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Abstract—Multi-modality pre-trained models (PTMs) have
considerably boosted the performance on a broad range of
computer vision topics. Still, they have not been explored
purposefully in open set recognition (OSR) scenarios when
applying PTMs to downstream recognition tasks. Directly
fine/prompt tuning PTMs on closed-set classification tasks will
inevitably suffer from data bias and always learn more or less target
class-irrelevant co-occurring contextual information, which leads
to over-confident predictions on unknown samples. In this paper, we
propose a simple yet effective approach, termed Anti-Associative
Prompt Tuning (A2Pt), toward learning compact and accurate
class-related representation with few class-irrelevant associations
from context using multi-modal priors. Specifically, a cross-modal
guided activation module is adopted to refine the class-aware
representation and suppress the associations from co-occurring
contexts by involving text-modal information. We further design an
anti-association calibration module to obtain compact class-aware
and class-irrelevant representations, respectively, by introducing
two additional object functions. Extensive experiments on publicly
available benchmarks, including CIFAR series, TinyImageNet,
and ImageNet-21K-P, show that the proposed A2Pt achieves
substantial and consistent performance gains compared with both
SOTA OSR and PTM prompt tuning approaches.

Index Terms—Multi-modality Pre-trained models (PTMs), open
set recognition (OSR), class-aware representation, anti-associative
prompt tuning (A2Pt).

I. INTRODUCTION

D ESPITE the remarkable progress in advanced data-driven
image understanding approaches, the conventional closed-

set training/testing paradigm limits further applications of

Manuscript received 29 January 2023; revised 3 June 2023 and 24 October
2023; accepted 30 November 2023. Date of publication 5 December 2023; date
of current version 31 July 2024. This work was supported in part by the Na-
tional Natural Science Foundation of China under Grants 62102162, U20B2070,
61832016, and 61832002, in part by Beijing Natural Science Foundation under
Grant L221013. The Guest Editor coordinating the review of this manuscript
and approving it for publication was Prof. Nicu Sebe. (Corresponding author:
Fan Tang.)

Hairui Ren is with the School of Artificial Intelligence, Jilin University, Jilin
130012, China (e-mail: renhr22@mails.jlu.edu.cn).

Fan Tang and Juan Cao are with the Institute of Computing Technology, Chi-
nese Academy of Sciences, Beijing 100045, China (e-mail: tangfan@ict.ac.cn;
caojuan@ict.ac.cn).

Xingjia Pan, Zhiwen Lin, and Ke Yan are with the Youtu Lab, Tencent, Shang-
hai 201103, China (e-mail: xjia.pan@gmail.com; xavier.lin@foxmail.com; ker-
winyan@tencent.com).

Weiming Dong and Changsheng Xu are with the Institute of Automa-
tion, Chinese Academy of Sciences, Beijing 100045, China (e-mail: weim-
ing.dong@nlpr.ia.ac.cn; csxu@nlpr.ia.ac.cn).

Code is available at https://github.com/Hrren/A2Pt.
Digital Object Identifier 10.1109/TMM.2023.3339387

intelligent models to real-world occasions. A typical closed-set
classifier optimized by cross-entropy objective is by nature
not designed for open set recognition (OSR) where the test-
ing inputs may not belong to any predefined historical cate-
gory. Large-scale pre-trained models (PTMs) have shown po-
tential for zero-shot/open-world image understanding. How-
ever, fine/prompt tuning PTMs on downstream tasks or specific
datasets further limits the performance of open set recognition.

Previous OSR methods have tried to fit the distributions of
features for known classes based on pretrained networks and
then reject novel classes [1], [2]. Serving as passive detec-
tors for outliers, the performance of these post-processing ap-
proaches is limited since the decision is based on the features
from the model trained on closed set samples. By contrast, re-
searchers have focused on positive OSR approaches to learning
more efficient features by additional constraints [3] or generat-
ing pseudo-unknown data [4], [5], [6]. Although encouraging
results were obtained, the recent study by Vaze et al. [7] re-
veals that most of the passive/positive OSR methods are subop-
timal and somewhat go around in circles. By carefully choosing
hyper-parameters on different datasets for training cross-entropy
models, a significant improvement could be observed by simply
removing logit normalization when testing.

Such observation motivates us to rethink how traditional OSR
methods work. No matter whether passive or positive, the crit-
ical aspect of open set recognition is to find and enlarge the
differences between known classes and novel classes. However,
the above-mentioned recognition pipeline trained on closed set
images is usually confused by co-occurrence contexts. Such
co-occurrence contexts, also known as prior or biases, could
not undermine the close set performance since the model could
learn to reduce incorrect co-occurrence. Whereas when applying
to the open set setting, the remaining irrelevant contexts could
lead to a strong confusion between open set and closed set cat-
egories. As shown in Fig. 1(a), as one of the SOTA methods of
conventional OSR approaches, AGC [7] mistakenly classifies a
‘torch’ as a closed set class of a ‘neck brace’ with a confidence
level of 81% due to the presence of human association observed
on both the torch and the neck brace. Additionally, as a typical
model of PTMs, CLIP [8] also misclassifies ‘torch’ as a ‘neck
brace’ associated with the human body, and CoOp [9] confi-
dently recognizes ‘torch’ as ‘binoculars’ associated with eyes.
As shown the Fig. 1(b), both traditional methods and PTMs
face the same association issue. We aim to develop a model that
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Fig. 1. Illustrations for open set associations. (a) Shows the top three predic-
tions for the input open set samples by different methods. AGC misclassifies
the ‘torch’ as a closed set class ‘neck brace’ with high confidence due to the
CAM to the human neck in the torch, allowing the model to associate it with the
neck in the neck brace. The same misclassification problem occurs for the PTMs
models CLIP and CoOp. CLIP associates with a neck brace due to the cam of
the body, and CoOp associates with ‘binoculars’ due to the cam of the eyes.
However, our A2Pt can refuse to focus on regions prone to association, and
output a more even confidence for each closed set class, correctly recognizing
the image into open sets. (b) Further indicates the problem of association that
causes the phenomenon of misclassification, while our A2Pt can suppress the
influence of association and improve the model’s open set recognition.

effectively eliminates such irrelevant co-occurrence contexts,
such as ‘flowers’ in the ‘butterfly’ class, and improve the open set
recognition performance of the network.

