assumption is that all encountered classes are in-distribution (ID). However, this
assumption is often invalid in real-world scenarios [19,41L|44,45], where out-of-
distribution (OOD) data, or data belonging to classes not encountered during
training, are present. Ensuring the reliability and robustness of model predictions
in such environments is a significant challenge [15], as models often produce over-
confident, incorrect predictions when faced with OOD data [30].
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Fig. 1: Comparisons of different paradigms of CLIP-based OOD detection methods.

With the emergence of models trained on extensive datasets, many down-
stream applications benefit from the transferable representations of the mod-
els . Therefore, adapting the pre-trained models for transfer learning
is becoming common, rather than training from scratch. In computer vision, the
Vision-Language Models (VLMs) show impressive generalizability and zero-shot
capabilities across tasks. . Compared to the image pre-training models,
VLMs trained on image-text pair data can span a broad range of concepts in
the real world, due to the unconstrained nature of textual descriptions.

However, zero-shot recognition typically necessitates the availability of label
names for the test data. This is problematic in the context of OOD detection
tasks because the OOD label space can be vast. Enumerating the entirety of the
OOD space would substantially escalate both storage and inference demands,
rendering such an approach impractical. Thus, it becomes crucial to devise ded-
icated OOD detection algorithms for VLMs to address this challenge.

The evolving field of OOD detection with vision-language representations can
be roughly divided into two parts: training-required and training-free methods.
Esmaecilpour et al. introduce ZOC, which harnesses the visual encoder of the
CLIP model to learn representations of OOD class names. From the view
to enabling CLIP to say no, Wang et al. present CLIPN, a method that
employs negation-semantic prompts to identify OOD samples. Ming et al.
further delved into the possibilities of parameter-efficient fine-tuning of the CLIP
model, demonstrating that fine-tuning could enhance performance on both in-
distribution (ID) and OOD tasks. Different from the training-required methods,
MCM explores the use of Softmax scaling methods for training-free OOD
detection, utilizing the pre-trained CLIP model. These methods use the text
features as the cosine classifier to calculate the prediction logits. The OOD de-
tection task can be formulated as a "store and compare" process . A key issue
is to calculate and store the ID patterns, which is used to compare with the test
samples. Previous CLIP-based methods overlook the multimodal attribute of
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VLMs. They only take into account the similarity between the model’s image
outputs and the ID text pattern, while disregarding the ID visual pattern. We
then ask the question, can we integrate the metrics from unimodality, namely,
not only matching the ID text pattern but also the ID visual pattern?

To this end, we propose Dual-Pattern Matching (DPM), which efficiently
adapts CLIP for OOD detection by exploiting multimodal ID data information as
shown in Fig. [} DPM achieve superior performance by aligning both visual and
text patterns, and it easily integrates with lightweight adaptation training. We
observe that the CLIP feature space of the downstream datasets is narrow, where
the distances between different ID classes are small, which makes low ID-OOD
separability. Motivated by [12], we propose a training-free feature enhancement
module to enhance the ID-class features separability, which is verified important
for OOD detection [28.53|. The proposed DPM calculates the visual pattern and
text pattern for ID data. Specifically speaking, we use the text features of the
class names with templates as the text pattern. Also, we calculate the visual
pattern by accumulating the image-text similarity of ID data. The dual-pattern
scheme can utilize the visual and text information of the ID data simultaneously.
Meanwhile, the use of visual information could better handle the covariate shift
[47], as the text pattern matching could not afford the clue of covariate shift.
To further embody the core of our method, we extend DPM to DPM-T, which
combines lightweight adaptation with prompt learning. We design a learnable
prompt for each class and use the projected image feature after the training-
free enhancement to align with the text feature. The introduction of lightweight
adaptation can concurrently improve the quality of the dual patterns.

We summarize our contributions as follows.

— We propose a domain-specific features aggregation module to refine the CLIP
visual feature for better alignment with the textual features.

— We propose Dual-Pattern (visual and textual) Matching to leverage the full
potential of CLIP on OOD detection task. On top of that, we introduce two
variants of methods, a training-free DPM-F, and a training-required DPM-T.

— Our DPM-F and DPM-T exhibit state-of-the-art performance on OOD de-
tection benchmarks, demonstrating the superiority of our proposed approaches.

