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Abstract

Multi-label classification is crucial for comprehensive im-
age understanding, yet acquiring accurate annotations is
challenging and costly. To address this, a recent study
suggests exploiting unsupervised multi-label classification
leveraging CLIP, a powerful vision-language model. De-
spite CLIP’s proficiency, it suffers from view-dependent pre-
dictions and inherent bias, limiting its effectiveness. We
propose a novel method that addresses these issues by lever-
aging multiple views near target objects, guided by Class
Activation Mapping (CAM) of the classifier, and debias-
ing pseudo-labels derived from CLIP predictions. Our
Classifier-guided CLIP Distillation (CCD) enables select-
ing multiple local views without extra labels and debiasing
predictions to enhance classification performance. Experi-
mental results validate our method’s superiority over exist-
ing techniques across diverse datasets. The code is avail-
able at https://github.com/k0u-id/CCD.

1. Introduction
Multi-label classification plays a pivotal role in identifying
multiple classes within an image, serving as a foundational
component in image understanding [25, 27, 29, 36, 40].
Its applications are widespread, including recommendation
systems, surveillance, and image retrieval [43]. However,
acquiring multi-label annotations poses challenges due to
the difficulty and significant costs involved in meticulously
annotating all relevant objects within an image.

To solve this problem, various label-efficient techniques
have been proposed. A partial label setting [5, 10, 14, 20,
24, 30] annotates only a portion of the classes appearing
in an image and considers the rest as unknown labels. In
the extreme, single positive label settings [7, 19, 35, 42, 51]
provide only one positive label per image, with all other la-
bels assumed unknown. However, these methods still incur
labeling costs. Besides, current studies simulate partial and
single positive settings by randomly omitting labels from a
fully labeled dataset, which may not accurately reflect the
actual labeling practices. For example, humans tend to pri-
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Figure 1. CLIP prediction probability of horse (H) and person (P)
corresponding to different input patches from single image: (a)
The original image and its CLIP prediction. (b) The 1/4 sized
patch and its CLIP prediction. (c) The 1/9 sized patch and its
CLIP prediction. (d) The 1/16 sized patch and its CLIP predic-
tion. The same colored box indicates each patch cropped from the
corresponding box.

oritize labeling trivial objects first.
To overcome these limitations, we focus on an unsuper-

vised multi-label classification problem leveraging a vision-
language model. One such model is CLIP [31], trained
on an extensive dataset of 400M {image, text} pairs from
the web. As a result, this model excels at recognizing di-
verse visual attributes and object categories in a zero-shot
manner. Most recently, CDUL [2] applied CLIP for unsu-
pervised multi-label classification by using it as a pseudo-
labeling function. CDUL generates pseudo-labels for both
global and local views to help identify less prominent ob-
jects, training a multi-label classifier with each view-label
pair. However, CDUL overlooks the limitations of CLIP,
which hinders its prediction performance.

In this paper, we identified two reliability issues in
CLIP, addressing them to fully harness CLIP’s potential.
Firstly, we demonstrate that CLIP’s predictions are highly
view-dependent, considerably impacting classification per-
formance. In a toy experiment, we observe that changing
the crop position and size of an image leads to notable
changes in CLIP’s predictions. For example, in Fig. 1,
when the cropped area is slightly shifted or increased, the
probabilities for the horse and person classes vary signifi-
cantly. Based on these key observations, we use multiple lo-
cal views near the target object to mitigate the uncertainty of
CLIP’s pseudo-labels caused by view changes. Specifically,
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Figure 2. Sample images showcasing CLIP bias. C indicates the
probability of chair. (a) Top 1 probability of “tv monitor” image is
35%. (b) Top 1 probability of a “person” image is 50%. (c) Top 1
probability of a “horse” image is 100%. (d) The mean class-wise
probability of PASCAL VOC 2012. We can observe the class-wise
prediction bias of CLIP from these results.

we acquire various local views extracted by the bound-
ing box using the Class Activation Mapping (CAM) [49]
method, where the CAM is computed from the trained clas-
sifier itself. Additionally, our method can draw more local
views for hard samples whose prediction exceeds a certain
threshold across multiple classes.