The irrelevant co-occurrence, or closed-set association, is
hard to get rid of without additional information. In this paper,
we propose to involve multi-modal PTM priors for OSR tasks to
enlarge the differences between known classes and novel classes.
Learning directly from the raw text about images has shown its
breakthrough potential, which leverages a much broader source
of supervision [10], [11], [12], [13]. The pretrained multi-modal
encoder aligns images and texts in a common feature space [9]
and thus can be used to recognize the category of images by cal-
culating the similarities between aligned multi-modal features.
When adapting the PTMs on different downstream datasets,
the choice of text prompts plays an important role. Zhou et
al. [9] proved that learning contextual text prompts for different
datasets could improve the closed-set classification accuracy.
However, the adapting between closed-set and open set samples
remains unsettled.

Inspired by recent advances in prompt learning, we intro-
duce a novel Anti-Associative Prompt Tuning strategy, namely
A2Pt, to tuning pretrained networks. Our A2Pt contains a
cross-modal guided activation (CGA) module to eliminate
closed set association and correspondingly an anti-association
calibration (AAC) module is designed with cross-entropy and
two additional loss functions to supervise the class-related tar-
get feature and association feature generated from CGA. We
conduct extensive experiments on the CIFAR series [14], Tiny-
ImageNet [15] and ImageNet-21K-P [16]. Results show that
PTMs perform better than traditional OSR approaches, and the
proposed A2Pt obtain significant gains compared with SOTA
prompt tuning methods. The contributions of this study include:
� We unveil that the associations caused by the irrelevant

co-occurrence context lead to confusion for conventional
OSR approaches.

� We propose a multi-modal A2Pt approach consisting
of a cross-modal guided activation module and an anti-
association calibration module to eliminate the associa-
tions for precisely unknown class recognition.

� Our proposed approach shows consistent and substantial
gains across CIFAR, TinyImageNet, and ImageNet-21-K-
P datasets for refusing the novel unknown categories.

II. RELATED WORK

A. Open Set Recognition.

Open set recognition refers to refusing unknown classes while
maintaining the ability to recognize known classes [1], [2],
[17], [18], [19], [20], [21], [22]. Commonly popular meth-
ods include passive approaches and positive approaches. Pas-
sive approaches focused on maintaining the feature space and
recognizing unknown classes by fitting coexisting features or
decision boundaries to the output distribution of known class
data. Open-Max [1] utilizes Weibull distribution to fit the dis-
tribution of unknown classes with anomalous data of known
classes. C2AE [2] model reconstruction errors with the Extreme
Value Theory (EVT) of statistical modeling to find the thresh-
old for recognizing known/unknown class samples. CGDL [23]
detects unknown samples and classifies known samples by forc-
ing different latent features to approximate different Gaussian
models. GFROSR [3] urges the network to recognize how the
image has been transformed to help the network learn accurate
feature representations. CVAECapOSR [24] involved a capsule
network to learn more compact features. Recently, AGC [7]
promotes the network to achieve SOTA only by adjusting the
normal cross-entropy training of closed set samples. Different
from passive approaches, the positive approach [3], [6], [25]
is more concerned with the additional restriction of the feature
space or generating open set samples through GAN (Generative
Adversarial Networks) [25] or autoencoders. G-OpenMax [4]
attempts to train a classifier on the synthesis low-confidence
images generated by noise as open set data. GCM-CF [5] gen-
erated counterfactual instances that are close to the real world
by class-agnostic features between different classes. ARPL [6]
generates reciprocal points to squeeze the feature space of closed
sets to learn more compact and accurate features. The latest ap-
proach DIAS [26] generates fakes with diverse difficulty levels
to simulate the real world. The above two mainstream models
have achieved competitive results but ignored that the misclas-
sified samples are often related to the co-occurrence context in
the closed set, which caused the association. And in this paper,
we propose a method to tackle this problem with cross-modal
information and large-scale pretrained models.

B. Prompt Learning.

Recently prompt tuning [27], [28], [29], [30], [31], [32],
[33] was proposed to make the most multi-modal knowl-
edge adapt to the downstream task. Compared with the fine-
tune paradigm, prompt can achieve competitive performance
with fewer optimization parameters. With task-specific con-
tinuous vectors, CoOp [9] achieves SOTA on 11 datasets in
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Fig. 2. Overview of our proposed anti-associative prompt tuning A2Pt. A2Pt consists of two parts: Cross-modal guided activation (CGA) and anti-association
calibration (AAC). CGA is composed of modules with single-modal enhancement and multi-modal interaction. Single-modal enhancement is achieved by applying
a self-attention mechanism to the image feature fimg . Multi-modal interaction is achieved by applying a cross-attention mechanism to the enhancement image
feature fen and text feature ftxt. AAC is a calibration of the association completed by the composition of three loss functions. Only parameters with ‘fire’ are
tuned in the training phrase, with ‘snow’ being frozen.

