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Abstract
Out-of-distribution (OOD) detection is crucial for building reliable
machine learning models. Although negative prompt tuning has
enhanced the OOD detection capabilities of vision-language mod-
els, these tuned models often suffer from reduced generalization
performance on unseen classes and styles. To address this chal-
lenge, we propose a novel method called Knowledge Regularized
Negative Feature Tuning (KR-NFT), which integrates an innovative
adaptation architecture termed Negative Feature Tuning (NFT) and
a corresponding knowledge-regularization (KR) optimization strat-
egy. Specifically, NFT applies distribution-aware transformations
to pre-trained text features, effectively separating positive and neg-
ative features into distinct spaces. This separation maximizes the
distinction between in-distribution (ID) and OOD images. Addition-
ally, we introduce image-conditional learnable factors through a
lightweight meta-network, enabling dynamic adaptation to indi-
vidual images and mitigating sensitivity to class and style shifts.
Compared to traditional negative prompt tuning, NFT demonstrates
superior efficiency and scalability. To optimize this adaptation ar-
chitecture, the KR optimization strategy is designed to enhance
the discrimination between ID and OOD sets while mitigating
pre-trained knowledge forgetting. This enhances OOD detection
performance on trained ID classes while simultaneously improv-
ing OOD detection on unseen ID datasets. Notably, when trained
with few-shot samples from ImageNet dataset, KR-NFT not only
improves ID classification accuracy and OOD detection but also
significantly reduces the FPR95 by 5.44% under an unexplored gen-
eralization setting with unseen ID categories. Codes can be found
at https://github.com/ZhuWenjie98/KRNFT.
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1 Introduction
In real-world applications, machine learningmodels often encounter
inputs from unknown classes, known as out-of-distribution (OOD)
data. SuchOODdata can leadmodels tomake erroneous predictions,
posing significant safety risks, particularly in critical areas like au-
tonomous driving [4] and medical diagnostics [2]. Consequently,
the ability to detect these OOD samples is crucial in practice.

Traditional OOD detection methods in the image domain rely
solely on visual information [14, 20, 21, 26, 31, 38, 40, 61, 62, 69].
Recently, with the rise of vision-language models (VLMs) [53],
integrating textual information to improve OOD detection has
gained increasing attention. Some initial studies have explored
using pre-trained VLMs in a zero-shot manner [6, 30, 42], validat-
ing their strong capabilities. Recent efforts aim to further enhance
their OOD detection abilities via model tuning, e.g., prompt tun-
ing [3, 36, 45, 48, 81]. By enhancing the relevance of ID classes
to the foreground object of ID images and reducing the impact
of ID-irrelevant features, these tuned models enhance the separa-
tion for ID and OOD images. Although these tuned models bring
certain improvements to the training data, their generalization
performance to unseen classes and styles has been significantly
reduced, as shown in Fig. 1. This indicates that current strategies
fail to enhance the OOD detection capabilities of pre-trained VLMs
comprehensively.
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Figure 1: GradCAM visualization of different methods on ID images. (a) In CLIP, the ID class shows high activation for both
the foreground objects of ID images and the ID-irrelevant features. (b) In LoCoOp, although the activation of the ID class for
ID-irrelevant features has decreased, there is also a reduction in the activation of the ID class for ID foreground objects when
testing on unseen classes and styles. Consequently, the model’s generalization performance for OOD detection has declined. (c)
In our KR-NFT, the ID class shows a strong activation to ID foreground object when testing on unseen class and style, while
exhibiting a low activation to ID-irrelevant features, demonstrating its strong comprehensive OOD detection capabilities.

We find that the reduced generalization performance of current
tuning methods can be largely attributed to overfitting to train-
ing data and forgetting pre-trained knowledge. To address these
issues, we propose a novel approach called Knowledge Regular-
ized Negative Feature Tuning (KR-NFT). Specifically, unlike prompt
tuning methods, which abandon the pre-trained text features and
build new ones, our method decouples pre-trained knowledge and
new knowledge in the text feature space, enabling the model to
have stronger generalization capabilities for various types of OOD
detection. This novel feature-tuning strategy is characterized by
three critical properties that enhance generalization in OOD de-
tection. First, the negative feature tuning directly introduces the
distribution-aware learnable parameters on text features. By ap-
plying classification loss and OOD detection loss, the positive and
negative text features can be optimized into different spaces. This
creates a well-separated boundary to classify the ID and OOD im-
ages. Second, the image-conditional transformation dynamically
generates input-conditional factors for each image by a lightweight
meta-network. Integrating instance-adaptive characteristics into
the feature tuning can drive it to learn invariant representations [10]
and alleviate overfitting to class and style shifts. Furthermore, this
image-conditional feature tuning shows high efficiency, as shown
in Tab. 7. Third, the knowledge regularization optimization strategy
minimizes the discrepancy between the pre-trained text features
and tuned text features, alleviating knowledge forgetting. Together,
these properties significantly reduce the forgetting of pre-trained
knowledge and overfitting to training data, thereby enhancing the
OOD detection capabilities of VLMs comprehensively.