Another notable issue with CLIP is its inherent predic-
tion bias, which tends to reduce the predicted probability of
specific classes. Due to polysemy [31], the words represent-
ing each class can be ambiguous in text embedding space.
As illustrated in Fig. 2 (a) and (b), despite the presence of
a single class (tv monitor and person, respectively), CLIP
assigns considerably low top-1 probabilities of around 35%
and 50%. Conversely, objects like horses exhibit notably
higher probabilities, as depicted in Fig. 2 (c). Analyzing the
average CLIP top-1 probabilities across classes, as shown
in Fig. 2 (d), further highlights this bias, indicating a lower
prediction for certain classes compared to others. The bi-
ased prediction is evident across various datasets such as
MS COCO and NUSWIDE1. Since the proposed method
relies on pseudo-labels generated by CLIP, its bias naturally
transfers to the classifier. Consequently, the classifier shows
a similar prediction bias and performance degradation. To
mitigate this issue, we adjust all pseudo-labels by applying
the inverse transform of the bias. While this adjustment can
amplify unwanted noise in pseudo-labels, we apply con-
sistency loss to handle this noise after debiasing. Our ad-
justment helps debiasing the classifier, thereby enhancing
its generalization performance. As a result, our proposed
Classifier-guided CLIP Distillation (CCD) achieves state-
of-the-art performances on the PASCAL VOC 2012, PAS-
CAL VOC 2007, COCO, and NUSWIDE benchmarks.

1CLIP probability distribution of other datasets are in the supplemen-
tary material.

2. Related Work

2.1. Label efficient multi-label classification.
Unlike multi-class classification, where a single class is
identified in an image, multi-label classification requires ac-
curately identifying all classes present in an image. Label-
ing every class in an image is significantly more challeng-
ing and resource-intensive than identifying just one class.
To address this issue, a partial label setting has been pro-
posed [5, 10, 14, 20, 24, 30], which utilizes only a subset of
labels associated with each image.

Early approaches assumed any unannotated labels (i.e.
“unknown labels”) as negative labels [4, 37, 45]. These
methods involved correcting these labels during the learn-
ing process. However, approaches that relied on proba-
bilistic models [9, 16, 41, 46] for label correction were
dependent on optimization techniques, resulting in lim-
ited scalability. Subsequently, alternative methods have
been proposed, such as leveraging label-to-label similar-
ity [14], cross-image semantic correlation [5], or category-
specific representation [30] to refine labels. Some ap-
proaches suggest using soft-pseudo-labels instead of un-
known labels [10, 26, 38].

Research has extended to a more extreme scenario: sin-
gle positive label setting [7, 19, 42, 51], where only a single
positive label is provided per image. These methods build
upon those proposed in the partial label setting and adapt
them to function effectively in more challenging contexts.

More recently, CDUL [2] has addressed the unsuper-
vised multi-label classification problem by utilizing CLIP.
In a similar vein, our method tackles the unsupervised
multi-label classification problem using CLIP while addi-
tionally providing local area information with CAM and ad-
dressing bias in CLIP predictions.

2.2. Vision-language pretraining.
Vision-language pretraining (VLP) has emerged as a piv-
otal approach for bridging the gap between visual and tex-
tual modalities [15, 28, 34]. Among the pioneering VLPs,
CLIP [31] stands out as the most commonly utilized frame-
work. CLIP was trained on large {image, text} pairs
sourced from the Internet. Recently, several studies have
adopted VLP to provide rich visual-semantic knowledge for
downstream image tasks, such as detection [12, 48], seg-
mentation [18, 32, 50], human-object interation [17, 22],
and generation [8, 39, 44].

In multi-label classification, various methods have
emerged to derive pseudo-labels from CLIP predictions [2,
13, 47]. Among these, CDUL [2] integrates local infer-
ences with global inference, successfully expanding the uti-
lization of the VLP to multi-label classification. However,
CDUL fails to tackle two limitations inherent in CLIP: sen-
sitivity to input view selection and inherent prediction bias.
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Figure 3. The proof-of-concept study of local view selection
method. We train the classifier with pseudo-label generated from
four different local views: (a) Around GT boxes, (b) GT boxes, (c)
Random boxes, (d) Uniform grid boxes. The numbers below each
sample are the performance (mAP) of the classifier trained with the
corresponding pseudo-label for the entire training set. The clas-
sifier trained with local view around GT boxes achieved 1.3%p
higher performance compared to classifier trained with uniform-
grid local view.