zero-shot and few-shot settings. CoCoOp [34] alleviates the
generalization challenge of CoOp by adopting Meta-Net, thus
obtaining a trade-off performance between base classes and
novel classes. Furthermore, DetPro [35] proposes a context grad-
ing scheme to optimize individual prompts for open vocabulary
detection. CRIS [29] introduces prompt learning to propagate
fine-structured textual features into pixel-level features for im-
age segmentation. TPT [36] tunes the prompt on the fly using
only the given test sample without requiring any task-specific
training data or annotations. Wei et al. [30] proposes a unified
hair editing framework by leveraging the powerful image text
representation. R-Tuning [37] (Regularized prompt Tuning) mit-
igates the label bias of prompt learning in OSR, it extends the
range of words forming the texts from only closed set classes
to more to simulate open set scenarios. Instead of focusing on
expanding the input label names to enhance open set recogni-
tion performance, we keep the label of the input unchanged and
improve the network structure from the perspective of eliminat-
ing association. Apart from the above text prompts, there is also
some work to try to help the network ‘understand’ downstream
from the perspective of the visual prompt. VPT [38] achieves
significant performance gains with two different visual prompt
embeddings inserted ways as VPT-Shallow and VPT-Deep. Be-
sides, Bar et al. [39] investigates visual prompting by giving
input-output image examples to adapt a pre-trained visual model
to novel downstream tasks. Different from these works, we ex-
plore prompt learning in a novel anti-associative perspective,
which can promote the model to remove the irrelevant associa-
tions for open set recognition.

III. OUR APPROACH

To eliminate the irrelevant co-occurrence context for open set
recognition, we propose anti-associative prompt tuning (A2Pt)
built on cross-modal pertaining models [8]. Fig. 2 shows the
overall framework, which contains two parts: a cross-modal
guided activation (CGA) module and an anti-association cali-
bration (AAC) module. The CGA consists of the single-modal

enhancement module, which uses the self-attention mecha-
nism, and the multi-modal interaction module, which uses the
cross-attention mechanism. We start from introducing the over-
all prompt tuning pipeline in Section III-A. Then we move on
to the details of CGA in Section III-B, which aims to expose the
high response of the target area with single-modal enhancement
and suppresses the expression of association precisely through
multi-modal interaction. Finally, we show how AAC could co-
operate with CGA to further calibrate the generated feature with
carefully designed loss functions in Section III-C.

A. Problem Definition

When training classification models, a set of data of known
classesDk = {1, ...,K} is fed to the model. When testing, addi-
tional unknown classes Du = {1, ..., U} are involved. The goal
of OSR methods is to recognize testing samples in Dk classes
while rejecting the rest in Du.

As suggested by CoOp [9], we take advantage of the multi-
modal pretrained model and propose to optimize textual prompts
by cross-entropy loss on the downstream dataset. We inherit the
practice of CoOp and random initialize the prompt as a text
vector for given class c as follows:

Pk = [v1, v2. . .vl] + [vk], (1)

where l denotes the length of the shared prompts among different
classes and vk indicates the class token of class k ∈ Dk, which
is fixed during optimization. Then Pk will pass through text
encoder ET to get the text feature ftxt as:

ftxt = ET (Pk), (2)

similar to text feature, given an image input img, image feature
fimg will be obtained by image encoder EI as:

fimg = EI(img). (3)

Then ftxt and fimg will be sent to the later module for
optimization.
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B. Cross-Modal Guided Activation

Single-modal enhancement: For the purpose of generating
the most valid target feature, we first enhance the expression of
the fimg to expose the high response of the target area by self-
attention mechanism. Given the image feature fimg ∈ RB,C ,
we first extend the dimensionality of fimg to RB,N,C to match
the N classes in Dk. Then we feed fimg to two linear layers,
and generate fq

img and fk
img . The single-modal enhanced map

Me ∈ RN,N is formulated as:

Me = softmax
(
fq
img ⊗

(
fk
img

)T)
, (4)

where ⊗ represents the matrix multiplication. Meanwhile, we
feed fimg to another linear layer to generate fv

img . Then the ob-
tained single-modal enhance mapMe is applied to fv

img through
a matrix multiplication and element-wise addition to getting the
enhancement visual feature:

fen = Me ⊗ fv
img + fimg. (5)

Multi-modal interaction: To alleviate the irrevelent associa-
tive contexts in fen, we introduce the multi-modal interaction
to suppress the association and focus on the target area. The
enhancement visual feature fen ∈ RN,C obtained in (5) is first
fed to a linear layer and generates fq

en. Meanwhile, we feed text
feature ftxt ∈ RN,C to another projection layer to generate fk

txt.
Since the target knowledge has a response in the text feature fk

txt

but the association does not exist in any of the known closed set
classes, thus the multi-modal suppression map Ms ∈ RN,N is
formulated as:

Ms = softmax
(
fq
en ⊗ (

fk
txt

)T)
. (6)

We adjust the suppression map Ms through a matrix multipli-
cation and an element-wise addition to obtain the target feature:

ftar = Ms ⊗ fv
en + fen, (7)

where fv
en is the linear projection of fen.

C. Anti-Association Calibration

The target feature obtained from (7) is not quite discriminative
due to the absence of additional constraints to supervise, thus
we propose three loss functions to calibrate the target feature.

Classification Loss: Text feature ftxt ∈ RN,C generated by
the text encoder derived from a prompt follows the form of
‘[Prompt][CLASS]’, where the class token is replaced by the
class name in Dk in Section III-A. Then the prediction confi-
dence of the target feature ftar is then computed as:

p(y = k|x) = exp(cos(fk
txt, ftar)/τ)∑N

j=1 exp((cos(f j
txt, ftar)/τ))

, (8)

where τ is a temperature parameter learned by CLIP and cos(·, ·)
denotes cosine similarity. We adhere to the prompt learning
paradigm, freeze the image encoder and text encoder, and opti-
mize only the prompt vector and CGA module with parameters
θP , θC respectively to stretch the target feature ftar with ground

truth class by cross-entropy loss:

Lcls({θP , θC}) = −
N∑

k=1

Πyk
log[p(x)], (9)

where Πyk
is an indicator function for ground truth class yk and

p(x) is confidence from (8).
Association Loss: We introduce the association loss to provide

a confrontation against the target feature. We first generate a
pseudo association feature fass with fimg as:

fass = fimg � ftar, (10)

where � represents element-wise subtraction, then an associa-
tion loss is constrained on association feature fass which should
be independent of each known closed set class to make it more
genuine as:

Lass({θP , θC}) = − 1

N

N∑
k=1

yklog[p(x)], (11)

where
∑N

k=1 yk represents the confidence to be calculated for
association feature fass assigned to each close set classes, aims
to push fass farther away from each classes in Dk.