We conduct thorough analyses on the negative feature tuning
structure and its corresponding knowledge regularization strategy.
With extensive experiments, our KR-NFT not only achieves state-
of-the-art performance on the trained ID classes but also presents
strong generalization capabilities to unseen classes and styles. Es-
pecially, with models tuned on the ImageNet dataset, our method
outperforms the closest competitor [81] by 5.44% FPR95 on unseen
classes and by 16.77% FPR95 on unseen styles on average. Besides
its outstanding performance, our method is characterized by its

fast training and testing speeds, as analyzed in Tab. 7. Moreover,
KR-NFT is highly scalable and can be seamlessly combined with
and enhance other methods, as shown in Tab. 4. We summarize our
contribution as follows:
• We first identify a fundamental limitation of existing VLMs adap-
tation methods for OOD detection: while these tuned models
bring improvements on the training data, they often suffer from
reduced generalization performance on unseen classes and styles.

• To tackle this issue, we propose a novel KR-NFT method by
integrating an innovative NFT adaptation architecture and a cor-
responding KR optimization strategy. The NFT presents high
efficiency and scalability, characterized by the distribution-aware
transformation design and instance-adaptive image-conditional
modulation. The KR balances the new task learning against pre-
trained knowledge forgetting, enhancing the generalization capa-
bilities of OOD detection on both trained and unseen ID datasets.

• Validated with extensive experiments, our approach not only
achieves new state-of-the-art results on the training data but
also enhances the OOD detection capabilities of VLMs on unseen
classes and styles. Especially, with models tuned on the ImageNet
dataset, our method outperforms the closest competitor [81] by
5.44% FPR95 on unseen classes and by 16.77% FPR95 on unseen
styles on average.

2 Related Work
Traditional OOD Detection. Traditional OOD detection methods
can be roughly divided into three categories: classification-based
[13, 16, 20, 22, 27, 29, 35, 38–40, 43, 49, 50, 57, 59, 60, 63, 70, 74,
76, 79], density-based [1, 28, 35, 52, 56, 69, 86], and distance-based
[35, 44, 64, 77]. Classification-based methods can be further divided
into post-hoc [13, 20, 29, 35, 38–40, 50, 57, 59, 60, 79], training-based
[27, 63, 70, 76], and outlier exposure [16, 22, 43, 49, 74] approaches.
For example, Liang et al. [38] enhanced the softmax score [20] with
temperature scaling and small input perturbations. The confidence-
estimating branch was designed in [11] for interpretable prediction.
Hendrycks et al. [22] introduced real outliers to facilitate OOD de-
tection. Density-based methods mainly rely on probabilistic models
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Figure 2: The overall framework of our KR-NFT, where we introduce a knowledge regularized negative feature tuning with
three critical properties, i.e., image-conditional module, distribution-aware transformation, and knowledge regularized loss.
These components are designed to enhance the generalization performance to unseen classes and styles in OOD detection.

and predict low-density regions as OOD [56]. Conversely, distance-
based methods differentiate OOD samples by calculating the dis-
tance between test data and ID, employing metrics such as the
Mahalanobis distance [35] or nearest-neighbor distance [61].

OOD Detection with VLMs. Enhancing OOD detection by in-
corporating language knowledge has gained increasing attention,
which can be roughly divided into zero-shot [6, 30, 42, 80] and
fine-tuning methods [3, 36, 45, 68, 81]. MCM [42] pioneered the
zero-shot setting by revisiting the softmax score [20] with pre-
trained VLMs. Then, negative labels were introduced in [6, 30] to
further boost the performance. Recently, fine-tuning pre-trained
VLMs to enhance OOD detection capabilities has been extensively
studied [48, 68], with prompt tuning emerging as the most popular
technique [3, 45, 81]. For instance, learning negative prompts cor-
responding to OOD samples has been explored in various studies
[3, 48, 68, 81]. However, we have observed that while these model-
tuning methods achieve certain improvements in the training data,
their generalization performance on unseen classes and styles is
significantly reduced. This suggests that these approaches fail to
enhance the OOD detection capabilities of VLMs comprehensively.

CLIP Adaptation Methods. The common CLIP Adaptation Meth-
ods include full fine-tuning, prompt tuning [83, 85], feature tuning[17,
37, 75, 82], and parameter tuning [78]. Among these, TaskRes
[75] and SSF [37] are the methods most similar to our approach.
TaskRes[75] enhances classification performance on training data
by adding a learnable residual vector to the text feature for each
class, demonstrating its strengths in prior knowledge preserva-
tion and flexible task learning. SSF[37] employs feature scaling
and shifting parameters to boost a model’s category recognition
capabilities. However, the learning objectives of these methods are
centered on classification, which limits their ability to effectively
detect OOD samples. Consequently, nvestigating the utilization of
these adaptation methods to bolster the robustness of CLIP against
OOD samples emerges as a critical area.

3 Method
3.1 Preliminaries
OODDetection.DefineX as the image domain andY = {𝑦1, . . . , 𝑦𝑁 }
as the class label domain, with examples Y = {𝑐𝑎𝑡, 𝑑𝑜𝑔, . . . , 𝑏𝑖𝑟𝑑}
and 𝑁 denoting the total number of classes. We have 𝒙𝑖𝑛 ∈ X as
the ID random variable and 𝒙𝑜𝑜𝑑 ∈ X as the OOD random variable,
with their respective distributions P𝒙𝑖𝑛 and P𝒙𝑜𝑜𝑑 . Typically, a test
image 𝒙 is expected to follow the ID and to belong to one ID class,
𝒙 ∈ P𝒙𝑖𝑛 and 𝑦 ∈ Y where 𝑦 is the label of 𝒙 . However, in practice,
AI systems may encounter samples that do not match any known
class, 𝒙 ∈ P𝒙𝑜𝑜𝑑 and 𝑦 ∉ Y, resulting in potential misclassifications
and security issues [47, 58]. To mitigate this, OOD detection dis-
tinguishes between ID and OOD samples using a scoring function
𝑆 :