Consequently, the pseudo-labels generated by CDUL ex-
hibit noise and bias. In contrast, our approach leverages
a fine-tuned classifier to suggest local views and addresses
CLIP bias through calibration.

3. Method

3.1. Generating initial pseudo-labels
CLIP, a powerful vision-language model, has been trained
to align images with corresponding textual descriptions.
Leveraging the powerful zero-shot capability of CLIP, we
initially generate pseudo-labels similar to CDUL. For each
image in the dataset, we extract its image embedding us-
ing the CLIP image encoder. Simultaneously, we obtain the
text embedding by inputting the class name associated with
each dataset and a fixed prompt (e.g. “a photo of the [class
name]”) into the text encoder. Next, we compute the sim-
ilarity between the image embedding and the class-specific
text embedding. This similarity score is then translated to
compute softmax probabilities. These probabilities serve
as the initial pseudo-labels. Mathematically, the similarity
score for each class can be expressed as:

sc =
f⊤wc

∥f∥ · ∥wc∥
, 1 ≤ c ≤ C (1)

where f is a CLIP image embedding, wc is a class-specific
CLIP text embedding and c indicates a class index. With
class-wise similarity, we can calculate a class-wise softmax
probability pc of each image as follows:

pc =
exp(sc/τ)∑C
c=1 exp(sc/τ)

, (2)

where τ is a CLIP temperature parameter. We concate-
nate each class-wise softmax probability to generate initial

pseudo-labels. Finally, the initial pseudo-label for each im-
age is defined as:

linitial =
{
pglobal1 , pglobal2 , · · · , pglobalc

}
. (3)

Following the acquisition of softmax probabilities, the
initial pseudo-labels are used for the warm-up training of
the classifier. Since the softmax calculation inherently nor-
malizes the probabilities to ensure a sum of 1, it does
not fit the multi-label classification problem where multi-
ple classes have the same high probability (e.g. 1). Nev-
ertheless, after the classifier undergoes warm-up training, it
can predict each class independently, leading to recognizing
multiple classes present in an image, albeit with limited ac-
curacy. To address this performance limitation, in the subse-
quent section, we introduce a method to construct {training
data, pseudo-label} pairs tailored for the multi-label classi-
fication problem, leveraging a warm-up trained classifier.

3.2. Updating classifier-guided pseudo-label
Prior research [2] has shown that CLIP’s inference results
on the entire images may be suboptimal for multi-label clas-
sification. CLIP tends to assign high probabilities primar-
ily to prominent objects in the input image. As a result, it
does not effectively distribute probabilities across all exist-
ing objects. CDUL addresses this limitation by dividing the
image into uniform patches in a grid fashion. Despite its
simplicity, employing a uniform patch-based approach for
local view acquisition may lead to the inference of back-
ground batch, where the patch does not contain any class
object. More importantly, treating both simple images (i.e.
those containing a single object) and complex images (i.e.
those containing multiple objects) equally with the same
number of local views is clearly inefficient in optimizing
the resource (i.e. CLIP inference).
Proof-of-concept study. We perform a proof-of-concept
study to evaluate the impact of using object-specific loca-
tions in local view proposals. Our hypothesis is that in-
corporating class-related object locations enhances perfor-
mance. We extract local views in four different scenar-
ios, using ground truth bounding boxes (i.e., the bounding
box that tightly covers the target object): (1) random crop-
ping around the bounding box, (2) using only the bounding
box itself2, (3) random cropping without guidance from the
bounding box, and (4) uniform grid-based cropping. Each
scenario produces nine patches per image. Subsequently,
we infer pseudo-labels for these patches and train with each
{patch, pseudo-label} pair. As shown in Fig. 3, our results
indicate that the first scenario–(a) random cropping around
the bounding box–achieves the best performance.

Our proof-of-concept study reveals two critical insights:
(1) the local view generation policy significantly influences

2For images with fewer than nine boxes, we additionally infer their
resized versions.
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Figure 4. The overview of label preparation. (a) We calculate the cosine similarity between text embeddings and image embeddings. The
softmax probability of these similarities is the CLIP prediction of each image. The top 1 probabilities are highlighted in green boxes. By
class-wise averaging the top-1 probabilities, the CLIP bias is derived (yellow box). Pseudo-labels are then generated by debiasing CLIP
predictions. (b) For label updating, classes above a threshold are selected from the classifier output, and local views corresponding to these
classes are extracted. The process for acquiring local labels for each patch mirrors the initial label acquisition. The final pseudo-label is
obtained through a weighted sum of initial pseudo-labels and local labels.

