
CDUL: CLIP-Driven Unsupervised Learning for Multi-Label Image Classification

Rabab Abdelfattah1, Qing Guo2, Xiaoguang Li3, Xiaofeng Wang3, and Song Wang3

1University of Southern Mississippi, USA
rabab.abdelfattah@usm.edu

2IHPC and CFAR, Agency for Science, Technology and Research, Singapore
tsingqguo@ieee.org

3University of South Carolina, USA
xl22@email.sc.edu, {wangxi, songwang}@cec.sc.edu

Abstract
This paper presents a CLIP-based unsupervised learning

method for annotation-free multi-label image classification,
including three stages: initialization, training, and infer-
ence. At the initialization stage, we take full advantage of
the powerful CLIP model and propose a novel approach
to extend CLIP for multi-label predictions based on global-
local image-text similarity aggregation. To be more specific,
we split each image into snippets and leverage CLIP to gen-
erate the similarity vector for the whole image (global) as
well as each snippet (local). Then a similarity aggregator is
introduced to leverage the global and local similarity vectors.
Using the aggregated similarity scores as the initial pseudo
labels at the training stage, we propose an optimization
framework to train the parameters of the classification net-
work and refine pseudo labels for unobserved labels. During
inference, only the classification network is used to predict
the labels of the input image. Extensive experiments show
that our method outperforms state-of-the-art unsupervised
methods on MS-COCO, PASCAL VOC 2007, PASCAL VOC
2012, and NUS datasets and even achieves comparable re-
sults to weakly supervised classification methods.

1. Introduction
A multi-label classification task aims to predict all the

objects within the input image, which is advantageous for
various applications, including content-based image retrieval
and recommendation systems, surveillance systems, and as-
sistive robots, to name a few [9, 8, 6]. However, getting clean
and complete multi-label annotations is very challenging and
not scalable, especially for large-scale datasets, because an
image usually contains multiple labels (Figure 1.a).

To alleviate the annotation burden, weakly supervised
learning approaches have been studied [15, 20, 12, 1], in

Figure 1. A comparison of our solution with fully and weakly-
supervised multi-label classification. (a) The training dataset im-
ages for fully-supervised learning are fully labeled. (b) The training
images used in weakly-supervised are partially labeled. (c) Our un-
supervised multi-label classification method is annotation-free. (d)
CLIP focuses on one class in the whole image, and the embedding
is denoted by blue circle. Some classes are ignored such as "per-
son". (e) In our approach, image snippets are mapped separately to
the embedded space, where each snippet’s embedding is denoted
by squares. Local alignment allows to predict more labels.

which only a limited number of objects are labeled on a
subset of training images (Figure 1.b). Though less than the
fully-labeled case, it still requires intensive manpower and
time for annotations.

To go one step further, we consider unsupervised multi-
label image classification, leveraging the off-the-shelf vision-
language models such as contrastive language-image pre-
training (CLIP) [31]. CLIP is trained by matching each input
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image to the most relevant text description over 400 million
image-text pairs collected from the Internet. It has demon-
strated remarkable zero-shot classification performance as a
pre-trained model in image-text retrieval [31], video-text re-
trieval [27], and single-label image classification [31]. With
CLIP, the encoded visual representations can be directly used
for vocabulary categorization without additional training.
However, CLIP is not suitable for multi-label classification,
since it is trained only for recognizing a single object per im-
age (Figure 1.d). Finding only one global embedding for the
whole image may push CLIP to generate a high confidence
score for the closest semantic text class, while neglecting
other classes. In Figure 1.d, for instance, CLIP predicts class
"horse" with a very high confidence score (0.98), but gives a
very low weight to class "person", given the fact that CLIP
suffers from excessive polysemy [31].

To address these issues and make full use of CLIP in
multi-label classification, this paper presents a CLIP-driven
unsupervised learning method (CDUL) for multi-label im-
age classification, which includes three stages: initialization,
training, and inference. At the initialization stage, we use
CLIP to generate global representation of the whole image
and, more importantly, local representations of snippets of
the image. A novel aggregation of global and local represen-
tations provides high confidence scores for objects on the
image. As shown in Figure 1.e, the class "person" receives
high confidence score in this case. At the training stage, the
confidence scores will be used as the initial values of pseudo
labels, with which a self-training procedure is proposed to
optimize the parameters of the classification network as well
as the pseudo labels. Finally, during inference, only the clas-
sification network is used to predict the labels of an image.