𝐺𝛾 (𝒙) =
{
ID 𝑆 (𝒙) ≥ 𝛾
OOD 𝑆 (𝒙) < 𝛾

(1)

where 𝐺𝛾 is the OOD detector with threshold 𝛾 , determining ID if
𝑆 (𝒙) ≥ 𝛾 .
OOD detection with VLMs. Detecting OOD images by employing
textual information has garnered increasing attention recently. For
a test image 𝒙 and the target label set Y, we derive the image fea-
ture 𝒗 = 𝑓𝑖𝑚𝑔 (𝒙) ∈ R𝐷 and the textual features 𝑪 = 𝑓𝑡𝑥𝑡 (𝜌 (Y)) ∈
R𝑁×𝐷 using pre-trained encoders, where 𝐷 is the feature dimen-
sion. Here, 𝑓𝑖𝑚𝑔 (·) and 𝑓𝑡𝑥𝑡 (·) represent the image and text encoders,
respectively. The function 𝜌 (·) generates text prompts, typically
formatted as ‘a photo of a <label>’, where <label> is replaced
with specific class names such as ‘cat’ or ‘dog’. Both 𝒗 and 𝑪 are
processed via 𝐿2 normalization across the dimension 𝐷 .

To explore additional knowledge from a broader text space,
NegLabel [30] introduces negative labels Y− = {𝑦𝑁+1, . . . , 𝑦𝑁+𝑀 }
by identifying words that are far from the ID labels Y in extensive
text corpora, leading to the following score function:

𝑆𝑁𝑒𝑔𝐿𝑎𝑏𝑒𝑙 (𝒗) =
∑𝑁
𝑖=1 𝑒

cos(𝒗,𝒄𝑖 )∑𝑁
𝑖=1 𝑒

cos(𝒗,𝒄𝑖 ) +∑𝑁+𝑀
𝑗=𝑁+1 𝑒

cos(𝒗,𝒄 𝑗 )
. (2)
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Prompt Learning and Task Residual Learning. CoOp [85] ap-
plies prompt learning to CLIP by adding some learnable context
tokens in the input template. The prompt can be formulated as
𝜌𝑝 (𝑦𝑖 ) = [𝑽 ]1 [𝑽 ]2 · · · [𝑽 ]𝐿 [𝑦𝑖 ] and each [𝑽 ]𝑙 is a vector with the
same dimension as word embeddings of CLIP. To improve general-
ization performance, CoCoOp [84] introduces a lightweight Meta-
Net that generates each image an input-conditional tokenℎ(𝑥), then
adds this token to each context token 𝑽𝑖 (𝑥) = 𝑽𝑖 (𝑥)+ℎ(𝑥). Different
from prompt learning, which introduces learnable context tokens
on input, TaskRes [75] introduces a portion of prior-independent
parameters as a residual on the pre-trained classifier, by decoupling
the old knowledge and the new target knowledge on the text fea-
tures, TaskRes[75] enhanced retention of existing knowledge and
allows for more flexible investigation of task-specific knowledge.
The new text features 𝒄′ can be formulated as: 𝒄′ = 𝒄 + 𝜇𝜷 , 𝜇 is a
scaling factor and 𝜷 is a set of learnable parameters.

3.2 Motivation
Previous studies [3, 36, 45, 79] have explored applying prompt learn-
ing to enhance CLIP’s capabilities on OOD detection. Though it can
enhance the separation for ID and OOD images and bring certain
improvements for OOD detection, these methods have a common
issue: the tuned model’s OOD detection performance on ID images
from unseen classes and styles drops significantly, as illustrated in
the Tab. 2 and Tab. 3. This motivates us to the following research
question:

How to enhance the generalization performance of VLMs in OOD
detection?

To this end, we conduct experiments to investigate the correla-
tion between the ID images and the positive text features. First,
we find that CLIP has a strong alignment capability for ID images
and ID labels, but it is easily affected by ID-irrelevant features, as
shown in Fig. 1a. Then, we observe that the drop in OOD detec-
tion for unseen ID classes in existing prompt learning methods is
closely related to the reduction in the gradient weights of class acti-
vation mapping for ID foreground objects, suggesting a forgetting
of CLIP’s pre-trained knowledge, as shown in Fig. 1b. Therefore,
a new framework is desired to balance the preservation of CLIP
pre-trained knowledge and the learning of new tasks.

3.3 Negative Feature Tuning.
Existing works[3, 36, 48, 68] focus on designing negative prompts
to empower CLIP with OOD detection capability. However, as illus-
trated in [48], employing a shared negative prompt fails to capture
the diversity of negative features, and learning class-specific nega-
tive prompts will bring huge computational cost, as shown in the
Tab. 7. To address these issues, we consider introducing learnable
factors directly on negative text features. We first formulate the
transformation process of the text feature 𝑪 in prompt tuning as:

𝒄′𝑖 = 𝑓𝑡𝑥𝑡 (𝜌𝑝 (𝑦𝑖 )) = 𝑇 (𝒄𝑖 ), (3)

where the prompt 𝜌𝑝 (𝑦𝑖 ) = [𝑽 ]1 [𝑽 ]2 · · · [𝑽 ]𝐿 [𝑦𝑖 ] and each [𝑽 ]𝑙
is a vector with the same dimension. The tuned text feature 𝒄′