CLIP’s predictions, and (2) framing the view around the tar-
get object greatly improves classification accuracy.
CAM-based view-selection. Motivated by the above two
findings, we decided to approximate the first scenario in
our approach. We apply Class Activation Mapping (CAM)
with the trained classifier to identify vital regions within the
image. This is called a CAM-based view selection method.
This method generates {training image, pseudo-label} pairs
by focusing on the object periphery, without relying on any
ground-truth annotations.

By employing the trained classifier, CAM visualizes ac-
tivations that most significantly influence class prediction.
CAM calculation is specifically based on the weights as-
signed to each channel of the feature map, which influence
the classification score. This can be represented by the fol-
lowing formula:

Gc(x) =

Q∑
i=1

wc⊤
i · gi(x), (4)

where x is input image, g is CNN network, g(x) is the fea-
ture map of the CNN, wc is class-wise weight of classifier,
and Q indicates the number of channels in the feature map.

We first normalize the activation map to a range between
0 and 1, then apply a threshold to identify highly activated
regions. Next, we generate candidate bounding boxes with

slight perturbation offsets. These bounding boxes define lo-
cal views of the image. The regions highlighted by CAM
act as reasonable approximations of the object’s location,
allowing us to extract local views without additional label-
ing costs. These localized view images are fed into CLIP to
obtain softmax probabilities for the patches. The probabili-
ties of local views are computed using the same method as
for the global view, and then generating local labels that are
focused on each local region.

The number of local views. Additionally, we adjust the
number of local views based on image complexity. For
simpler images, the classifier typically provides confident,
high-probability predictions. This translates to high log-
its for well-trained classes and near-zero for others. Con-
versely, complex images often produce uncertain predic-
tions, characterized by higher logits distributed broadly
across multiple classes. To account for this, we conduct
additional local view sampling when the classifier output
of a certain class surpasses a predefined threshold. Specifi-
cally, we crop the bounding box of any class exceeding this
threshold value and obtain its local probability. Through
our experiments, we empirically determined a fixed thresh-
old that ensures appropriate average number of classes ex-
ceeding this threshold. Details on this ablation study can be
found in the experiments section. This approach allocates
fewer local views to simple images and more local views to
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complex ones, optimizing the local view assignment.
To obtain a single local pseudo-label for each input im-

age, we select the maximum value of class-wise probability
across all local patches from the corresponding image. De-
noting the probability of i−th patch for class c as ppatchi,c , we
conduct patch-wise aggregation using the maximum value
as follows:

plocalc = max
i=1,··· ,N

ppatchi,c , 1 ≤ c ≤ C (5)

where N represents the number of local patches corre-
sponding to each image, dependent on the input image it-
self. We then aggregate the local class-wise probability for
generating a local pseudo-label as follows:

llocal =
{
plocal1 , plocal2 , · · · , plocalc

}
. (6)

We update the pseudo-label by the weighted sum of initial
and local pseudo-labels. The final pseudo-label is calcu-
lated as follows:

lfinal = αlinitial + (1− α)llocal, (7)

where α is a hyperparameter and we used 0.4. Through
this label update, the pseudo-label efficiently incorporates
information about less salient objects in multi-label classifi-
cation. The updated pseudo-label is utilized throughout the
remainder of the training process.

3.3. Debiasing CLIP pseudo-label
Earlier, we aimed to identify highly activated areas within
images through Class Activation Mapping and to infer ad-
ditional label information focused on these areas. However,
a challenge arises when using pseudo-labels generated by
CLIP due to its inherent prediction bias. Consequently,
classifiers trained using these pseudo-labels may inadver-
tently inherit this bias. Previous work [3] reveals that while
classifiers are robust at overcoming random noise, they can-
not rectify consistent biases associated with specific classes.
Therefore, we need to overcome the inherent prediction bias
of CLIP to enhance the performance.