2 Related work

Unimodal OOD Detection. Unimodal OOD detection represents the method
that directly adopts the image data only. It can be roughly divided into two cat-
egories: outlier-free methods and outlier-exposure [3,8,/31,/50] methods. Outlier-
exposure methods necessitate additional OOD data as outliers to aid the model
in discerning between ID and OOD discrepancies. In this paper, we focus on the
outlier-free methods which do not rely on any unknown data.

A major branch of outlier-free methods is classification-based methods [47]
including confidence enhancement methods [1,9,/37,/38|, and post-hoc detec-
tion [13}|15H17L123L[25L[35L/42,/53]. Post-hoc detection methods can be readily uti-
lized with an already trained model, including MSP [15] that uses the highest
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softmax probability as the OOD score, and MaxLogit [13] that utilizes the max-
imum logit value of the samples. Other examples include ODIN [23| which finds
substantial temperature scaling and input disturbance beneficial in distinguish-
ing OOD samples, and Energy [25| which suggests an energy score based on the
logsumezxp of logits for OOD detection.

Cross-modal OOD Detection. Recent vision-language models like CLIP [32]
have shown exceptional zero-shot performance. The OOD detection with vision-
language representations aims to detect OOD samples that do not belong to the
ID classes of interest for a downstream task, instead of the classes used during
pre-training [27]. ZOC |10] proposes to learn the representations of OOD class
names based on the visual encoder of CLIP. MCM |[26] investigates training-free
OOD detection with softmax scaling methods based on the pre-trained CLIP
model. CLIPN [43] proposes to learn the negation-semantic prompts to identify
OOD samples. Ming et al. [27] investigate parameter-efficient fine-tuning CLIP
model, and they find the fine-tuning could improve both ID and OOD perfor-
mance. However, the existing methods do not leverage the ID visual information,
and the efficient parameter tuning methods are not well-designed for OOD tasks.
Vision-Language Models. Visual-language models such as CLIP [32|, trained
on extensive image-text data, demonstrate significant promise in the learning of
general representations [48|. These transferable representations vastly improve
performance on a range of downstream tasks. However, downstream datasets of-
ten have a limited number of samples. Therefore, this has led to increased interest
in developing strategies for adapting CLIP to downstream tasks. Broadly speak-
ing, such adaptation strategies fall into two categories: strategies that necessi-
tate the training of an adapting module, and strategies that bypass such a need.
CoOp [56], for instance, proposes to tune prompts for downstream classification
tasks for better performance. DualCoOp [34] presents a framework with dual
learnable prompts to efficiently transfer the CLIP model to address multi-label
image recognition with limited annotations. Gao et al. [11] propose to conduct
fine-tuning with feature adapters on either visual or language branches, outper-
forming context optimization while maintaining a simple design. While tuning
CLIP can achieve better performance in downstream tasks, such a process still
needs extra training and computational resources. Therefore, Zhang et al. [52]
propose a training-free CLIP Adapter for better vision-language modeling.

3 Methodology

3.1 Preliminary

CLIP-based classification. CLIP consists of two encoders: visual encoder &V
and text encoder &7 The encoders enable CLIP to handle information from both
visual and textual modalities. For a downstream task that involves K categories,
given a label y;, € V), text features are extracted as F{ € R™C_ For an image x €
X to be recognized, the image features are encoded as fV = &V (x) € REXWxC
and pooled into its global image feature FV € R'*C:

F = &" (prompt(yx)), ¥ = Pooling(f"), (1)
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Fig. 2: The pipeline of DPM method. The dashed boxes and dashed arrows indicate
the module is only available in the DPM-T. For DPM-F, we add a visual matching
brand compared with previous methods. Compared with DPM-T, we add lightweight
learnable prompts and a linear projection module after the image encoder.

where prompt(-) is the template for name of input candidate category yg, for
example, {a photo of [Classname]|}. Then, the CLIP model outputs the zero-shot
classification results based on the cosine similarity between image features and
text features with a scaling factor .