The contributions of this paper are listed as follows:

• We propose a novel method for unsupervised multi-
label classification training. To the best of our knowl-
edge, this is the first work that applies CLIP for unsuper-
vised multi-label image classification. The aggregation
of global and local alignments generated by CLIP can
effectively reflect the multi-label nature of an image,
which breaks the impression that CLIP can only be used
in single-label classification.

• A gradient-alignment training method is presented,
which recursively updates the network parameters and
the pseudo labels. By this algorithm, the classifier can
be trained to minimize the loss function.

• Extensive experiments show that our method not only
outperforms the state-of-the-art unsupervised learning
methods, but also achieves comparable performance to
weakly supervised learning approaches on four different
multi-label datasets.

2. Related Work
Weakly Supervised Multi-Label Classification. Due to
high annotation costs, weakly supervised learning in multi-
label classification becomes an interesting topic of research.
Weakly supervised models are trained on a partial-label set-
ting where some labels are annotated (called "observed la-
bels"), and the rest are not annotated (called "unobserved
or unknown labels"). Early work includes assuming the un-
observed labels as negative [4, 34, 39],predicting the unob-
served labels using label correlation modeling [14, 41, 43],
and probabilistic modeling [36, 23]. However, these ap-
proaches rely on traditional optimization and cannot be
scaled to train deep neural networks (DNNs). Recently,
research effort has been made to train DNNs using partial la-
bels [15, 20, 12, 30, 7, 33, 24]. In general, these approaches
can be divided into two groups. The first group uses ob-
served labels as the ground truth to build the label-to-label
similarity graph [20], cross-images semantic correlation [7],
encodes positive and negative contexts with class names
[33], and blend category-specific representation across dif-
ferent images [30]. The second group starts with a subset
of observed labels and soft pseudo labels for unobserved
labels, and updates pseudo labels during training, such as
[35, 28, 12, 15]. Different from all these models, our method
works without the need of annotations.
Vision-Language Pre-Training. Vision-language pre-
training models achieve impressive performance on various
tasks. Several techniques for learning visual representations
from text representations have been presented using seman-
tic supervision [29, 31, 40]. Among these models, the most
effective one is CLIP [31], which exploits the large-scale
image-text pairs collected from the Internet to achieve align-
ment of images and text representations in the embedding
space. CLIP leverages contrastive learning, high-capacity
language models, and visual feature encoders to efficiently
capture interesting visual concepts. It shows remarkable
performance in different tasks such as zero-shot inference
and transfer learning in single image classification [22, 31].
However, CLIP is trained to focus on global representa-
tion, since the input image and text description both contain
global semantic information. As a result, it only predicts the
closest semantic text class, while neglecting other classes.
Our method takes a different route by proposing a model to
learn both global and local visual representations to enrich
semantic concepts in multi-label classification. There are
approaches using the CLIP model at the pre-training stage
to help the models first develop a general understanding of
the relationship between visual and textual concepts, such as
RegionCLIP for object detection [46]. However, to fine-tune
these pre-trained models, a large amount of labeled data is
still needed, which does not belong to the category of weakly
or unsupervised learning.
Unsupervised Feature Learning. Some methods for unsu-
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Figure 2. Confidence scores from the off-the-shelf CLIP on sample images from COCO dataset

pervised multi-label classification in person re-identification
[38, 45] focus on identity features, which are not relevant
to our topic. Self-supervised learning approaches [5, 17, 19,
42, 47] use contrastive loss for instance-discriminative rep-
resentations, but require ground-truth labels for fine-tuning,
which does not suit our unsupervised multi-label classifica-
tion problem [44]. Pseudo-label-based weakly supervised
algorithms [35, 28, 12, 15] can be easily adapted for unsuper-
vised multi-label classification by assigning pseudo labels to
all objects without using observed labels. We will compare
our solution to these methods in experiments.