Division Loss: We introduce two loss functions in (9) and
(11) to supervise the target feature and association feature. Since
target and association essentially belong to different categories,
so to further divide target feature ftar from association feature
fass, we propose the division loss as:

Ldiv({θP , θC}) = cos(ftar, fass). (12)

The total loss function is formulated as follows:

Ltotal({θP , θC}) = Lcls + λassLass + λdivLdiv, (13)

where λass and λdiv represents the weight of Lass and Ldiv re-
spectively. In general, only the parameters in the prompts and
CGA module are optimized in the training phase, while the text
encoder and image encoder are both kept frozen. single-modal
guided activation makes sufficient advantage of the homo-modal
and multi-modal information to generate target feature, loss
functions in anti-associations calibration further constrain and
divide the target with the association, which jointly facilitate
A2Pt to get rid of the irrelevant co-occurrence contexts and
generate the target features that are closest to the essence of the
category.

IV. EXPERIMENTS

A. Experimental Settings

Evaluation Metrics: Following previous works [6], [7], [26],
[40], we adopt two main metrics to evaluate validity: AUROC
and OSCR. AUROC (Area Under the Receiver Operating Char-
acteristic) is a threshold-independent classification metric that
evaluates the binary classification known/unknown performance
of the model. OSCR (Open Set Classification Rate) [20] mea-
sures the trade-off between the classification of known classes
and the recognition of unknown classes.

Implementation Details: We follow text and image encoder
ViT-B/32 of CLIP with a batch size of 100 and trained for 150
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TABLE I
AUROC SCORES↑ (%) FOR UNKNOWN RECOGNITION ON SEVERAL DATASETS

epochs. Following the standard practice in the OSR literature [6],
[7], [41], we report the experimental results averaged across
five ‘known/unknown’ class splits for each dataset. We train
the model on two Tesla V100. The input image is resized to
224× 224. We use SGD optimizer with the learning set to 0.002
and the momentum is 0.9.

Datasets: Before introducing the dataset, we first introduce
openness to measure the open grade of unknown classes in the
testing phase. we define O∗ to represent openness [3], [5], [17],
[43] as:

O∗ = 1−
√

Ntrain

Ntest
, (14)

where Ntrain and Ntest correspond to the number of classes
during training and testing.

For open set recognition, the following datasets are involved:
� CIFAR10 [14] is a dataset of 60 k images, each size is
32× 32 and all images fall into ten different classes. Six
classes are selected for training as known classes and the
rest are employed for testing as unknown, O∗ = 22.54%.

� CIFAR+10 and CIFAR+50 [14] are created to allow our
model under a larger openness. Four classes are selected
from the CIFAR10 as known classes, and 10 and 50
classes from the CIFAR100 dataset are selected as un-
known classes. The corresponding O∗ are 46.54% and
72.78%.

� TinyImageNet [15] contains 200 classes sub-sampled
from ImageNet [44]. 20 classes are used as known classes
and the rest as unknown classes, O∗ = 68.37%.

We compare our A2Pt with a range of state-of-the-art meth-
ods: OpenMax [1] replaces softmax with openmax operation
to recognize unknown class; G-Openmax [4] generates fake

open set samples with GAN and adopts openmax for evalu-
ating; C2AE [2] utilize the reconstruction errors difference be-
tween known class and unknown class to recognize open set
sample; CGDL [23] introduce conditional gaussian distribution
for recognition; PROSER [40] propose placeholders to pull the
classification decision boundary between closed set categories;
ARPL [6] proposes adversarial reciprocal points for open set
learning; DIAS [26] grades the pseudo open set data from dif-
ficulty aware; AGC [7] achieves SOTA by carefully choosing
hyper-parameters for training standard cross-entropy models.
Due to the different class splits of DIAS [26] with recent SOTA
methods RPL [41], ARPL [6] and AGC [7], we re-train DIAS
following standard splits according to the officially released
code.

B. Experimental Results

Comparision with AUROC: As shown in Table I, our method
is significantly superior to previous traditional methods on the
CIFAR series datasets and TinyImageNet dataset. Specifically,
on the most challenging TinyImageNet benchmark, we get an
8.2% improvement and outperform other traditional methods
by a large margin. We also compare with recent SOTA prompt
paradigm methods CLIP [8], CoOp [9] and CoCoOp [34], our
model still achieves the best results on each dataset. These re-
sults significantly demonstrate that our approach addressed the
association problem that occurred not only in traditional open
set methods but also in prompt methods. Fully exploits the
cross-modal prior and effectively suppresses the expression of
irrelevant co-occurrence information, expanding the difference
between the known and unknown classes.