To understand this bias, given CLIP’s focus on salient
objects, we treat global CLIP prediction as a single-label
classification task. In a single-label classification, the pre-
dicted probability distribution for each class aligns with the
class-wise average of the highest probabilities from each
prediction. Following this principle, we compute the av-
erage prediction probability for each class, defining it as
CLIP’s prediction bias. Specifically, we compute CLIP bias
as follows: (1) Obtain initial pseudo-labels by running each
image in the “target training set” through CLIP; (2) Record
top-1 probabilities for samples below the entropy threshold
to constrain the task to single-label classification; (3) Count
each class occurrences only if it achieves the top 1 proba-
bility; (4) Normalize each class’s softmax probability by its

ℒ

Weakly augmented

classifier

Strongly augmented

ℒ

:  Entire training

:  Initial pseudo-label

:  Cross-entropy lossℒ

:  After warm-up training

:  Updated pseudo-label

:  Stop gradient

Figure 5. The training process of our method. We train the clas-
sifier using cross-entropy targeting initial pseudo-label during the
warm-up phase which is illustrated as the green line. After the
classifier-guided label update, we train the classifier using the
cross-entropy loss targeting updated pseudo-label and the cross-
entropy loss between the logits of differently augmented inputs
which are illustrated as the green line and the blue dashed line.

occurrence count, defining this normalized probability as
CLIP bias. This process does not require any ground-truth
annotation, solely relying on the result of CLIP prediction.

The bias obtained in this manner serves as a basis for
calibrating CLIP-derived probabilities. Specifically, we cal-
ibrate by multiplying each class’s softmax probability from
CLIP by the inverse of the CLIP bias. This calibration pro-
cess enables the classifier to learn a rectified probability dis-
tribution. Our debiasing technique leads to a noticeable im-
provement in the performance of classes previously chal-
lenged due to the inherent CLIP bias (see Tab. 3). Further-
more, we adjust excessively small probabilities to prevent
the minimum probability value from approaching zero, aid-
ing in learning the corrected distribution. In doing so, we
guide the classifier as a whole to learn from this inverse dis-
tribution. This calibration is applied not only to the global
probability but also to local inference, minimizing the influ-
ence of the CLIP bias on the classifier as much as possible.

3.4. Overall training

Consistency loss. The proposed method tackles noisy data
by utilizing pseudo-labels as target labels for all {training
data, pseudo-label} pairs. Since pseudo-labels inherently
carry noise and our debiasing process can potentially am-
plify this noise, we employ consistency loss between the
data and its augmented data as additional critics. This
approach is inspired by the common practice in a semi-
supervised regime, improving feature extractors for han-
dling noisy data. In our framework, we introduce consis-
tency loss alongside the conventional binary cross-entropy
loss during training. Consistency loss involves applying dif-
ferent augmentation intensities to the same image. Also, it
passes each augmented version through the classifier to en-
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sure consistent predictions. In Fig. 5, we employ weak aug-
mentations, such as resizing and flipping, and strong aug-
mentations, which comprise weak augmentation and addi-
tional color jittering.
Training process. Initially, the entire training dataset un-
dergoes inference through CLIP, followed by calculating the
CLIP bias. Subsequently, we derive a global label by debi-
asing the global probability, utilizing it as an initial pseudo-
label in Fig. 4 (a). The classifier is then warmed up with
this pseudo-label as the target (the green line in Fig. 5). Fol-
lowing warm-up training, we update the pseudo-label with
classifier-guided local inference. During this phase, the ob-
tained local probabilities undergoes debiasing. Then they
are combined to derive a local label, which then updates the
existing pseudo-label as depicted in Fig. 4 (b). The clas-
sifier is subsequently trained with the updated pseudo-label
for the remaining epochs (the green line and the blue dashed
line in Fig. 5). For whole trainig, our loss function combines
two terms:

Ltotal = Lce + βLconsist, (8)

where Lce is cross-entropy loss and Lconsist is consistency
loss. β is a hyperparameter and we fix it as 0 during warm-
up phase and 1 after.