3. Methodology
Notations. Let X = {x1, x2, ...xM} denote the training
set, where M is the number of images in X and xm for
m = 1 · · · ,M is the mth image. In our formulation, X is
totally unlabeled. Let C be the total number of classes in
the dataset. Let yu,m ∈ RC denote the pseudo label vector
of image xm. Notice that each entry of yu,m belongs to the
interval [0, 1]. The overall pseudo label set is denoted by
Yu = [yu,1, yu,2, ...., yu,M ] ∈ RC×M . We also define the
latent parameter vector of ỹu,m as ỹu,m = σ−1(yu,m) ∈ RC

for image xm where σ is the sigmoid function. The predic-
tion set is Yp = [yp,1, yp,2, ...., yp,M ] where yp,m ∈ RC is
the vector of the predicted labels for image xm. In CLIP
model, there are two encoders: the visual encoder and the
text encoder, which are denoted by Ev and Et, respectively.
The visual encoder maps the input image xm to the visual
embedding vector Ev(xm) = fm ∈ RK where K is the
dimension length of the embedding. Similarly, the text en-
coder maps the input text (class i, i = 1, · · · , C) to the text
embedding vector Et(i) = wi ∈ RK . Here the input text
is a predefined prompt, such as "a photo of a cat". Given a
vector or a matrix Q, Q⊤ means the transpose of Q.
Overview. The proposed framework is shown in Figure 3, to
address unsupervised multi-label image classification, which
includes three stages: initialization, training, and inference.
During initialization, the goal is to appropriately initialize

the pseudo labels for the unobserved labels on each training
image. Taking advantage of the off-the-shelf CLIP model,
we propose a CLIP-driven approach to build the pseudo la-
bels upon the aggregation of global and local semantic-visual
alignments, which can significantly improve the quality of
pseudo-labels. During training, the pseudo labels obtained in
initialization will be used as the estimation of the unobserved
labels to initialize training of the classification network. We
propose an optimization method that minimizes the total
loss by recursively updating the network parameters and the
latent parameters of the pseudo-labels. During inference,
only the classification network is used to predict the labels
of the input image.

3.1. Pseudo Label Initialization

3.1.1 Global Alignment Based on CLIP

CLIP is a powerful vision-language model that focuses on
learning the global representation (the dominant concept)
of an image (Figure 2). Therefore, we can directly use the
CLIP model to generate the global alignment of an image
without tuning the model parameters. Since the following
discussion only focuses on an individual image xm, we will
drop the index m for notational simplicity.

Given an input image, the visual encoder of CLIP maps
it to the embedding vector f . The relevant similarity score
between f and the text embedding wi is given by

pglobi =
f⊤wi

||f || · ||wi||
, ∀1 ≤ i ≤ C (1)

sglobi =
exp(pglobi /τ)∑C
i=1 exp(p

glob
i /τ)

, (2)

where pglobi denotes the cosine similarity score between f
and wi for class i on the input image, sglobi is the normalized
value for the similarity score using softmax, and τ is the
temperature parameter learned by CLIP. Then, the soft global
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Figure 3. The overall framework for CDUL unsupervised multi-label image classification. (a) During initialization, we propose CLIP-driven
global and local alignment and aggregation to generate pseudo labels. (i) Given an image, CLIP predicts the global similarity vector Sglobal;
(ii) Given the snippets of this image, CLIP predicts local similarity vectors Slocal

j ; (iii) The global-local aggregator is used to generate
the pseudo labels Sfinal. (b) During training, the pseudo labels generated from initialization are used to supervise the training of the
classification network, using our proposed method gradient-alignment method. (c) The gradient alignment illustration shows that updating
the network parameters and the pseudo labels by turns pushes both the pseudo label yu and the predicted label yp to the optimal solution to
minimize the total loss function. During inference, we apply the whole image to the classification network to get the multi-label predictions.

vector of this image is defined as

Sglobal = {sglob1 , sglob2 , ...., sglobC },

which includes the similarity score for each class.
Notice that CLIP focuses on the most relevant class on an

image and is limited to predicting only one single label per
image, while an image may contain multiple labels. In some
cases, the highest confidence score from the CLIP prediction
is not even correct due to the lack of appropriate prompt
design (Figure 2.a). To alleviate this issue, we shift CLIP’s
attention from global to the local level, i.e., using CLIP to
predict snippets of an image rather than the entire image,
which will be discussed in the next subsection.