(x| %) exp (Cos (FV, FkT) /7') @
Pk | X) = = .

ijl exp (cos (FV, FJ-T) /T)
CLIP-based OOD detection. Compared with the unimodal OOD detection,
the previous CLIP-based methods treat the text features of each category as the
cosine classifier to output the logits or softmax probabilities. Given the outputs,
it is easy to apply the post-hoc OOD detection methods such as MSP and Energy.

3.2 Refining CLIP for downstream tasks

For the downstream task, the extracted CLIP visual representations contain
much redundant information. For instance, the representations could contain
the information of the background, while the foreground information is domain-
specific and effective. To this end, we propose a refinement method of Domain-
Specific Feature Aggregation to enhance the domain-specific representations.
Domain-specific feature aggregation: The foreground objects appear in dif-
ferent regions of the image, simple pooling methods mix the foreground and
background information. The foreground information is domain-specific and ef-
fective for classification, therefore, we propose to aggregate the region features
extracted by CLIP to get the domain-specific features. As the feature FV is
aligned with the text feature, each region of the image feature map f" also
aligns the text feature [55]. We use fY € R*¢ to denote the feature at spatial
location r after fV is flattened.



6 Zhang, Xu, and Xiang

To obtain the domain-specific features, we first compute the similarity be-
tween the text features F} for each category k and the visual feature of the region
r as cos(FY, F,CT ). Then we apply the similarity on FY to get the features:

H-W v T
FTV — Z He.};P(COS(FT 7}:5 ))T F,,Y c RlXC. (3)
> j=1 exp(cos(F}, FyT))

r=1

Now the aggregated domain-specific feature is:
FV =~FV + FV € R, (4)

where v is a parameter that controls the mixture of the two features. The final
exp(cos(F~V,Fg)/T)

ZJK:1 exp(cos(F~V,FjT)/T) - Note

that domain-specific feature aggregation does not introduce new parameters.

classification results are computed as p (yx | x) =

3.3 Dual-Pattern Matching

Previous CLIP-based methods try to use the text pattern as the cosine classifier
to calculate the prediction logits. We find that the ID trainset images could serve
as a visual pattern in the "store and compare” process [51]|. Thus, we propose a
new CLIP-based OOD detection method named Dual-Pattern Matching (DPM).
Defining the dual-pattern: We first calculate the visual pattern by accu-
mulating the similarity of the image-text matching score of all ID data. The
previous method KNN [36] utilizes the trainset features as the visual pattern
for each class. Different from KNN, we use the trainset image-text matching re-
sults as the visual patterns for each category because the modality gap exists in
the vision-language models [24]. Then, we calculate the similarity between the
test image features and visual patterns, combining the results with the textual
matching results to get the final results.

Specifically speaking, for a task with K in-distribution classes, We sample n
data for each ID category. The text pattern for category k is the text feature
PT = F' = T (prompt(y;)) € R*C. Given the j;;, sample of category k as x;,
the image-text matching score is

sj = Concat[p (y1 | %5), P (y2 | X5) -, D (¥ | %5)], (5)

where s; € R*X_ The mean of the sampled data’s image-text matching score
for category k is taken as the visual pattern P,l/ for category k as

1 n
PV:fE S e RYXK, 6
k nj:183 ( )

Now we have a visual pattern PV and a text pattern PT for the ID dataset as

PV = Concat ([P, Py, ..., PY]) € REXE
PT = concat([P{, PL, ..., PL]) € REXC,

(7)
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Matching the test feature with dual-pattern: Given an input x to be rec-
ognized, we calculate the two matching scores between the aggregated domain-
specific feature I’V of x and text pattern and visual pattern respectively:

sT = FVPTT ¢ RK ¥ — KL(Softmax(s7)||PY) € R, (8)

and sV = Concat([s},sY,...,s%]) € RE. We use Kullback-Leibler (KL) di-
vergence to measure the similarity between the test features and visual pattern
as KL(R||Q) = >, Rilog %

Each pattern matching emphasizes and contributes information from differ-
ent modalities, therefore, we utilize the two matching scores to help fuse the
information from the two modalities. Formally, our OOD detection scoring func-
tion DPM can be formulated as:

DPM(x) = max(sT) — fmin(s") € R,

00D — {1, if DPM (x) > A (9)
0, if DPM(x) < A,

where (3 is the visual modality affinity factor for the flexibility to balance visual
and text information, 1 represents the positive class (ID) and 0 indicates OOD.
A is chosen so that a high fraction of ID data (e.g., 95 % ) is above the threshold.
Training-Free DPM-F': Here, we introduce DPM-F, a training-free DPM ap-
proach. Our framework is depicted in Fig. [2| where dashed components (learn-
able prompts and the projection layer) are not included in DPM-F. Importantly,
DPM-F doesn’t introduce any new trainable parameters. Generally speaking, we
add a visual matching branch. The textual matching branch shares a similar ar-
chitecture with CLIP-based OOD detection methods. Taking the text pattern
as a cosine classifier, the branch outputs textual matching logits which can be
used for logit-based OOD detection methods. For the visual matching branch,
we first aggregate textual matching scores from the trainset to compute the vi-
sual pattern for each ID category. Then we measure the similarity between the
test image feature and visual pattern to get the visual matching score.

Training-Required DPM-T: To further improve the performance of OOD de-
tection, we introduce a new training-required framework, DPM-T. The domain-
specific feature aggregation module helps the visual feature more align with the
text pattern, which benefits OOD detection. However, the original text pattern
is still unchanged and the distinction between different class text patterns is low.
Introducing learnable parameters: We introduce two learnable modules for
the adaptation of both the visual and textual features. Specifically speaking, we
add a linear projection layer after the visual encoder for both the visual feature
of the region FY and global image feature FV as L (FY), L,(F"). The L is
an MLP-like projection layer that is appended after the frozen image features
to facilitate the matching of pair-wise projected features containing two linear
layers, two norm layers and one activation function. For the text features, we add
learnable prompts inspired by [56] as Prompt = [V1, Va, Vs, ..., V], where V4, ...V
are ¢ learnable word embedding vectors. Different from using handcraft prompt
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templates in DPM-F, we replace them with the learnable Prompt. Therefore, the
text input of DPM-T is formed as [Prompt, Classname]. To better facilitate the
matching of text-vision projected features, we also add a linear layer as L;(F7)
to get the text pattern. Notably, the parameter number of the linear layer and
learnable word embedding vectors is neglectable for the CLIP pre-trained model.

Optimizing the learnable module: One intuitive idea to optimize the module
is to match the projected global image feature and the projected text features.
However, such optimization does not take into account the process of dual-
pattern matching, which results in a performance degradation of the visual-
matching branch. Therefore, we directly conduct the textual matching based
on Egs. and and set v as a learnable parameter. According to the two
equations, we replace the features FY | F ,? and FV with the projected one and
get the text-guided domain-specific feature for class k as FVt = L,(FY) +

H-W cxp(cos(LS(F:/),Lt(Fg))) Vv 1%xC
7 2= P cxp(cos(Ls(FjV),Lt(FkT)))Ls(Fr ) € RIXC.

Then, we match the feature with the projected text pattern. For the visual
matching branch, we leverage visual prototype matching 28| to encourage train-
set data to be close to their class prototypes. The feature compactness in each
class benefits the OOD detection, especially for the logit-based methods [53].
Define the visual prototype uy of class k as the mean of L, (FV) belonging to
the class in the trainset. We accumulate the features in the forward process
and evaluate the prototype in an exponential moving average (EMA) manner.
Without EMA to estimate the prototypes, the prototypes may exhibit fluctu-
ations across different training steps, leading to training instability. Similarly
to the FVt, we obtain the vision-guided domain-specific feature for class k as

1 H-W exp(cos(Ls FTV,
Ve = Ly(FY) + 9 2,0 sriPeteat iy Lo (Y ) € RV,

Given the above feature, we conduct the visual and textual matching as

exp (cos (Fi/”, Hk) /T)

PV (yk | 2) = Z_f(zl exp (COS (Ff/v”u]) /7_) (10)
Visual Matching(VM)
o7 (g | ) = exp (cos (Fi/t7Lt(FT)) /T>

S, o (o (P 2) )

Textual Matching(TM)

Note that we calculate the cosine similarity between the vision-guided domain-
specific feature for class k and py, similar to the text-guided feature. Then, we
jointly optimize two losses to promote ID-OOD separability as

L= EVM + ETM = gce(pvay) + Ece(pTa y) (11)
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4 Experiments

4.1 Experimental Setup

Out-of-distribution datasets. Following the prior work [43]|, we use three
benchmarks as OOD datasets for CIFAR-100 |21] including CIFAR-10, ImageNet-
R [20] and LSUN [49]. For large-scale dataset ImageNet-1k [6], we use iNatural-
ist [39], SUN |46], Texture [5] and Places365 [54] as OOD datasets to benchmark
the algorithms. These OOD datasets provide a comprehensive benchmark for our
algorithm and span a diverse range of domains.