Comparision with OSCR: To conduct a more compre-
hensive analysis, we report comparative experiments on the
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TABLE II
OSCR SCORES↑ (%) FOR EVALUATING THE TRADE-OFF PERFORMANCE BETWEEN CLOSED SET CLASSIFICATION AND OPEN SET RECOGNITION

OSCR metric over several recent SOTA methods. As shown in
Table II, A2Pt suppresses other traditional SOTA methods over
all datasets, For the CIFAR dataset, we improved by 2.5%, 1.4%,
and 1.0%, respectively. For the TinyImageNet dataset, we im-
proved even more by 9.8% compared to the SOTA method.
As well compared with recent SOTA prompt paradigm meth-
ods, Our models also obtained an outstanding performance.
Demonstrating that for the trade-off capability between the clas-
sification of known classes and the recognition of unknown
classes, our model still achieves substantial and consistent per-
formance. Besides, this result also illustrates that removing irrel-
evant co-occurrence provides a boost for open set recognition as
well as calibrates the features learned by the network for com-
mon closed set classification, promoting the network to learn
more discriminative features.

Performance on large scale dataset Imagenet-21k-P: Apart
from the above conventional datasets, we also experiment on
a large-scale dataset ImageNet-21k-P [16]. 200 classes from
TinyImageNet are employed for training, then we select non-
overlapping ‘Easy’ and ‘Hard’ splits from Imagenet-21k-P for
evaluation. Each split contains 1000 classes, and the split manner
is based on semantic distance consistent with the splitting setting
of AGC [7] for a fair comparison.

As shown in Fig. 3, our method outperforms the SOTA in both
AUROC and OSCR metrics despite traditional OSR methods
or prompt learning methods, demonstrating that the association
problem caused by irrelevant co-occurrence in large-scale sce-
narios still exists, while our A2Pt is not limited by the size of
the dataset, and still maintains strongest performance even in
this environment which is much closer to the real world. We do
not report CoCoOp’s results because CoCoOp occupies much
higher VRAM than our method, which cannot support the train-
ing of the CoCoOp on a large-scale dataset with two Tesla V100.

Performance under different openness: To explore the effec-
tiveness of our method at different levels of openness. We select
the same 20 classes from TinyImageNet as known classes for
training and choose from 60 to 180 classes for testing, corre-
sponding to a change in openness from 50.1% to 68.4%. Fig. 4
shows the recognization ability of our method with other meth-
ods (AGC [7], CLIP [8], CoOp [9] and CoCoOp [34]) under

Fig. 3. OSR results on the large scale datasets ImageNet-21K-P. The model
was trained on TinyImageNet with 200 classes and evaluated on ImageNet-
21K-P with ‘Easy’/‘Hard’ splits. Each split contains 1000 classes. We compare
AUROC and OSCR, respectively.

Fig. 4. AUROC comparison with TinyImageNet dataset under different
Openness.
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TABLE III
COMPARISION WITH DIFFERENT PROMPT METHODS WITH ACCURACY SCORES↑ (%)

TABLE IV
COMPARISON AUROC SCORES (%) WITH DIFFERENT ADAPTER METHOD

different levels of openness. This result demonstrates that A2Pt
maintains its excellent performance at any level of openness,
the target information is not disturbed by more open and more
categories, and our approach is stronger in solving the open set
problem in real-world occasions.

Performance under closed set classification against PTMs:
We conduct this experiment to investigate whether A2Pt is
also effective on closed set classification compared with other
methods under the same prompt paradigm. As shown in Ta-
ble III, compared with the recent SOTA methods CLIP [8],
CoOp [9] and CoCoOp [34], our model still achieves the best
results. For Cifar series datasets, we obtain an average increase
of 0.4%, and for the Tinyimagenet, we achieve a 1.1% improve-
ment. Demonstrating that the association problem has impli-
cations not only for open set scenarios but also for closed-set
scenarios, and our A2Pt can effectively reduce the impact of
association.

Comparision with PTMs + ADAPTER finetuning paradigm:
To explore the performance differences between our approach
and the adapter paradigm. We added an adapter to the image
encoder following the setting of [45], which consists of two
layers of linear and activation functions. We conducted five dif-
ferent splits on the TinyImagenet dataset under the same con-
figuration following [7] and report the results of the open set
metric AUROC in Table IV. CLIP+adapter represents the text
prompt is fixed to ‘a photo of’ and only the adapter is opti-
mized, CoOp+adapter represents the text prompt and adapter
are optimized together. As the results shown in Table IV, for
CLIP, adding an adapter increases the trainable parameters in the
model, allowing the model to improve its performance on open
set recognition. However, for CoOp, the addition of an adapter
does not improve the performance of open set recognition, and
there is even a slight decrease. We believe that the reason is
that the role of the adapter is the same as that of optimizable
text prompt, which is to improve the generalization ability of
the network to the downstream task, but due to the lack of fine

TABLE V
COMPARISON AUROC SCORES (%) WITH DIFFERENT FINETUNE METHOD

module design and loss optimization settings, simply increas-
ing the optimizable parameters lead to the overfitting problem
which causes the degradation of the performance. Compared to
the model with the addition of adapter, our A2Pt still maintains
the best open set recognition performance, indicating that the
module we designed for the adaptation of large language-vision
models to downstream tasks has been effective, suppressing the
influence of association problems during the training phase of
the network.

Comparision with PTMs + OSR finetuning paradigm: To ver-
ify that the improvement of our method is not directly derived
from the CLIP encoders, we invite at present the most effec-
tive method AGC [7] for another comparison experiment. The
VGG32 backbone of AGC is replaced with the image encoder of
CLIP, then we inherit the optimization strategy of AGC for fair
comparison and train the model with fully finetuned and only
the last linear layers finetune respectively.

The results shown in Table V indicate that for the only linear
layers finetune approach, CLIP does help the model improve
the open set recognition performance by 1.2% and 2.5% on CI-
FAR10 and TinyImageNet respectively. However, on CIFAR+10
and CIFAR+50 the performance decreased. We consider for
these two datasets, four classes for training are inadequate to
leverage the CLIP model, compared with six and twenty classes
involved in training in CIFAR10 and TinyImageNet.