4. Experiments

4.1. Experimental setup

Dataset & evaluation Metric. We conducted evaluations
on four distinct datasets. The PASCAL VOC 2012 [11]
dataset comprises 20 classes, with 5,717 images in the train-
ing set and 5,823 in the validation set. Similarly, the PAS-
CAL VOC 2007 dataset also encompasses 20 classes, with a
combined total of 5,011 training and validation images and
4,952 test images. MS COCO [23] consists of 80 classes,
encompassing 82,081 training images and 40,137 validation
images. Additionally, the NUSWIDE [6] dataset comprises
81 classes, with a training set of 150,000 images and a test
set of 60,200 images. In cases where a separate test set was
not available, the validation set was utilized for testing pur-
poses. Mean Average Precision (mAP) was employed as the
performance metric, with ground truth labels utilized solely
for performance evaluation and not incorporated during the
model training phase.
Implementation detail. For a fair comparison, we en-
deavored to set the hyperparameters for CLIP inference
as closely as possible to those of the primary competitive
method, CDUL. We acquired labels using the frozen CLIP
ResNet50×64, and employed the ImageNet pre-trained
ResNet101 as the backbone network for our classifier. The
entropy threshold for calculating CLIP bias and the classi-
fier threshold for local view inference is both 0.5. It Our

warm-up classifier is trained for two epochs. While the en-
tire training process can proceed up to 10 epochs, we ob-
tain our final model via early stopping to prevent overfit-
ting. Specifically, we terminate training based on the gra-
dient of mean Average Precision (mAP) of the training la-
bels throughout the learning process. Training was ceased
when the gradient of mAP reached the first local minimum.
We utilized a learning rate of 10−5 across all datasets and
employed a batch size of 16. Undisclosed hyperparame-
ters of CDUL were manually reproduced. For generating
the initial pseudo-labels of global views, we maintained a
fixed image resolution of 640×640. The CLIP prompts
consistently used the phrase “a photo of the [class name]”
except for the NUSWIDE dataset. (For a fair comparison
with the existing method, CDUL, we employ the phrase
“a photo of a [class name]” to match the pseudo-label per-
formance.) For acquiring the initial pseudo-labels of local
views, we introduced an offset value of 80 pixels for each
vertexes when generating bounding boxes (i.e. a thresh-
olded CAM-bounding box ±80 as our local views). Addi-
tionally, cropped images were resized to have a longer side
of 640 pixels while preserving their aspect ratios to obtain
CLIP probabilities.

4.2. Comparison with state-of-the-art methods

Competitive methods. Multi-label classification can be
partitioned depending on the type of supervision: fully su-
pervised, weakly supervised, and unsupervised approaches.
Firstly, in a fully supervised setting, we choose (1) the
Naı́ve method using only binary cross-entropy (BCE) loss
and (2) the Naı́ve method with additional label smooth-
ing (LS) [7]. Secondly, we compared our method with
recent weakly supervised methods, including partial la-
beled methods utilizing only 10% of total labels such as
(3) SARB [30], (4) ASL [33], (5) Chen et al. [5]. For sin-
gle positive label methods, we choose (6) LL-R [19], (7)
G2NetPL [1]. Finally, in an unsupervised scenario, we ob-
tained initial labels using CLIP and evaluated the perfor-
mance of (8) Naı́ve AN [21], (9) Szegedy et al. [38], (10)
Aodha et al. [26], (11) Durand et al. [10], (12) ROLE [7],
which leveraging CLIP generated initial labels. We con-
ducted a comparative analysis with (13) CDUL [2], the cur-
rent state-of-the-art in an unsupervised multi-label classifi-
cation task.
Comparison with fully & weakly methods. Compared to
fully supervised methods, our Classifier Guided CLIP Dis-
tillation (CCD) demonstrates comparable performance on
the PASCAL VOC 2012 and PASCAL VOC 2007 datasets.
In particular, achieving similar performance without any
human annotation is impressive. CCD outperforms various
weakly supervised methods on the PASCAL VOC 2012 and
PASCAL VOC 2007 datasets, although our performances
on MS COCO and NUSWIDE are relatively lower. This
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Table 1. Mean average precision mAP in (%) for different multi-label classification methods under different supervision levels. Bold
represents the best results among unsupervised methods. The proposed achieved state-of-the-art performance.