Evaluation metrics. We evaluate our methods using two widely accepted met-
rics: Area Under the Receiver Operating Characteristic Curve (AUROC) and
False Positive Rate at 95% True Positive Rate (FPR95). Higher AUROC and
lower FPR95 values are desirable. We present both metrics as percentages.
Implementation. All the pre-trained CLIP models utilized in our experiments
are obtained from OpenCLIP [4]. Specifically, we use the CLIP models with
ViT-B-16 and ViT-B-32 architectures for our evaluations. See also the coded®

Table 1: Results on CIFAR-100, we search the scaling factor for MCM |26| for each
datasets. AUR: AUROC, FPR: FPR95.

Method CIFA%{—l() ImageNet-R LSUN Avg.

F F F
Image Encoder: ViT-B-16

MSP |15] 74.53 84.43 58.46 95.59 86.43 62.01 | 73.14 80.67
MaxLogit [13] 74.36 84.78 84.22 53.33 83.28 85.01 | 80.62 74.37
Energy [25] 70.88 87.34 84.17 55.07 80.46 89.59 | 78.50 77.33
ReAct [35] 69.50 93.26 42.62 95.73 84.16 80.91 | 65.42 89.96
MCM |26] 76.08 85.55 56.81 97.43 88.21 59.02 | 73.71 80.66
DPM-F 84.81 61.48 84.69 50.95 86.47 59.62 | 85.32 57.35
Requires training (or w/ fine-tuning)
CLIPN-A |43] 80.53 69.46 63.79 75.06 89.62 55.83 | 77.98 66.78
DPM-T 90.55 45.60 90.41 40.28 93.92 30.73 | 91.62 38.87
Image Encoder: ViT-B-32
MSP [15] 70.95 87.29 58.14 97.23 88.43 60.63 | 72.51 81.72
MaxLogit |13] 74.94 87.38 72.51 71.62 90.98 59.71 | 79.48 78.91
Energy [25] 71.22 86.86 74.78 67.11 85.90 77.99 | 77.3 79.25
ReAct [35] 68.96 92.45 68.47 75.56 89.47 69.74 | 75.63 79.25
MCM |26] 72.37 87.86 56.68 98.02 90.57 53.81 | 73.21 79.89
DPM-F 78.72 74.53 T78.30 64.44 95.41 23.81 | 84.14 54.26
Requires training (or w/ fine-tuning)
CLIPN-A |43] 88.06 47.99 87.09 60.07 93.55 35.19 | 89.57 47.75
GROOD [40] 90.72 43.58 82.02 57.25 86.34 65.98 | 86.36 55.61
DPM-T 94.11 30.80 93.87 28.54 96.39 19.89| 94.79 26.41

* https://github.com/HAIV-Lab/DPM
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Table 2: Results on ImageNet with different backbones. For ReAct, DPM-T, and
DPM-F, we only sample 10% of the trainset data for computation and optimization.
Specifically, we sample 100 samples for each class in trainset data.

iNaturalist SUN Places Texture Avg.