Although we have trained for adequate 600 epochs follow-
ing AGC, the same flaw also appears in the full finetune ap-
proach. For the fully finetuned paradigm, models trained with
CIFAR10 and TinyImageNet both turn to collapse. Models on
CIFAR+10 and CIFAR+50 only succeed on just 3 out of the
5 splits. We show the average score under these three splits.
We consider small-scale data inadequate for prying large model
parameters, causing the network to conflict between learning
new knowledge and existing priors, which causes the model to
collapse.
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TABLE VI
COMPARISON TO OTHER METHODS WITH PARAMETERS, SPEED AND VRAM

In general, comparing the above two finetune methods, our
A2Pt substantial to achieve the best results on various datasets,
verify that the improvement of our A2Pt is not derived from the
pretrained CLIP encoders, but comes from the contribution of
cross-modal guided activation and the matched anti-association
calibration.

Comparison of parameters, speed, and VRAM: To explore the
efficiency of our model, we compared A2Pt with other prompt
methods following the standard training process. We employ
TinyImageNet as training and testing data. As shown in Table VI,
VRAM denotes the memory occupation of the model during the
training process. Although the total and trainable parameters are
slightly larger than that of CoOp and CoCoOp, our training time
and test time are basically the same as CoOp, much smaller than
CoCoOp. These results indicate that the large parameters do not
affect our model’s training and inference speed of our model.
Besides, the low VRAM, similar to CoOp, also indicates that
our model does not require a high configuration and can still
work with lower memory. While the improvement of our A2Pt
compared to CoCoOp [34] is not as significant as over CLIP [8]
and CoOp [9], with only an average 1.5% point improvement
in the AUROC metric on the four conventional datasets, and a
corresponding 1.5% point improvement in the OSCR metric.
This is a relatively small improvement compared to the 2.3%
point improvement in CoOp and the 7.2% point advantage over
CLIP. However, our model consumes less memory, only 6840 M
which is nearly 90% reduction compared to CoCoOp’s 64622 M,
and our model consumes less time for training, 21 s/epoch which
is nearly 10 times faster compared to CoCoOp’s 190 s/epoch.
From this perspective achieving similar performance but at a
lower cost is a major advantage of our model.

C. Ablation Studies

Ablation of loss functions: The proposed A2Pt framework
consists of two modules: a cross-modal guided activation mod-
ule and the anti-association calibration loss. We first compare
the AUROC results among different datasets with and without
each loss in anti-association calibration. As shown in Table IX,
using only classification loss (Lcls) will result in a significant
decrease in the open set recognition ability of the model, due
to the degradation of the model to a simple closed-set classifi-
cation network. When the association loss Lass or division loss
Ldiv is adopted in the training phase, the performance is signif-
icantly enhanced, cause the association is separate from the full
co-occurrence feature.

Then, we combine three losses jointly to encourage the model
explicitly suppress association influence and evaluate the perfor-
mance with the most class-related target features, the AUROC

rises to a new level at about 17%–27% compared to the base-
line, which demonstrates the loss functions in anti-association
calibration is all indispensable.

Simultaneously, we delve into the impact of different loss
function designs on two pivotal components, the Cross-Modal
Guided Activation (CGA) and Anti-Association Calibration
(AAC) modules, throughout the training of the Single-modal En-
hancement and Multi-modal Interaction modules. Starting with
the Anti-Association Calibration loss, denoted as Lass, origi-
nally intended to optimize ‘association’ features, we introduce
a modification to refine the network focusing on distancing the
association features not just from every class but specifically
from the ground truth label of the current sample. The proposed
non-ground-truth loss variant, termed Lngt, is defined as fol-
lows:

Lngt = − 1

N

N∑
k=1

1

Πyk
log[p(fass)]

, (15)

where 1
Πyk

log[p(x)] represents the confidence to be calculated for

association feature fass not assigned to the ground truth label
class. As for the division loss Ldiv , which is initially designed
to create separation between target and association features us-
ing cosine similarity, we replaced the cosine similarity with the
Euclidean distance loss function Leuc, defined as:

Leuc =
1

euc(ftar, fass)
, (16)

where ftar and fass represent the target feature and associa-
tion feature, respectively. By leveraging the Euclidean distance,
this adjusted loss aims to create a distinct distance between tar-
get and association features. Our comparative experiments, as
presented in Table IX, shed light on the impact of modifying
the loss functions in our studies. When we replaced Lass with
Lngt, the results were striking: a dramatic drop in performance
occurred, with a decrease of 14.5% for TinyImageNet and 15.3%
for CIFAR10. These findings suggest that the simple restriction
of association features to stay away from the corresponding la-
bel class is insufficient. It becomes apparent that the attributes
of the association feature itself must exhibit dissimilarity across
different classes, not just with the ground truth class. Similarly,
when Ldiv was substituted with Leuc, we observed a notable
decline in performance, with a decrease of 4.1% for TinyIma-
geNet and 6.5% for CIFAR10. This result implies that using the
Euclidean space to enforce a separation between target features
and association features may be inadequate. The vectors in this
potential space appear to be high-dimensional, and the advan-
tages of constraining them from a cosine similarity perspective
seem to outweigh those of using Euclidean distance.
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TABLE VII
COMPARISON AUROC SCORES (%) WITH DIFFERENT λass VALUE

TABLE VIII
COMPARISON AUROC SCORES (%) WITH DIFFERENT λdiv VALUE

TABLE IX
AUROC SCORES (%) ON SEVERAL DATASETS ARE REPORTED TO

VERIFY THE EFFECTS OF DIFFERENT LOSSES

TABLE X
COMPARISON AUROC SCORES (%) WITH AND WITHOUT SINGLE-MODAL

ENHANCEMENT MODULE AND MULTI-MODAL INTERACTION MODULE

RESPECTIVELY

Furthermore, we vary λass from 13 to 29 and λdiv from 0.2
to 3 to test the corresponding AUROC metric. As shown in Ta-
ble VII, for λass the AUROC metric vary from 98.1 to 97.9, and
in Table VIII, λdiv vary from 97.7 to 98.2. The difference be-
tween the maximum and minimum is only 0.2 and 0.5, indicating
that Lass and Ldiv are both not sensitive to the weighting pa-
rameter and can maintain a stable output. Therefore, we choose
a weight value 21 for Lass and 1 for Ldiv that gives a relatively
higher result.