3.1.2 CLIP-Driven Local Alignment

To generate the local alignment, we split an input image
to N snippets, denoted by {rj}j=1,...,N . Each snippet may
contain multiple objects rather than just a single object. Ac-
cordingly, the visual embedding vector gj ∈ RK of snip rj
is extracted from the visual encoder, Ev(rj) = gj . Each
image snippet is handled separately by finding the cosine
similarity scores plocj,i between the snippet visual embedding
gj and the text embedding wi for class i:

plocj,i =
g⊤j wi

||gj || · ||wi||
, ∀ 1 ≤ j ≤ N, 1 ≤ i ≤ C (3)

The similarity scores will be forwarded to the Softmax func-
tion that normalizes these scores over all classes:

slocj,i =
exp(plocj,i /τ)∑C
i=1 exp(p

loc
j,i /τ)

. (4)

So the local soft similarity vector Slocal
j of snippet rj is

given by Slocal
j = {sloc1 , sloc2 , ...., slocC }.

Notice that different snippets may contain different ob-
jects or different attributes for the same object. Therefore,
a specific class, which cannot obtain the highest similarity
score from CLIP when focusing on the entire image, may
now get the highest score in several snippets. Such a lo-
cal alignment can enhance semantic transfer per snippet.
Figure 4 shows the comparison of the confidence score dis-
tributions of using CLIP to predict three classes ("bottle",
"chair", and "tvmonitor") in PASCAL VOC 2012 dataset,
using global images and local snippets, respectively. It can
be observed that when focusing on global images, CLIP
may neglect some classes due to the "domain gap" between
the pre-training datasets used to train CLIP and the target
multi-label dataset. For instance, in Figure 4.b, the "chair"
class gets very low scores in most images, which means that
very few "chair" labels will be predicted. This will affect the
training performance at the training stage. When snippets
are considered, they can enhance the prediction distribution
toward higher confidence scores. It is worth mentioning
that, as a cropping method, CLIP-Driven Local Alignment
(CDLA) has advantages over class-agnostic object detection
(COD) [21]. Our CDLA does not need the ground truth
to get the snippets, while COD needs the ground truth to
train the model to extract the snippets containing the objects.
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Figure 4. The distributions of the predicted labels across the confidence scores using off-the-shelf CLIP on the whole image (global) and
snappets (local).

Thus, our CDLA is less expensive than COD in computation.
Moreover, our CDLA technique is more robust than COD
in the situations where the object of interest is occluded or
partially visible. In those cases, object detection methods
may not be able to detect the object, while cutting images
may still be valid to obtain a partial view of the object.

3.1.3 Global-Local Image-Text Similarity Aggregator

Note that each input image is associated with one global
image-text similarity vector Sglobal and N local similarity
vectors Slocal

j . We propose an aggregation strategy that
complements mutual information from Slocal

j and generates
a unified local similarity vector Saggregate for each image,
using a min-max method. Let

αi = max
j=1,··· ,N

slocj,i ,

βi = min
j=1,··· ,N

slocj,i , ∀ 1 ≤ i ≤ C

and
γi =

{
1 αi ≥ ζ
0 αi < ζ

(5)

where ζ is the threshold parameter. The aggregation score
for class i is given by

sagi = γiαi + (1− γi)βi. (6)
This strategy basically means that if the highest similarity
score that class i obtains among all snippets, αi, is greater
than ζ, we will consider that this class likely exists on the
image with αi assigned to sagi . On the contrary, if the sim-
ilarity scores of class i in all snippets are less than ζ, the
likelihood of class i existing on this image is small. There-
fore, the strategy assigns the minimum score βi to sagi . With
the aggregation scores, we define the soft aggregation vector
of all classes for each input image as follows:

Saggregate = {sag1 , s
ag
2 , ...., s

ag
C }.

Now we can leverage the global similarity, which adds
more comprehensive and complementary semantics, to local
similarity by calculating the average:

Sfinal =
1

2

(
Sglobal + Saggregate

)
,

which will be used as the initial pseudo labels for unobserved
labels at the training stage. The high quality of Sfinal will
significantly enhance the training performance, which is
discussed in Subsection 4.3.