URTFPR | AURT FPR | AURT FPR | AURT FPR [JAURT FPR
Image Encoder: ViT-B-16

MSP  83.75 59.18 81.93 61.10 81.11 63.17 79.04 63.14 [79.05 63.14
MaxLogit 88.03 60.88 81.32 61.10 80.11 63.17 79.05 64.14 |81.06 61.90
Energy 87.54 64.36 87.21 67.26 87.80 56.55 74.89 96.33 |84.36 71.13
MCM 90.89 46.51 91.12 42.14 88.68 46.49 87.19 52.38 |89.47 46.88
ReAct 89.95 60.45 92.39 43.80 92.01 38.84 93.90 31.05|92.06 43.53
DPM-F 96.94 12.89 92.62 31.63 89.97 41.15 91.60 32.71 |92.78 29.59
Requires training (or w/ fine-tuning)
CLIPN-A 95.27 23.94 93.93 26.17 90.93 40.83 92.28 33.45]93.10 31.10
DPM-T 99.03 5.08 97.07 16.77 91.81 40.54 94.96 21.9895.72 21.09
Image Encoder: ViT-B-32
MSP 81.80 65.60 79.40 68.21 78.04 68.50 76.31 68.78 [78.89 67.77
MaxLogit 86.68 65.12 87.62 58.30 88.65 50.91 76.74 79.72|84.92 63.59
Energy 83.73 75.04 86.00 68.11 87.87 56.52 72.66 87.66 |82.57 71.83
MCM 88.80 57.44 90.09 48.52 88.15 50.40 85.83 57.04 |88.20 53.10
ReAct 90.56 52.43 91.87 46.56 92.67 38.79 82.21 75.96 |89.33 53.44
DPM-F 94.86 25.08 93.17 31.55 89.89 43.73 87.84 48.90 |91.44 37.31
Requires training (or w/ fine-tuning)
CLIPN-A 94.67 28.75 92.85 31.87 86.93 50.17 87.68 49.49|90.53 40.07
DPM-T 97.66 12.79 94.94 26.89 92.61 31.42 87.65 45.91|93.22 29.25

Method

4.2 Comparison with SOTA

OOD detection on small-scale datasets. In Table[I] we present the results on
CIFAR-100. Among the training-free methods, DPM-F achieves the best average
performance, with an AUROC of 85.32% and an FPR95 of 57.35%. Further im-
provements are observed when incorporating lightweight training, with DPM-T
increasing AUROC by 6.3% and reducing FPR95 by 18.48% compared to DPM-
F. Using the ViT-B-32 backbone, similar trends are shown, DPM-F obtains an
AUROC of 84.14%, while training boosts performance markedly to 94.79% AU-
ROC. Considering the performance across various datasets, our method exhibits
strong generalization capabilities in OOD detection.

OOD detection on large-scale datasets. ImageNet is a large-scale dataset
and the OOD detection performance degrades as explained in [18]. We give a
comprehensive OOD evaluation on ImageNet-1K in Table [2| Interestingly, the
feature-based method ReAct [35] demonstrates competitive performance com-
pared with the SOTA method CLIPN-A [43]. As a training-free method, Re-
Act underlines the significance of ID trainset visual information especially on
the large-scale dataset. Notably, we only use 10% of the trainset in ImageNet,
about 100k images containing 1k categories for ReAct and DPM-F. On average,
our training-free method DPM-F with ViT-B-16 achieves 92.78%(+40.73%) AU-
ROC and 29.59%(-13.94%) FPR95. Furthermore, our training-required method
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DPM-T adapted on ImageNet with a small sample size can achieve higher AU-
ROC(+2.94%) and FPR95(-8.50%) compared to DPM-F. Similarly, our method
using ViT-B-32 achieves 91.44% AUROC (+2.11%) and 29.59% FPR95 (-15.79%)
and achieve 1.78% AUROC, 8.06% FPR95 improvement compared to DPM-F.

Table 3: ID val-set: ImageNet val set, Table 4: ID val-set: ImageNet covariate

testing on covariate shift datasets. shift set, testing on iNaturalist, etc.
OOD Method AUROC 1 FPR95 | ID Method AUROC 1 FPR95 |