𝑖
is

a transformed output of the vanilla text feature 𝒄𝑖 generated by

applying a general feature transformation function 𝑇 (·). In other
words, we could potentially achieve similar effects to prompt tun-
ing by directly transforming pre-trained text features. To verify
this, we experimented with various implementations of transfor-
mation functions, including shifting by a constant, element-wise
scaling/shifting, and MLP-based transformation, as analyzed in
the Supplementary Material. We find that the simple element-
wise scaling and shifting transformation achieves a good balance
between capability and complexity. The learnable independent
parameters are denoted as 𝜶neg =

{
𝜔
neg
1 , 𝜔

neg
2 , . . . , 𝜔

neg
𝑛

}
and

𝜷neg =
{
𝑏
neg
1 , 𝜔

neg
2 , . . . , 𝜔

neg
𝑛

}
, where 𝜶neg ∈ R𝐷 and 𝜷neg ∈ R𝐷

are the element-wise scaling and shifting parameters, respectively.
The negative feature tuning can ne denoted as:

𝒄′𝑖 = 𝑇 (𝒄𝑖 ) = 𝐿2 (𝜶neg𝒄𝑖 + 𝜷neg), (4)

𝐿2 (·) indicates the 𝐿2 normalization along the feature dimension.

(a)Negative Prompt Tuning
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Text
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Text
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Figure 3: Illustration of (a) Negative Prompt Tuning and (b)
our Negative Feature Tuning. Our method introduces inde-
pendent learnable factors directly on the pretrained features
and does not require gradient backpropagation through the
heavy text encoder. This demonstrates its advantage in pre-
serving pre-trained knowledge and enhancing efficiency.

Image-Conditional Module. To enhance the generalization per-
formance of learned prompts, conditioning the text prompts [84] on
image features is a potential solution. We find that such conditional
prompts indeed enhance the generalization performance; however,
the testing speed is significantly reduced since it requires recalcu-
lating text features for each instance, as shown in Tab. 7. To balance
the computational efficiency and generalization, we propose an
image-conditional feature transformation module. Specifically, we
can dynamically generate image conditional tokens for each test
sample using neural networks, this can be formulated as:

𝒄′𝑖 = 𝐿2 (ℎ
𝑛
𝜶 (𝒗)𝒄𝑖 + ℎ𝑛𝜷 (𝒗)), (5)

The lightweight meta-net is denoted as ℎ̂𝑛𝜶 (∗) that takes image
feature 𝒗 as input and outputs the residual parameters. Then, these
conditional residual parameters will be added to the learnable pa-
rameters 𝜶 to get a new image-conditional learnable parameters
ℎ𝑛𝜶 (𝒗), which can formulated asℎ𝑛𝜶 (𝒗) = 𝜶 +ℎ̂𝑛𝜶 (𝒗). And theℎ𝜷 (𝒗)
is similarly defined. The proposed image-conditional module can
largely reduce the model’s sensitivity to shifts in class and style,
thereby enhancing its generalization capability, as validated in Tab
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6. Furthermore, it demonstrates strong advantages in computational
efficiency, as presented in Tab. 7.
Distribution-aware Transformations. Unlike traditional classifi-
cation tasks, which focus on a single ID, OOD detection tasks often
introduce additional negative proxies to represent the negative
distribution [3, 30]. Considering these varying distribution charac-
teristics, we design a distribution-aware transformation functions
for positive and negative text features, which can be formulated as:

𝒄′𝑖 =

{
𝐿2 (ℎ𝑝𝜶 (𝒗)𝒄𝑖 + ℎ𝑝𝜷 (𝒗)), if 𝑖 ≤ 𝑁

𝐿2 (ℎ𝑛𝜶 (𝒗)𝒄𝑖 + ℎ𝑛𝜷 (𝒗)), otherwise
(6)

where ℎ𝑝∗ and ℎ𝑛∗ are the transformation functions for positive and
negative text features, respectively. As analyzed in Figure 4d, such a
distribution-aware setting significantly outperforms its distribution-
agnostic counterpart.

3.4 Knowledge Regularized Optimization.
To enhance the separation capability between ID and OOD images
through text features and avoid the text features overfitting on the
training classes, we design a strategy named Knowledge Regular-
ized Optimization. This strategy consists of three losses: traditional
classification loss, ood detection loss, and pre-trained knowledge
regularization loss.
Outlier Samples Generation. We validate our method under the
few-shot setting, where 𝑆 ID samples per class and a total of𝐾 = 𝑆𝑁

ID instances are available for training, D = {(𝒙1, 𝑦1), ..., (𝒙𝐾 , 𝑦𝐾 )}.
We follow [3] to generate the negative training samples via im-
age cropping and selection. Specifically, we apply multiple ran-
dom cropping to each ID sample 𝒙𝑘 and get the cropping set
𝑋
𝑐𝑟𝑜𝑝

𝑘
= {𝒙𝑐𝑟𝑜𝑝

𝑘,1 , ..., 𝒙
𝑐𝑟𝑜𝑝

𝑘,𝑃
}, where 𝑃 is the number of random crop-

ping. These croppings include positive samples that contain the
target object, as well as negative samples do not contain any objects
of interest (e.g., background only). We distinguish these two types
of croppings by measuring their cosine similarity to the text feature
of the corresponding label (e.g., ‘a photo of a <𝑦𝑘>’). We define
croppings with the highest and lowest cosine similarities as 𝑋𝑝