3.2. Gradient-Alignment Network Training

This subsection proposes the gradient-alignment method
to leverage unsupervised consistency regularization, which
updates the network parameters and the pseudo labels by
turns. To be more specific, one can first train the network
parameters according to the Kullback-Leibler (KL) loss func-
tion between the predicted labels and the initial pseudo labels
obtained from the initialization stage, treating the pseudo
labels as constants. After that, we fix the predicted labels
and employ the gradient of the loss function with respect to
the pseudo labels to update the latent parameters of pseudo
labels. Once the pseudo labels are updated, we can fix them
again and re-update the network parameters. This optimiza-
tion procedure will continue until convergence occurs or
the maximum number of epochs is reached. This idea is
inspired by the previous work [44, 10, 2], which shows that
the previously generated pseudo labels can provide valuable
information to supervise the network during the training pro-
cess. The detailed procedure can be described as follows.
At the beginning of training, the pseudo label vector is ini-
tialized by Sfinal from the global-local aggregation module,
i.e., yu = Sfinal. Then yu will be fixed and used to super-
vise the train of the network with the Kullback-Leibler (KL)
loss function L(Yp|Yu,X ). When the training is done, we
fix the predicted labels Yp and update the latent parameters
of pseudo labels ỹu:

ỹu = ỹu − ψ(yu) ◦ ∇yu
L(Yu|Yp,X ) (7)

where ◦ means the element-wise multiplication, yu = σ(ỹu),
and ψ(yu) is a Gaussian distribution with the mean at 0.5
which is given by:

ψ([yu]i) =
1

σ
√
2π
e
− 1

2

(
[yu]i−0.5

σ

)2

. (8)

Here [yu]i is the ith entry of the vector yu. Since the whole
dataset is unlabelled, we need to use ψ(yu) to increase the
rate of change for the unconfident pseudo labels and reduce
the rate for the confident pseudo labels. The Gaussian dis-
traction can perform as such a function for pseudo labels.
The confidence of the pseudo label is evaluated based on
2|[yu]i − 1|. For instance, if [yu]i is 0.5, the Gaussian distri-
bution will achieve its maximal value, which means that our
module is not confident about the pseudo label and the rate of
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Table 1. Mean average precision mAP in (%) for different multi-label classification methods under different supervision levels: Fully
supervised, Weakly supervised and unsupervised, in addition to compare to zero-shot CLIP for four different datasets. Blue color represents
the best results.

Supervision level Annotation Method VOC2012 VOC2007 COCO NUS

Fully Supervised Fully labeled BCE-LS [12] 91.6 92.6 79.4 51.7
BCE 90.1 91.3 78.5 50.7

Weakly Supervised
10% labeled

SARB et al.[30] - 85.7 72.5 -
ASL et al.[3] - 82.9 69.7 -
Chen et al.[7] - 81.5 68.1 -

one observed labeled LL-R [24] 89.7 90.6 72.6 47.4
G2NetPL [1] 89.5 89.9 72.5 48.5

Unsupervised Annotation-free

Naive AN [25] 85.5 86.5 65.1 40.8
Szegedy et al. [35] 86.8 87.9 65.5 41.3
Aodha et al.[28] 84.2 86.2 63.9 40.1
Durand et al.[15] 81.3 83.1 63.2 39.4
ROLE [12] 82.6 84.6 67.1 43.2
CDUL (ours) 88.6 89.0 69.2 44.0

change should contribute more in the iteration of the pseudo
label to push it away from 0.5. Otherwise, if [yu,t]i = 0 or
[yu,t]i = 1, the the Gaussian distribution value reaches its
minimum, which indicates high confidence on the current
pseudo label and the rate of change should contribute less so
that the value of the pseudo label can be maximally kept.

Once Yu is updated, we switch back to the network train-
ing with a fixed Yu again. This procedure will continue
until convergence takes place or the maximum number of
epochs is reached. As shown in Figure 3.c, this training
process pushes both Yu and Yp (the predictions is a function
of the network parameters) to a non-trivial optimal point to
minimizing L(Yp, Yu|X ).