Ablation of cross-modal guided activation: Given that the
cross-modal guided activation collaborates with the association
loss and division loss in anti-association calibration, thus when
we remove the cross-modal guided activation, the model de-
grades to the CoOp [9], in which only continuous prompt is
optimized. And as the results shown in Table I, our A2Pt sup-
press CoOp on each common dataset with closed-set accuracy
and open set AUROC, OSCR metrics. This result proves that
the association suppresses module suppressing the irrelevant
co-occurrence information, which can further improve model
performance. Further, we conducted ablation to verify the valid-
ity of the single-modal enhancement module and multi-modal
interaction module respectively. We employ five standard sets
of different close set splits on TinyImagenet following [7] for
training, and test the performance of the AUROC of the model in
the presence or absence of the single/multi-modal module on the
corresponding open sets. As shown in Table X, the performance

TABLE XI
CLOSED-SET ACCURACY (%), AUROC SCORES (%) AND OSCR (%) ON

TINYIMAGENET DATASET ARE REPORTED TO VERIFY THE EFFECTS OF

DIFFERENT DATA AUGMENTATIONS

of the missing single-modal enhancement module is always infe-
rior to that of the complete model regardless of the split method,
indicating that the presence of single-modal enhancement plays
a role in helping to express more accurate features for the sub-
sequent multi-modal interaction processing. Similarly, the per-
formance of the model decreases more when the network lacks
multi-modal interaction, indicating that the introduction of text
information is crucial to suppress association.

Our A2Pt model utilizes two default data augmenta-
tion methods following [7], RandomHorizontalFlip and Ran-
domGrayscale. To assess the impact of these default methods,
as well as the influence of other augmentation techniques on
the model’s performance, we conducted a comparative exper-
iment detailed in Table XI. In this experiment, we system-
atically removed the two default data augmentation methods
on the TinyImageNet dataset and then sequentially introduced
two additional data augmentation methods, Mixup [46] and
RandomErasing [47] to the default configuration. We evalu-
ated the model’s performance across various dimensions, in-
cluding closed-set Accuracy, open-set AUROC, and combined
OSCR metrics. For RandomErasing, we adhered to the de-
fault configuration outlined in [47], setting the probability (p)
to 1, and specifying the scale as (0.02, 0.33), the ratio as
(0.3, 3.3), and the value as the default ’random’. Meanwhile,
for Mixup, we followed the default configuration from [46],
with α = β = 0.5 for the Beta Distribution. The results, as
presented in Table XI, reveal insightful observations. When
it comes to the default augmentations’RandomHorizontalFlip,
RandomGrayscale, even RandomErasing and Mixup alone,
the model’s performance demonstrates minor fluctuations. The
changes in open-set AUROC and OSCR metrics are less than
0.7%, while closed-set accuracy varies by less than 1.1%. This
suggests that our model exhibits stability and is not overly depen-
dent on the specific data augmentation methods employed, main-
taining consistent performance across various data augmentation
approaches. The incorporation of both Mixup and RandomEras-
ing has a somewhat amplifying effect on the model, resulting in
a 1.3% variation in accuracy, a 1.5% reduction in open-set AU-
ROC, and a 3.2% decrease in OSCR metrics. This observation
suggests that the combined usage of Mixup and RandomErasing
may lead to a mild degradation of the model’s performance. The
reasoning behind this phenomenon likely lies in the fact that the
image transformations introduced by Mixup and RandomEras-
ing may cause some additional damage to the target feature and
association feature compared to the original data augmentation.
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Fig. 5. Visualization of the full, association, and target feature of CAM, respectively. Full represents the feature output from the clip’s image encoder, and target
and association feature is the output from CGA in A2Pt. In contrast with full and association features, the target feature activates the most class-related area.

This, in turn, could weaken the model’s ability to learn features
accurately, resulting in a slight decline in overall model perfor-
mance.

However, the key takeaway from this analysis is that, regard-
less of which augmentation method is used, the final perfor-
mance of our A2Pt model is not substantially affected. This
observation underscores that our model’s enhancement is not
contingent on the specific choice of data augmentation. Instead,
it is primarily a result of the well-designed loss functions and
the collaborative interaction of the Cross-Modal Guided Activa-
tion (CGA) and Anti-Association Calibration (AAC) modules.
These components play a pivotal role in elevating the model’s
capabilities, making it robust and adaptable to variations in the
data augmentation strategy.