MSP 66.74 80.38 MSP 62.65 92.33

IN-R MCM 73.32 77.79 IN-R MCM 70.18 89.07

DPM-F 178.34 65.08 DPM-F 74.23 76.86

MSP 77.71 84.02 MSP 53.35 92.32

IN-A MCM 80.74 73.57 IN-A MCM 64.55 88.92

DPM-F 86.76 53.73 DPM-F 65.91 88.62

MSP 66.74 80.38 MSP 74.54 76.66

IN-v2 MCM 73.32 77.78 IN-v2 MCM 83.98 68.09

DPM-F 84.84 56.8 DPM-F 87.94 51.88

Robustness to challenging benchmarks. The recent paper [47] takes into
account the covariate shift benchmark which focuses on detecting the test data
still belonging to an ID category but non-i.i.d. Following [47], we utilize several
versions of the ImageNet test set similar to Imagenet-1K but with diverse covari-
ate shifts, including ImageNet-A [7], ImageNet-R [14], ImageNetV2 [33]. These
datasets are used as the ID datasets, while OOD samples are sourced from iNat-
uralist, SUN, Texture, and Places365. The average results are shown in Table [d]
Additionally, we employ these datasets as the OOD datasets, while still using the
ImageNet-1K as the ID testsets, and the average results on these OOD datasets
are shown in Tables [3|and [9] Note that NINCO [2] is an ID-contamination-free
OOD test dataset. In both experimental setups, we compare our method with
the training-free OOD detection methods MSP and MCM. The results reveal
that methods solely based on the original CLIP features, such as MCM, strug-
gled to effectively handle covariate shifts, highlighting the challenges involved in
OOD detection with these datasets. In contrast, our method DPM-F showcases
significant improvements compared to MCM when dealing with these datasets.

4.3 Ablation Study

Different losses. In Table 5| we present the performance of OOD detection on
CIFAR-100 using different combinations of L,.g, Lvp and Lrar. Lorg calculate
the loss based on the similarity between the original projected global feature
L,(FV) and Li(FT). The combination of £y-5; and L7s achieves the best per-
formance with an AUROC of 91.62% and a FPR95 of 38.87%.

Different training modules. In Table [6] we present the performance of OOD
detection on CIFAR-100 using different training modules. The projection lay-
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Fig. 3: (a) and (b) Effect of v and 8 in DPM-F on CIFAR-100, respectively. (c) Ab-
lation study on CIFAR-100 of DPM-T with ViT-B-16. The gray lines are the average
AUROC of CLIPN and MCM.

Table 5: Ablation study of the Loss on Table 6: Ablation study of training module
CIFAR with ViT-B-16. on CIFAR with ViT-B-32.

Lorg Lvm Loy AUROCT FPR95] Prompt Projection DSFA AUROC? FPR95]

v 86.65 55.90 84.14 54.26
v 86.08 57.15 v 84.99 55.69

v 61.14 84.87 v 76.93 71.27

v v 87.23 51.63 v 92.63 38.08
v v 84.07 60.52 v v 85.12 56.34
v v 91.62  38.87 v v 90.54 38.95

v v 91.07 39.93 v v v 94.79 26.41

ers are one of the critical modules to make DPM-T effective. Furthermore, the
combination of all three training modules yields the best overall performance.

Different hyper-parameter for DPM-F. We test the influence of different
feature aggregation factors v for the OOD detection performance on CIFAR-
100, as shown in Fig. (a). An appropriate value of « can lead to higher OOD
gains. For example, using the ViT-B-16 model and setting v to 0.7 results in
an approximately 8% AUROC improvement compared to that of v = 0. We
also experiment with the impact of visual modality affinity factor # on the
performance of the Dual-Pattern Matching, as shown in Fig. b). Note that
the v in DPM-T is learnable and we only choose the § for different ID datasets.
The effectiveness of Dual-Pattern Matching. We conduct separate experi-
ments to test the performance of using only visual patterns and textual patterns
for OOD detection on CIFAR-100, as shown in the upper part in Table [7] We
perform visual matching using KL divergence, Euclidean distance, and cosine
distance. We also consider using the trainset visual feature F'V prototype as the
visual pattern and perform matching using cosine distance (CosFea in the table).
Then, we also experiment with combining the score with TM. All experimen-
tal results are presented in Table [7} the aggregation of visual matching scores
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Table 7: Ablation study of visual matching on CIFAR-100. ED: euclidean distance.