𝑘
=

{𝒙𝑝
𝑘,1, . . . , 𝒙

𝑝

𝑘,𝑄
} and 𝑋𝑛

𝑘
= {𝒙𝑛

𝑘,1, . . . , 𝒙
𝑛
𝑘,𝑄

}, where 𝑄 is a hyperpa-
rameter that determines the number of selected croppings. Finally,
we construct the training data as D𝑝 = {(𝒙𝑝1,1, 𝑦

𝑝

1 ), (𝒙
𝑝

1,2, 𝑦
𝑝

1 ), . . . ,
(𝒙𝑝
𝐾,𝑄

, 𝑦𝐾 )} and D𝑛 = {(𝒙𝑛1,1, 𝒙
𝑛
1,2, . . . , 𝒙

𝑛
𝐾,𝑄

)}. Our method is also
compatible with other strategies that introduce negative training
samples (e.g., exploring negative local features in LoCoOp [45]), as
validated in the Supplementary Material.
Traditional Classification Loss.Given the constructed model and
the prepared training data, we optimize our method by maximizing
the distinction between ID and OOD data. Specifically, we first
employ the cross-entropy loss to enhance the model’s ability to
recognize ID classes:

L𝑝 (𝒙𝑝 , 𝑦𝑝 ) = − log
𝑒
cos(𝒗𝑝 ,𝒄 ′

𝑦𝑝
)∑𝑁

𝑖=1 𝑒
cos(𝒗𝑝 ,𝒄 ′

𝑖
) +∑𝑁+𝑀

𝑗=𝑁+1 𝑒
cos(𝒗𝑝 ,𝒄 ′

𝑗
) , (7)

where (𝒙𝑝 , 𝑦𝑝 ) ∈ Dp, and 𝒗𝑝 = 𝑓𝑖𝑚𝑔 (𝒙𝑝 ). Here, we reuse 𝑦𝑝 as
the label indices of 𝒙𝑝 with a slight abuse of notation. The scaling
temperature is also omitted for readability.

OOD Detection Loss. In addition to enhancing the recognition
of ID classes, Eq. (7) also pushes positive samples away from the
negative labels. Similarly, we push negative samples away from
the ID labels. Given that there is no one-to-one correspondence
between negative samples and negative labels, we maximize the
similarity between negative samples and the aggregate of negative
labels. For optimization considerations, we adopt an equivalent
objective by minimizing the similarity between negative samples
and the aggregate of ID labels:

L𝑛 (𝒙𝑛) = log
∑𝑁
𝑖=1 𝑒

cos(𝒗𝑛,𝒄 ′𝑖 )∑𝑁
𝑖=1 𝑒

cos(𝒗𝑛,𝒄 ′
𝑖
) +∑𝑁+𝑀

𝑗=𝑁+1 𝑒
cos(𝒗𝑛,𝒄 ′

𝑗
) , (8)

where 𝒙𝑛 ∈ Dn, and 𝒗𝑛 = 𝑓𝑖𝑚𝑔 (𝒙𝑛).
Knowledge Regularization Loss. Although the adopted simple
transformation function significantly preserves pre-trained knowl-
edge, its implicitly structured design leaves room for further im-
provement. To further enhance the retention of pre-trained knowl-
edge, we are inspired by the knowledge distillation framework
[25] to introduce an explicit consistency constraint. Specifically,
we implement an objective that ensures the transformed text fea-
tures remain consistent with the original ones in their outputs. As
shown in Fig. 4c, we investigated different locations for applying
this consistency regularization, including on features, logits, or pre-
dicted probabilities, to determine the most effective approach. The
best performance is achieved by maximizing the cosine similarity
between pre-trained text features 𝒄𝑖 and the learned 𝒄′

𝑖
:

Lkr =
1

𝑁 +𝑀

𝑁+𝑀∑︁
𝑖=1

(1 − 𝒄𝑖 𝒄
′
𝑖 ). (9)

This consistency regularization objective can be understood as
applying an additional constraint on the adopted transformation
function. This constraint explicitly ensures that the transforma-
tions applied are subtle, in line with residual learning principles
[18]. By limiting these transformations to minimal changes, this
approach effectively preserve pre-trained knowledge, achieving a
balance between acquiring new task capabilities and preserving
the integrity of pre-trained knowledge.
Learning Objectives. We construct our model based on NegLabel
[30], which identifies OOD samples by comparing the similarity of
image features to ID labels and mined negative labels, as shown in
Eq. (2). The overall learning objective is formulated as follows:

L = L𝑝 + 𝜆1L𝑛 + 𝜆2L𝑘𝑟 , (10)

where 𝜆1 and 𝜆2 are balancing parameters. The overall framework
is illustrated in Fig. 2.

3.5 Inference.
Existing fine-tuning methods for VLMs typically conduct evalua-
tion on the training classes only [3, 45, 81]. However, we found that
these tuned models exhibit reduced generalization performance
on unseen classes, as shown in Fig. 1. This suggests that current
tuning methods tend to overfit the training data and do not com-
prehensively enhance the VLMs’ OOD detection capabilities. To
comprehensively evaluate the OOD detection ability of tuned VLMs,
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OOD datasets
Methods INaturalist SUN Places Textures Average

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

Zero-shot methods)
MCM [42] 94.59 32.20 92.25 38.80 90.31 46.20 86.12 58.50 90.82 43.93
EOE [6] 97.52 12.29 95.73 20.40 92.95 30.16 85.64 57.63 92.96 30.09
NegLabel [30] 99.49 1.91 95.49 20.53 91.64 35.59 90.22 43.56 94.21 25.40