D. Qualitative Analysis

Visualization of the activations: To verify that the target fea-
tures output by our model is activated at the most class-related
areas. We adopt CAM [48] to analyze concerns of the net-
work. Fig. 5 shows some examples of the activation area with
CAM [48]. The 4th row is the result of our method by using
generated target feature, the 2nd and 3rd rows are full features
(contains target and association information) and association
feature respectively. Compared to CAM of full and association
feature, the results of our method activates most class-related
areas. Notably, the association activation area is not completely
class-agnostic, for instance, the follower in class butterfly and the
child in class binoculars. This explains why activating these as-
sociative information has less impact on closed set classification,
since they are not completely meaningless, but harmful on open
set recognition, causing semantic areas not related to the current
class to lead to confusion between different known and unknown
classes. We also visualized the difference between the CAM
activations of the samples with and without the single-modal
enhancement module. As shown in Fig. 6, although the CAM
without the single-modal enhancement module can also remove
the association in the image, such as the ‘grass’ in the ‘European
fire salamander’, ‘seawater’ in the ‘Dugong’ and the ‘table’ in

Fig. 6. Visualization of with and without single-modal enhancement module
CAM respectively. ‘Eur.’ represents the ‘European fire salamander,’ ‘Dug.’ rep-
resents the ‘Dugong,’ ‘Sew.’ represents the ‘Sewing machine.’ W/o represents
the CAM without the single-modal enhancement module. W represents the CAM
with the single-modal enhancement module. The Cam with the single-modal en-
hancement module activates more accurate and complete features in the image.

the ‘Sewing machine’, their activation of the target region is not
complete. The European fire salamander only activates the limb
part missing the head information, the dugong only activates the
head missing the body, and the sewing machine only activates a
small part of the region, which leads to the model not learning the
most complete and accurate target features, which in turn leads
to the degradation of the open set recognition performance of
the model in Table X. In contrast to the complete A2Pt with the
single-modal enhancement module, the model activates more
accurate and complete target regions, and the processing with
multi-modal interaction makes the best performance of open set
recognition.

Visualization of closed-set and open set distribution: Our
model differentiates the known and unknown classes by the
value of max logits. A high value of logits indicates the testing
samples belong to a closed set. To demonstrate the difference
in the distribution of open set and closed-set samples, We show
some examples of the max logits in Fig. 7 with joy plots, and
comparisons between different known classes with unknown
classes. 50 random samples are selected for each class. The
blue part with lower logits indicates the distribution of unknown
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Fig. 7. Comparison of known and unknown distribution with the maximum logits, The horizontal coordinate indicates the range of normalized logits variation
and the vertical coordinate indicates the number of samples. Blue color for unknown classes and the red for known.

Fig. 8. Comparison with different prompt methods with t-SNE. Clip, CoOp
and CoCoOp generates the same feature through the same image encoder. Purple
refers to the unknown class and the others refer to the known class.

samples, and the red area with higher logits indicates known
samples. For a critical comparison, we report the full, associ-
ation, and target logits respectively. As shown in Fig. 7, both
known and unknown samples in the association row overlap
a considerable portion, indicating that the associative informa-
tion does not effectively distinguish the known class from the
unknown class. Influenced by the associative information, the
logits of the full feature in 2nd row also have a considerable
overlap area when making the distinction between known and
unknown classes. However, for our generated target feature log-
its, the overlap between the unknown class regions in blue and
the known classes in red is significantly mitigated, indicating that
our isolated target information is better discriminatory for the
unknown samples, both on each class and all classes in the last
column.

Visualization of the t-SNE: We visualize the output with
t-SNE [49] to analyze how the spatial distribution of our gener-
ated target features differs from the image features generated by
other methods. Given the image features an output of CLIP [8],
CoOp [9], and CoCoOp [34], all from the same image encoder
(these methods focus on solving text prompt), their image fea-
tures distribution keeps the same with the same image. As shown
in Fig. 8, the color of the point in purple refers to the known
classes, and the other refers to different known classes. The data
distribution in our model is more compact and the inter-class
distance is brighter than that of other prompt methods. Mean-
while, the unknown class points are more distributed between
the gaps of known categories, and comparing other methods
will be overlapped with the center of known categories, further

Fig. 9. Visualization of failure case of the full and target feature of CAM re-
spectively. ‘Vol.’ represents ‘Volleyball’, ‘Aca.’ represents the ‘Academic gown’,
‘Gon.’ represents the ‘Gondola’. Full represents the feature output from the clip’s
image encoder, and the target feature is the output from CGA in A2Pt. Com-
pared to the samples shown in Fig. 5, the activation of the target region for these
failed samples containing complex irrelevant co-occurrence information is not
a pure target region.

demonstrating that the target features generated by our model
are more distinguishable than those mixed with associative in-
formation.

E. Discussion

Although our method achieves excellent performance, like
current SOTA OSR methods, it is still challenging for A2Pt
to handle situations where multiple instances exist in one im-
age. As shown in Fig. 9, when there is relatively more irrele-
vant co-occurrence information in the image, such as ‘people’
in the ‘volleyball’ class, very many ‘students’ inside the ‘aca-
demic gown’ and many ‘buildings’ in ‘gondola’, resulting in
target instances that are not obvious and very much smaller in
size relative to the contextual information. Our A2Pt can also
focus on the target region, but it is more disturbed by the irrel-
evant association context, and the anti-association performance
degrades. Compared with only one or a small number of associ-
ations, this situation requires a higher recognition performance
of the model. Thus how to pay more attention to the target class
and at the same time suppress the multiple associations in one
test sample will be our future study.

Authorized licensed use limited to: INSTITUTE OF COMPUTING TECHNOLOGY CAS. Downloaded on October 19,2026 at 10:35:26 UTC from IEEE Xplore.  Restrictions apply. 



8430 IEEE TRANSACTIONS ON MULTIMEDIA, VOL. 26, 2024

V. CONCLUSION

In this study, we unveiled that the unknown open set mis-
classified as a known close class is caused by the irrelevant
co-occurrence association information. We accordingly pro-
posed an anti-associative prompt tuning (A2Pt) approach to
precisely suppress the associative influence. A2Pt leverages
the cross-modal priors to generate the most class-related tar-
get feature and employ anti-association calibration with three
loss functions to supervise the difference between target and
association. Extensive experiments on CIFAR, TinyImageNet
and ImageNet-21K-P benchmarks validated the effectiveness of
the proposed approach, in striking contrast with the state-of-
the-art. The A2Pt approach provides fresh insight into the OSR
problem.
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