3.3. Inference
We simply feed the whole image, without splitting, to the

classification network to get the prediction. It is worth noting
that we use the whole image without cropping during the
training and testing process to reduce the computational cost.

4. Experiments
4.1. Setups

Datasets. We evaluate our model on four different multi-
label image classification datasets. PASCAL VOC 2012 [16]
has 5,717 training images and 5,823 images in the official
validation set for testing, while PASCAL VOC 2007 con-
tains a training set of 5,011 images and a test set of 4,952
images. MS-COCO [26] consists of 80 classes, with 82,081
training images and 40,137 testing images. NUSWIDE [11]
has nearly 150K color images with various resolutions for
training and 60.2K for testing, associated with 81 classes.
The validation set is used for testing, whereas the training
set is used to extract pseudo labels. During the training, we
used these datasets without any ground truth.

Implementation Details. For initialization, to generate
the pseudo labels based on our strategy, we use CLIP with
ResNet-50×64 as image encoder and keep the same CLIP

Transformer [37, 32] as the text encoder. During the training,
for fair comparisons, all the models are trained using the
same classification network architecture ResNet−101 [18],
which is pre-trained on ImageNet [13] dataset. End-to-end
training is used to update the parameters of the backbone
and the classifier for 20 epochs. We train all four datasets
using 10−5 learning rate. The batch size is chosen as 8 for
both VOC datasets, and 16 for the COCO and NUS datasets.
Pre-Training Setting. As previously mentioned, our clas-
sification network is trained on unlabeled images without
the use of any manual annotations during training; they are
solely reserved for evaluation purposes. Therefore, we adapt
CLIP using our global-local aggregation strategy to generate
the pseudo labels for unlabeled data. We do not change or
fine-tune the CLIP encoders or the prompt parameters, in
which one fixed prompt is used, "a photo of the [class]",
for all datasets. To get the local similarity vectors, we split
the input images into 3x3 snippet images to generate image
embedding for each snippet, in addition to generating an
embedding for the whole image to enhance the quality of
the generated pseudo labels. All the unsupervised models
are initialized and trained using our generated pseudo labels
as initials for the unlabeled data. Additionally, CLIP is not
exploited during the training or inference processes.
Evaluation Metrics. For a fair comparison, we follow cur-
rent works [12, 24, 1] that adopt the mean average precision
(mAP), across the entire classes, as a metric for evaluation.
We also measure the average precision (AP) per class to
evaluate the class-wise improvement.

4.2. Comparison with State-of-the-art Methods

Mean Average Precision mAP Results. We report mAP
(%) results compared to the state-of-the-art models under
different supervision levels in Table 1 on four different multi-
label datasets. We compare our model to three different
supervision levels. Fully supervised level is used as a refer-
ence to the performance of the models using the fully labeled
data [12, 24], upper part in Table 1. At weakly supervised
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Table 2. AP and mAP (in %) of unsupervised methods on PASCAL VOC 2012 dataset for all classes. ALL methods trained by our proposed
pseudo labels. Blue color represents the best results.

Methods aeroplane bicycle bird boat bottle bus car cat chair cow diningtable dog horse motorbike person pottedplant sheep sofa train tvmonitor mAP
Naive AN [25] 98.9 92.3 96.2 86.6 70.0 94.7 83.6 97.6 73.3 80.4 70.0 94.8 85.5 92.3 91.6 60.7 90.5 70.8 97.3 83.7 85.5
Szegedy et al. [35] 99.2 92.6 97.2 91.6 71.1 93.6 81.8 98.4 75.7 89.7 69.4 96.2 86.9 93.9 92.5 65.6 93.2 72.3 98.2 77.3 86.8
Aodha et al.[28] 99.1 92.3 96.3 87.4 71.2 94.3 82.9 97.4 73.9 70.5 69.4 92.1 81.4 90.9 92.3 59.0 85.3 67.3 97.3 81.8 84.1
ROLE [12] 96.3 86.1 92.5 85.5 64.7 93.7 80.4 95.6 72.3 79.8 57.9 91.5 83.2 89.6 92.6 58.0 88.4 66.1 95.3 82.3 82.6
CDUL (ours) 99.0 92.7 97.7 91.8 72.5 95.4 84.7 98.6 76.4 91.9 73.2 97.1 92.0 94.1 93.0 67.5 94.2 74.2 97.7 89.0 88.6