Tuning-based methods
MSP [20] 87.44 58.36 79.73 73.72 79.67 74.41 79.69 71.93 81.63 69.61
ZOC [15] 86.09 87.30 81.20 81.51 83.39 73.06 76.46 98.90 81.79 85.19
CLIPN [68] 95.27 23.94 93.93 26.17 92.28 33.45 90.93 40.83 93.10 31.10
LSN [48] 95.83 21.56 94.35 26.32 91.25 34.48 90.42 38.54 92.26 30.22
LoCoOp [45] 93.93 29.45 90.32 41.13 90.54 44.15 93.24 33.06 92.01 36.95
ID-like [3] 98.19 8.98 91.64 42.03 90.57 44.00 94.32 25.27 93.68 30.07
NegPrompt [36] 90.49 37.79 92.25 32.11 91.16 35.52 88.38 43.93 90.57 37.34
SCT [36] 95.86 13.94 95.33 20.55 92.24 29.86 89.06 41.51 93.27 26.47
LAPT [81] 99.63 1.16 96.01 19.12 92.01 33.01 91.06 40.32 94.68 23.40
KR-NFT (Ours) 99.62 0.82 96.15 17.83 92.64 36.12 91.96 36.38 95.09 22.79
KR-NFT (𝜆2=0) 99.67 1.33 96.28 17.46 93.68 28.17 93.26 29.34 95.82 19.08

Table 1: OOD detection results for ID of ImageNet-1k and four OOD datasets using a VITB/16 encoder.

we conduct inference not only on the trained ID classes but also di-
rectly evaluate themodel, which is tuned on Base dataset, on unseen
New classes. Specifically, given a VLM typically tuned with sam-
ples 𝒙𝑖𝑛 from the base ID distribution P𝒙𝑖𝑛 , we first assess its OOD
detection performance using samples 𝒙𝑖𝑛/𝒙𝑜𝑜𝑑 from P𝒙𝑖𝑛/P𝒙𝑜𝑜𝑑 ,
following the common pipeline [26, 81]. Additionally, we evaluate
the same model with samples 𝒙𝑛𝑒𝑤

𝑖𝑛
/𝒙𝑛𝑒𝑤
𝑜𝑜𝑑

from unseen class distri-
butions P𝒙𝑛𝑒𝑤

𝑖𝑛
/P𝒙𝑛𝑒𝑤

𝑜𝑜𝑑
, where the label spaceY𝑛𝑒𝑤 of P𝒙𝑛𝑒𝑤

𝑖𝑛
differs

from the Base classesY. In addition to examining new distributions
with class shifts, we also investigated another new distribution shift
featured by image styles, which retains the same label space Y as
the Base classes and presents new image styles. We follow NegLabel
to calculate the score in the testing stage, where we replace the
pre-trained text feature 𝒄𝑖 with the learned 𝒄′

𝑖
in Eq. (2).

4 Experiments
4.1 Experiments Setup
Datasets and Benchmarks. Following [26], We select ImageNet-
1K [8] as the ID dataset and use iNaturalist [65], SUN [71], Places
[83], and Textures [7] as OOD test datasets. To evaluate the gener-
alization capability to unseen classes, we directly apply the model
tuned on ImageNet to CIFAR10 [34], CIFAR100 [34], and four fine-
grained datasets [5, 33, 51, 66]. For CIFAR datasets, we follow the
OpenOOD setting [72] and use MNIST [9], SVHN [46], Places [83],
and Textures [7] as OOD test datasets. For fine-grained datasets,
we follow [6] to randomly select half of the classes as ID and use
the remaining half as OOD. We also evaluate the generalization to
unseen image styles, where we apply the model tuned on ImageNet
to covariate-shifted ID datasets of ImageNet-R [19], ImageNet-V2
[54], ImageNet-A [24], and ImageNet-Sketch [67].
Implementation Details. We conduct the experiments under the
four-shot learning setting (𝑆=4) with a ViT-B/16 visual encoder.
For each training sample, we generate 𝑃=256 random-sized crops,
supplemented with color augmentation methods such as color jitter
and grayscale. From these crops, we select 𝑄=32 crops to construct

the positive training set D𝑝 and the negative training set D𝑛 , re-
spectively. We utilize 10, 000 negative text labels following [30]. In
the optimization process, we use the AdamW optimizer [32] to train
the model for three epochs at a learning rate of 1e-5. We use 𝜆1=0.3
and 𝜆2=100 in all experiments. We initialize 𝜶 as all ones, 𝜷 as all
zeros, and constrain the initial output of ℎ̂∗ (·) to be zeros to avoid
disturbing pre-trained knowledge at the beginning of training.

4.2 Main Results
Results on Training Dataset.As shown in the Tab. 1, our KR-NFT
outperforms other competitors on average.We report the traditional
methods [14, 20, 26, 38, 40, 61, 62, 69] by fine-tuning CLIP visual
encoders with the ImageNet training data as described in [30], and
reference the results of other methods [3, 6, 15, 36, 45, 48, 68, 81]
directly from their respective papers. Although setting 𝜆2 = 0 yields
superior results on the Base ImageNet dataset, configuring 𝜆2 to
a moderate value optimally balances performance across both the
Base and New test sets, as analyzed in Fig. 4b.
Generalization Results to Unseen Classes. A good OOD detec-
tion model should not only perform well on training data but also
demonstrate strong generalization on unseen classes and styles. To
this end, we assess the generalization performance of our model by
applying it, once tuned on the ImageNet dataset, to the ID datasets
of CIFAR10, CIFAR100, and four fine-grained datasets. As shown
in the Tab. 2, while existing model tuning methods, such as Lo-
CoOp and LAPT, achieve certain improvements in training classes,
their generalization to new classes significantly declines. In con-
trast, our method not only achieves substantial improvements on
training classes but also enhances performance on unseen classes,
presenting a comprehensively enhanced OOD detection capability.
Generalization Results to Unseen Styles. In addition to evalu-
ating the generalization performance on unseen classes, we also
validate our model on unseen image styles. As shown in Tab. 3, our
method demonstrates strong generalization across various natural
style shifts compared to other few-shot training methods, confirm-
ing its robustness.
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Methods
Unseen New Classes