Supervision level Annotation Method VOC12 VOC07 COCO NUS

Fully supervised Fully labeled BCE 90.1 91.3 78.5 50.7
BCE-LS [7] 91.6 92.6 79.4 51.7

Weakly supervised

Partial labeled
(10%)

SARB [30] - 85.7 72.5 -
ASL [33] - 82.9 69.7 -
Chen et al. [5] - 81.5 68.1 -

Single positive
labeled

LL-R [19] 89.7 90.6 72.6 47.4
G2NetPL [1] 89.5 89.9 72.5 48.5

Unsupervised Annotation
free

Naive AN [21] 85.5 86.5 65.1 40.8
Szegedy et al. [38] 86.8 87.9 65.5 41.3
Aodha et al. [26] 84.2 86.2 63.9 40.1
Durand et al. [10] 81.3 83.1 63.2 39.4
ROLE [7] 82.6 84.6 67.1 43.2
CDUL [2] 88.6 89.0 69.2 44.0
CCD (Ours) 90.1 91.0 70.3 44.5

Table 2. Ablation study of the proposed moduels. Mean average
precision mAP in (%) for different configuration uon the PASCAL
VOC 2012 dataset. The best score is in bold.

Label
update

CLIP
debias Consistency mAP

(VOC12)
✘ ✘ ✘ 86.4
✔ ✘ ✘ 88.7
✔ ✔ ✘ 89.4
✔ ✘ ✔ 88.8
✔ ✔ ✔ 90.1

suggests that CCD is more effective on datasets with a
smaller number of classes, such as PASCAL VOC 2012 and
2007, which consist of 20 classes. On the other hand, the
performance gain is relatively small for complex datasets
with many classes. It can be attributed to the simplistic
prompt, “a photo of the [class name],” which might not ac-
curately represent the target classes and co-occurrence is-
sue, which bring out noisy local labels. The performance
of initial labels of the training sets for PASCAL VOC 2012,
MS COCO, and NUSWIDE is 85.3%, 65.4%, and 41.2%,
respectively. CCD consistently shows about a 3 4%p per-
formance gain over all datasets.
Comparison with unsupervised methods. Compared to
unsupervised methods, CCD exhibits superior performance
across all datasets. Particularly noteworthy are the signif-
icant improvements of 1.5%p, 2%p, and 1.1%p on PAS-
CAL VOC 2012, PASCAL VOC 2007, and MS COCO,
respectively, compared to the existing state-of-the-art meth-
ods. These results highlight the effectiveness of our method.
However, in the case of the NUSWIDE dataset, the per-
formance improvement is not as substantial. This can be
attributed to the unique characteristics of the NUSWIDE

(b) Initial & Local weight (𝛼)(a) The number of mean inferences

m
A

P
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Figure 6. Classification results (mAP) on PASCAL VOC 2012
depending on (a) the change of the number of mean inferences (b)
the change of ratio of pseudo-label updating.

dataset, where 20% of the train/test images do not contain
any class-related objects (i.e. “none images”). As a result,
the initial pseudo-label acquisition process fails to form a
high probability for specific classes in these images. Con-
sequently, during local inference, a significant portion of
inferences is assigned to “none images,” thereby reducing
the quality of pseudo-labels of CCD.

4.3. Ablation
Effects of each module. We evaluate the effectiveness of
each component of our method in Tab. 2. The performance
of the baseline model, the classifier trained with CLIP-
generated global pseudo-labels, is 86.4%. When we update
the pseudo-label with classifier-guided local inference, it
shows a significant improvement of 2.3%p. This shows that
our CAM-based local view selection method and adaptively
allocating the number of CLIP inferences are effective. It al-
ready exceeds the performance of previous state-of-the-art
methods. Debiasing CLIP also contributed 0.7%p, indicat-
ing that our proposed debiasing method effectively relieves
the CLIP bias. The consistency loss alone adds only 0.1%p
performance gain. However, when CLIP debiasing and con-
sistency loss are combined, a substantial improvement of
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Table 3. Per-class AP in (%) for without and with debiasing. We
focus on the seven classes from the lowest mean probability. The
result showcases that our debiasing is effective for enhancing the
performance of biased classes.