level, we compare our model with [24, 1] methods that are
trained using a single annotated label per each image follow-
ing to [24]. We also compare our model with another group
of weakly supervised models that used a partial number of
annotation labels (10% per each image) for training such
as [30, 7, 3]. Finally, in the third group report in Table 1,
the unsupervised level, all the methods [25, 35, 28, 15, 12],
including our method, are trained without any label anno-
tation. We can observe that: ❶ Compared to fully super-
vised models, we drastically removed the manual labeling
costs without sacrificing performance compared to the fully
supervised scenario. ❷ Compared to weakly supervised
models, our model can perform considerably better (mAP)
comparable to those models without leveraging manually
labeled data for the training set, which can be interpreted as
meaning that our generated pseudo label that includes the
high-quality fine-grained semantics based on our aggrega-
tor can help the classification network for training and get
predictions that are competitive to those models that depend
on partially annotated labels per image. Additionally, our
model achieves better performance on the COCO and VOC
2007 datasets compared to the [7] method, which uses 10%
annotated label. ❸ Compared to unsupervised models, our
method outperforms the whole unsupervised models by a
good margin on all datasets. The main reason is that our
gradient-alignment optimization method can help the clas-
sification network to minimize the total loss based on the
alternative updating methodology for the network parame-
ters and the pseudo-label latent parameters. Our model can
achieve +6.0%, +4.4%,and +2.1%, compared to Role [12] on
VOC2012, VOC2007, and COCO, respectively. Our method
cannot be simply classified as weakly supervised models
due to distinct input characteristics. Our approach utilizes
CLIP to generate pseudo labels for all images, which often
contain numerous unknown and incorrect labels (e.g., mAP
using original CLIP is 65.3% in COCO dataset). In contrast,
weakly supervised models assumes that all provided partial
labels are correct and can be trusted for training. This distinc-
tion is significant since our method tackles the joint training
of the multi-label classification model and the refinement of
incorrect pseudo labels, which is a key contribution of our
work. Our method successfully increases the accuracy of
CLIP-generated pseudo labels to 69.2% mAP in COCO as
reported in Table 1.

Class-Wise AP Improvement. Table 2 reports the class-
wise AP improvement for the unsupervised multi-label clas-
sification models on test sets of Pascal VOC 2012. All the

methods start training based on our proposed global-local
pseudo labels. Our method can improve performance in
most classes in VOC 2012 dataset. We observe that although
all the methods start training based on our proposed global-
local pseudo labels, our model outperforms in most of the
classes, especially the classes that have a small size, such as
"potted plant", "book", "cup", and "wine glass" which can
be interpreted that gradient-alignment can help our model
to capture more information during the training. We also
demonstrate the Class Activation Maps (CAM) for some
images in the COCO dataset, as shown in Figure 5. Our
model can classify the "bottle" and "wine glass" in the first
row, cup in the second row, and "remote" in the third row.

4.3. Ablation Study

Quality of Initial Pseudo Labels. To study the quality of
the pseudo-labels, we measure the mAP for the CLIP-pseudo
labels based on the global and local alignments using our
proposed aggregation strategy (ours) as reported in Table
3. We also report different aggregation strategies such as ❶
average (avg): by getting the average between all the local
and global similarity vectors, ❷ Maximum (max): to get
the maximum similarity score per each class among all the
local and global similarity vectors. As reported in Table 3,
we observe that the quality of pseudo label for the global
alignment achieves mAP less than any strategy depending on
local alignment. We also observe that our aggregation strat-
egy generates the highest quality pseudo labels compared to

Figure 5. Class activation maps for several examples corresponding
to highest confidences for three labels on COCO dataset. The
highlighted area indicates where the model focused to classify the
image. Best viewed in color.
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Table 3. Ablation study of quality of pseudo labels on the training
set in two different datasets using ResNet-50 × 64.

Datasets global
alignment

global-local alignment
Aggregator

avg max ours
VOC 2012 85.3 88.5 89.5 90.3
COCO 65.4 70.0 71.6 72.8
NUS 41.2 41.8 42.3 43.1

Figure 6. CAM visualization for the classification task on Pas-
cal2012 dataset. CAM shows that the improvement of the classifi-
cation during the epoch. Best viewed in color.