CIFAR10 CIFAR100 Fine-grained Average

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

Zero-shot methods
MCM [42] 96.27 14.28 79.92 54.54 78.21 68.72 84.80 45.84
NegLabel [30] 96.69 12.15 80.21 54.05 89.99 41.28 88.96 35.82

Tuning-based methods
LoCoOp [45] 93.61 26.36 73.53 57.03 81.32 70.24 82.82 52.21
ID-like [3] 85.80 39.98 69.54 67.11 61.10 82.20 72.15 63.09
NegPrompt [36] 92.79 29.21 74.82 63.44 78.83 68.32 82.14 54.66
SCT [73] 95.17 18.28 77.55 62.99 83.11 65.29 85.28 48.85
LAPT [81] 95.21 17.26 78.94 57.11 89.23 46.91 87.39 40.43
KR-NFT (Ours) 96.82 11.41 80.95 53.24 89.99 40.33 89.25 34.99

Table 2: OOD detection results on unseen classes, where results of [3, 36, 45, 81] and ours are reported with models tuned on the
ImageNet dataset. Pre-trained CLIP model is utilized in [30, 42]. Detailed results are provided in the Supplementary Material.

Methods
Unseen New Styles

ImageNet-S ImageNet-A ImageNet-R ImageNet-V2 Average
AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓

Zero-shot methods
MCM [42] 82.26 70.13 72.16 80.88 76.68 76.72 87.43 55.61 79.68 70.84
NegLabel [30] 93.59 27.42 87.94 43.23 94.54 20.63 93.08 29.77 92.29 30.26

Tuning-based methods
LoCoOp [45] 68.32 73.35 72.66 77.64 50.36 89.14 74.33 62.48 66.42 76.65
ID-like [3] 74.29 75.92 80.23 67.24 83.03 61.09 88.11 49.57 81.41 63.46
NegPrompt [36] 77.57 65.18 69.82 76.57 80.70 56.01 74.06 63.42 75.53 65.30
SCT [73] 85.11 53.30 80.30 63.13 85.23 48.81 90.66 36.47 85.33 50.43
LAPT [81] 84.80 51.87 87.18 51.47 87.75 47.42 93.30 28.84 88.26 44.90
KR-NFT (Ours) 94.10 24.81 89.13 38.46 94.66 20.12 93.61 29.13 92.88 28.13

Table 3: OOD detection results on unseen styles, where results of [3, 36, 45, 81] and ours are reported with models tuned on the
ImageNet dataset. Pre-trained CLIP model is utilized in [30, 42]. Detailed results are provided in the Supplementary Material.

Compatibility. As shown in Tab. 4, our method is highly com-
patible with existing prompt-tuning-based approaches, bringing
consistent improvement to OOD detection capabilities.
Evaluation on OpenOOD benchmark.We evaluated our method
on the OpenOOD benchmark, which includes far-OOD and near-
OOD datasets. As shown in the table 5, our KR-NFT performs
better than Neglabel on both far-OOD and near-OOD datasets. This
demonstrates the robustness of KR-NFT, making it applicable across
various OOD scenarios.

Methods Unseen New Classes Unseen New Styles
AUROC↑ FPR95↓ AUROC↑ FPR95↓

LoCoOp [45] 82.82 52.21 66.42 76.65
LoCoOp + KR-NFT [45] 85.30 49.37 78.98 70.06

SCT [73] 85.28 48.85 85.33 50.43
SCT + KR-NFT [73] 86.01 45.53 85.96 49.58

LAPT [81] 87.39 40.43 88.26 44.90
LAPT + KR-NFT [36] 88.57 36.35 89.68 41.08

Table 4: OOD detection performance on compatibility ex-
periments. We report the average OOD detection results on
unseen classes and style.

4.3 Ablation and Analyses
4.3.1 Ablation Study. Our analyses aremainly conducted under the
cross-class generalization setting, where we tune a pre-trained VLM
on ImageNet and validate its performance on both ImageNet (Base)

Methods FPR95 ↓ AUROC ↑
NearOOD FarOOD NearOOD FarOOD

GEN [41] – – 78.97 90.98
AugMix [23] + ReAct [59] – – 79.94 93.70
RMDS [55] – – 80.09 92.60
AugMix [23] + ASH [12] – – 82.16 96.05

MCM [42] 79.02 68.54 60.11 84.77
NegLabel [30] 68.18 25.40 76.92 93.30
Ours 67.24 19.08 77.73 95.82

Table 5: OOD detection results on the OpenOOD benchmark,
where ImageNet-1k is adopted as ID dataset. Full results are
available in the Supplementary Materials.

and the unseen CIFAR10 (New).We introduce H-MEAN, a harmonic
mean of results from both settings, to assess the comprehensive
OOD detection capability.
Component Ablation. As illustrated in Tab. 6, adapting text fea-
tures with the transformation function indeed improved perfor-
mance on the Base classes, but significantly compromised general-
ization to unseen New classes. Introducing the image-conditional
transformation mitigated the performance decline in New classes,
but there still remains a gap compared to the pre-trained CLIP,
suggesting a forgetting of pre-trained knowledge. The inclusion of
an knowledge regularization objective L𝑘𝑟 successfully balanced
learning for the new task with the preservation of pre-trained
knowledge, achieving results that surpass the pre-trained CLIP
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Figure 4: Analyses on (a) hidden dimensions, (b) values of 𝜆2, (c) knowledge regularization strategies, and (d) distributions.

in both Base and New settings. Lastly, incorporating distribution-
aware information further enhanced model performance, leading
to the best results.