Method bottle chair table person plant sofa tv
w/o debias 77.0 77.1 72.7 87.3 68.8 73.0 89.5
W debias 77.6 79.0 74.8 89.2 72.1 76.6 92.0

1.4%p is achieved. This result implies that pseudo-labels
generated by compensating for CLIP bias may amplify both
accurate information and noise. Since the consistency loss
is effective for dealing with noisy data, it creates a synergy
with CLIP debiasing.
The number of inference. We examine how model per-
formance varies with different numbers of CLIP local in-
ferences. We incrementally increase the average number
of inferences to approximately 4, 6, 10, and 14. In Fig. 6
(a), the model achieves its best performance when the av-
erage number of inferences is around 10. Notably, increas-
ing the number of inferences does not consistently enhance
performance. Fewer inferences limit the allocation of lo-
cal views to challenging samples, which hinders the abil-
ity to extract sufficient information from complex images,
thereby negatively impacting negatively. In contrast, an ex-
cessive number of inferences results in the overallocation
of local views, even for easy samples. It potentially intro-
duces redundant inference for easy samples, making noisy
pseudo-labels. In particular, when the average number of
inferences is set to 10 or 14, the maximum number of lo-
cal inferences remains capped at 20 (i.e. the total number of
classes). It suggests that the inferences allocated to complex
images have already reached saturation.
Initial & local weight. We investigate the impact of ad-
justing the ratio α between initial and local labels when up-
dating the pseudo-labels (Eq. 7). In Fig. 6 (b), the results
indicate that utilizing both global and local labels together
leads to performance enhancement. This trend arises be-
cause two different label sources have complementary prop-
erties. The local label contains more information through
multiple CLIP inferences of different local patches. How-
ever, since the reliability of CAM is not 100%, it may draw
an invalid patch. Conversely, the initial label contains less
information, but it is always generated from valid images.
By blending these two sources, we reinforce consistent pre-
dictions between local and initial labels, thereby strengthen-
ing the signal of reliable labels. Additionally, we highlight
that the use of our local labels alone (i.e. at weight 0) can
outperforms CDUL. This confirms that our choice of local
views and their labels extracts more informative learning
signals than the mixture of the global view and uniformly
sampled local views.
Per-class mAP of biased classes. We assess the effective-

ness of our proposed method by examining the improve-
ment in performance for specific target classes before and
after CLIP debiasing. In Tab. 3, we focus on seven classes
from the biased class, including bottle, chair, table, per-
son, potted plant, sofa, and tv monitor as confirmed in the
Fig. 2. Our results demonstrate consistent improvements in
the performance of all these classes, ranging from 0.6%p
(bottle) to 3.6%p (sofa). Moreover, we observe comparable
or slightly enhanced performance for the remaining classes
not shown in the table. The result affirms the effectiveness
of our method across a broader spectrum. Detailed class-
wise performance results for the entire dataset are provided
in the supplementary material.

4.4. Limitation
A limitation of proposed method is that the generated lo-
cal views often struggle to distinguish between co-occurring
objects, an issue inherited from CAM. This challenge is
especially evident in complex datasets like COCO, where
similar classes–such as skies, snowboards, and skate-
boards–frequently appear in scene with human activity.
These classes often co-occur with human feet, leading clas-
sifiers to associate high activations near the feet with these
classes. This phenomenon makes them potential candidates
for local views. This redundant information results in noisy
pseudo-labels, reducing overall performance. Examples of
such failure cases are provided in the supplementary mate-
rials. Developing an improved local view proposal method
to better handle noisy inferences and focusing on the target
objects will be an important direction for future work.

5. Conclusion
In this paper, we propose a novel unsupervised multi-label
classification method, Classifier-guided CLIP Distillation
(CCD). We address two critical issues in CLIP: incon-
sistent predictions due to subtle input changes and inher-
ent prediction bias. To tackle these issues, we devised a
classifier-guided label update and CLIP debiasing. Firstly,
we identified the effectiveness of acquiring local views near
class-related objects and proposed a classifier-guided la-
bel update. It selects local views utilizing the Class Ac-
tivation Mapping (CAM) and acquires corresponding la-
bels from CLIP. Our approach results in allocating more
local views for complex images. Secondly, we address the
CLIP’s bias. We investigated the biased prediction distri-
bution of CLIP and rectified the pseudo-labels. This step
notably boosts performance in certain classes and reduces
the impact of bias on CLIP. Through experiments on four
benchmarks, CCD newly achieved state-of-the-art perfor-
mances in unsupervised multi-label classification. Remark-
ably, CCD achieved comparable performance to fully super-
vised methods on PASCAL VOC 2012 and PASCAL VOC
2007 datasets without relying on annotations.
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