Figure 7. Quality of pseudo labels using different backbones for
CLIP’s image encoder

its global counterparts +5%, 7.4%, and 1.9% on Pascal VOC
2012, COCO, and NUS datasets, respectively. Consequently,
our aggregation strategy can retain the most fine-grained
semantics in the input image. We also prove that the good
quality of the pseudo label helps the classification network
to learn during the epochs and the classification performance
is improved by demonstrating the CAM visualization for
samples of images from Pascal VOC 2012. As shown in
Figure 6, during the epochs, the classification network can
learn the correct prediction and mAP is increased.

Different Backbones. In our study, we evaluate the quality
of pseudo labels generated using different depths of image
encoders in CLIP, namely ViT-B-32, ResNet-101, ResNet-50
× 16, and ResNet-50 × 64 following the EfficientNet-style
model scaling [31]. We employ CLIP with different back-
bones during the initialization time to generate the pseudo
labels on the training set of Pascal VoC 2007 dataset. The
results in Figure 7 show that the quality of the generated
pseudo labels consistently improves with different back-
bones. Furthermore, we observed that the quality of pseudo
labels improves significantly with the use of local alignment,
achieving up to a 2.7% improvement for ViT-B-32, 3% for
ResNet-101, 2.9% for ResNet-50 × 16, and 4.6% for ResNet-
50 × 64, compared to their global alignment counterparts.
Since we use this backbone only once at the initialization

Table 4. Ablation study when initialized with various pseudo labels
based on different CLIP’s image encoder backbones. mAP results
on Pascal 2007 dataset

ViT-B-32 ResNet-101 ResNet-50x16 ResNet-50x64
86.7 86.8 86.9 89.0

Table 5. Ablation study to evaluate CLIP-GLA’s performance.
Models Pascal2012 COCO NUS # param. (M)
CLIP-GLA 84.7 63.6 38.9 102
CDUL (ours) 86.4 67.1 41.9 25

to generate the pseudo labels, no computational cost will be
used at the testing time. Additionally, the generated pseudo
labels are used as initials for all unsupervised multi-label
models. As reported in Table 4, the performance of our
model is improved with different backbones, achieving up
to (+2%) increase using ResNet-50 × 64 compared to its
counterparts. The improvement is reasonably related to the
quality of pseudo labels used during the training Figure 7.

CLIP Performance on Test Set. Table 5 presents a com-
parison of our ResNet-50-based model’s performance with
on-the-shelf CLIP with ResNet-50 combined with our global-
local alignment strategy (CLIP-GLA). Our model surpasses
CLIP-GLA in both mAP. Moreover, our model uses a smaller
number of parameters during inference. This is due to the
fact that in our framework, CLIP is used exclusively to ini-
tialize the pseudo labels during the initialization phase, while
a smaller backbone is utilized during the training and testing
phases, as illustrated in Fig. 3. Thus, our approach is more
cost-effective during both the training and inference phases.

Effectiveness of Other Parameters. We also study the im-
pact of removing the Gaussian distribution module in the
gradient-alignment training, the performance is dropped by
0.5%, and 0.4% on VoC 2012, and COCO datasets, respec-
tively, as compared to our model (Table 1). Additionally, we
study applying the hard pseudo labels instead of soft pseudo
labels; the performance is reduced by 0.9%, and 1.2% on
VoC 2012, and COCO datasets, respectively, as compared to
our model (Table 1).

5. Conclusions
In this paper, we propose a new method for unsupervised

multi-label image classification tasks without using human
annotation. Our key innovation is to modify the vision-
language pre-train model to generate the soft pseudo labels,
which can help training the classification network. To inject
the fine-grained semantics in the generated pseudo labels, we
proposed a new aggregator that combines the local(global)
similarity vectors between image snippets(whole image) and
text embedding. Finally, we use the generated pseudo label
to train the network classification based on the gradient-
alignment to get multi-label classification prediction without
any annotation. Extensive experiments show that our method
outperforms state-of-the-art unsupervised methods.
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