Components FRR95 ↓
FT CoFT KR NFT Base New H-MEAN

NegLabel with Pre-trained CLIP 25.40 12.15 16.45

! % % % 25.02 26.08 25.54
! ! % % 25.21 20.43 22.57
! ! ! % 25.09 11.86 16.11
! ! ! ! 22.79 11.41 15.20

Table 6: Ablation results on the proposed components, where
‘FT’ indicates the feature tuning in Eq. (4), ‘CoFT’ denotes the
image-conditional feature tuning variant in Eq. (5), ‘KR’ is
the pre-trained feature knowledge regularization loss in Eq.
(9), and ‘NFT’ indicates the negative feature tuning in Eq. (6).

Different Backbones. Our KR-NFT is compatible with different
VLM backbones. As shown in the Fig. 4a, KR-NFT achieves a lower
FPR95 on larger backbones across various OOD detection scenar-
ios, indicating that larger backbones provide greater performance
improvement. Furthermore, compared to Neglabel, KR-NFT demon-
strates better performance across different backbones, highlighting
the strong robustness of KR-NFT with various architectures.
The sensitivity to different 𝜆2. As shown in Fig. 4b, with the
increase of 𝜆2, the performance on the Base dataset tends to de-
crease, as this regularization limits learning on the Base classes.
However, a higher value of 𝜆2 is beneficial for the preservation
of pre-trained knowledge, by reducing the distance between the
pre-trained text features and new learned ones, as validated by
the improved performance on the New classes dataset. We find
that a moderate value of 𝜆2 = 100 achieves good results on both
datasets, balancing the preservation of pre-trained knowledge and
acquisition of new information.
Knowledge Regularization Implementations. Besides applying
regularization on text features 𝑪 ′ as in Eq. 9, we also explore the
knowledge regularization objective on the logits (e.g., 𝑪 ′𝒗) and
probabilities (e.g., Softmax(𝑪 ′𝒗)), which are detailed in the Supple-
mentary Material. As shown in Fig. 4c, feature regularization yields
the best results.
Distribution-aware Transformation. As shown in Fig. 4d, using
distribution-aware transformation as in Eq. 6 outperforms using
one unified and class-specific transformation, which is expected as
binary transformations can better capture the characteristics of the
distributions of ID and OOD images.

4.3.2 The Effectiveness of KR-NFT. To understand the effectiveness
of KR-NFT, we calculated the cosine similarity between the ID/OOD

images and the positive/negative text features with features of pre-
trained CLIP and our KR-NFT, the detailed results can be found in
the supplementary materials.

4.3.3 Computation Efficiency. As shown in Tab. 7, although we
introduce certain training parameters, our KR-NFT enjoys fast train-
ing and small TFLOPs, because we do not need gradient backpropa-
gation through a heavy text encoder like other prompt tuning-based
methods. We also observed that although ConNegPT improves gen-
eralization on the New dataset compared to NegPT, it significantly
slows down the test speed, because it requires re-forwarding the
text encoder for each test image. In contrast, our method main-
tains a fast test speed and outperforms in performance, presenting
advantages in both effectiveness and efficiency.

Methods Train Test TFLOPs Param. Base New

LoCoOp [45] 0.33h 10.9ms 38.25 8K 42.32 17.35
ID-like [3] 3.3h 7.4ms 39.12 16K 31.78 54.99

NegPT∗ 1.60h 21.5ms 193.76 2K 24.21 27.33
ConNegPT∗ 1.65h 936.1ms 194.53 3K 27.27 25.42
KR-NFT (Ours) 0.25h 21.6ms 0.11 6K 22.79 11.41

Table 7: ‘Train’ and ‘Test’ measures the training time and test-
ing time, respectively. ‘TFLOPs’ are calculated during train-
ing with gradient back-propagation, and ‘Param.’ presents
the number of learnable parameters. ‘Base’ and ‘New’ indi-
cate the FPR95 on the ImageNet and CIFAR10 datasets, re-
spectively. ∗We compare our KR-NFT with negative prompt
tuning (NegPT) and conditional negative prompt tuning (Con-
NegPT). Results are reported with a GeForce RTX 3090 GPU.

5 Conclusion
In this paper, we reveal a limitation in existing negative prompt tun-
ing methods for OOD detection: these models suffer from reduced
generalization performance on unseen classes and styles. To ad-
dress this issue, we propose a novel framework named Knowledge
Regularized Negative Feature Tuning (KR-NFT). NFT optimizes
positive and negative features into distinct spaces, maximizing the
separation between ID and OOD images. The image-conditional
learnable factors explore instance-adaptive knowledge, reducing
overfitting to the training class and style. KR minimizes the discrep-
ancy between pre-trained text features and tuned ones, alleviating
knowledge forgetting. Extensive experiments demonstrate the ef-
fectiveness of our KR-NFT and its compatibility with other negative
prompt-tuning methods.
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