Methods CIFAR-10 ImageNet-R LSUN
AUROC 1 FPR95 | AUROC 1 FPR95 | AUROC 1 FPR95 |

KL 63.91 86.32 61.11 85.69 88.98 42.74
ED 44.24 97.88 75.29 75.66 43.15 98.55
Cos 59.49 92.76 86.69 54.19 55.23 96.48
CosFea 60.40 88.22 92.93 36.87 49.15 97.23
™ 77.23 83.78 76.31 62.99 87.71 67.44
KL +TM 78.72 74.53 78.30 64.44 95.41 23.81
ED + TM 61.54 91.44 84.18 55.33 69.24 90.96
Cos + TM 76.04 79.01 88.49 39.31 84.81 73.05
CosFea + TM| 69.36 84.56 91.68 37.16 68.53 93.59

Table 8: Mean AUROC of training-free Table 9: ID val-set: ImageNet val set,
methods on CIFAR-100 with different testing on OOD datasets.
numbers of trainset image per category.

OOD Method AUROC 1 FPRY5 |
N ViT-B-16 ViT-B-32 MSP 277 82.99
U HpM-F VM DPM-F VM MCM  73.54 82.39

5 78.4463.09 83.64 63.02 NINCO ppM-F 7557 76.96
10 76.8458.38 83.86 67.42 DPM-T 8137  66.51
15 78.99 6148 82.40 61.56 MSP 6674 80.3%
20 83737459 8142 59.52 INwg MCM 7332 7778
50 82.0370.51 85.68 71.56 DPM-F 8484  56.8
500 85.33 7676 84.14 72.33 DPM-T 8476  59.24

using KL divergence and texture matching scores achieves the best OOD perfor-
mance. The results indicate that using a single modality of matching performs
lower than our DPM method, which leverages both visual and textual patterns.

The impact of trainset number of images. We also evaluate the impact
of different training set sample sizes for DPM-F and DPM-T model, as shown
in Table 8 and Fig. c) separately. Overall, as the number of training set sam-
ples increases, the performance shows an upward trend. Furthermore, achieving
good OOD performance requires only a small portion of the samples, especially
for DPM-F. Using as few as 20 samples per category can achieve performance
comparable to using 500 samples. Our DPM-T method achieves performance
surpassing CLIPN by using only around 100 samples per category.

The effectiveness of fine-tuning methods. Regarding the fine-tuning ap-
proaches for the CLIP model, we compare our DPM-T method with CoOp [56]
and CALIP [12] and LoCoOp [29], as shown in Table[10] Due to the specific opti-
mization of our method for OOD detection, we achieved significant performance
improvements compared to these fine-tuning methods.

Visualization on the effectiveness of DPM. We showcase OOD detection
performance of DPM and MCM on CIFAR-100 (ID) and ImageNet-R (OOD).
Since ImageNet-R shares labels across domains, posing challenges for CLIP-
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Table 10: Ablation study on different training methods on CIFAR-100 with ViT-B-32.

Method CIFAR-10 ImageNet-R LSUN
AUROC 1 FPR95 | AUROC 1 FPR95 | AUROC T FPR95 |
CoOp-+MaxLogit 83.87 64.95 91.06 40.53 87.94 58.88
CALIP+MaxLogit 75.18 88.08 67.20 77.75 90.19 65.31
LoCoOp+GMCM 83.26 70.29 57.73 97.02 94.83 29.26
DPM-T 94.11 30.80 93.87 28.54 96.39 19.89
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Fig. 4: Similarity density of MCM and DPM with ViT-B-16 on CIFAR-100

based models (Fig.[4(a)), DPM enhances performance by incorporating domain-
specific features in visual and textual matching (Fig. [[(b)(c)(d)).

5 Conclusion

This paper introduces Dual-Pattern Matching, an efficient adaptation of CLIP
for OOD detection. DPM uses a domain-specific feature aggregation module
to refine the CLIP image features. Then, DPM stores class-specific text fea-
tures and vision-text matching prototypes as dual patterns for comparison with
test samples. We introduce training-free DPM-F and training-required DPM-T
extensions incorporating lightweight adaptation and prompt tuning. DPM out-
performs prior CLIP-based approaches in benchmarks by effectively leveraging
multimodal information. The proposed DPM provides a simple yet powerful
framework to exploit vision-language representations for robust OOD detection.
Limitation. Our method has several limitations. First, DPM accesses a cer-
tain number of training samples. Exploring more efficient fine-tuning strategies
for DPM, especially in few-shot scenarios, is an area for future improvement.
Second, we lack consideration of textual features (e.g., prompt enhancement),
which can provide additional context and boost the performance of VLMs.
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