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Abstract

Multi-label classification is an essential task utilized
in a wide variety of real-world applications. Multi-label
zero-shot learning is a method for classifying images into
multiple unseen categories for which no training data is
available, while in general zero-shot situations, the test
set may include observed classes. The CLIP-Decoder is
a novel method based on the state-of-the-art ML-Decoder
attention-based head. We introduce multi-modal represen-
tation learning in CLIP-Decoder, utilizing the text encoder
to extract text features and the image encoder for image fea-
ture extraction. Furthermore, we minimize semantic mis-
match by aligning image and word embeddings in the same
dimension and comparing their respective representations
using a combined loss, which comprises classification loss
and CLIP loss. This strategy outperforms other methods
and we achieve cutting-edge results on zero-shot multil-
abel classification tasks using CLIP-Decoder. Our method
achieves an absolute increase of 3.9% in performance com-
pared to existing methods for zero-shot learning multi-label
classification tasks. Additionally, in the generalized zero-
shot learning multi-label classification task, our method
shows an impressive increase of almost 2.3%.

1. Introduction

Methods that performed well in multi-label classification

make use of label correlation with graph neural networks

[4, 6, 7], and developed better loss functions, backbones,

and pre-training methods [2, 1, 16, 17]. The classification

head and backbone are major parts of a classification net-

work. The spatial embedding tensor produced by the back-

bone is fed into the classification head which converts it to

logits [11]. To perform single-label classification, global

average pooling (GAP) followed by a dense or fully con-

nected layer is commonly used [10]. For multi-label clas-

sification, Zhao-Min Chen et al. [5, 24, 23] used GAP.

.

Figure 1. Comparison of proposed method with the state-of-the-art

method in multi-label zero shot learning, ML-Decoder [19].

Attention-based heads outperform others for different scale

objects [9]. GAP-based classifiers do not apply to zero-shot

learning (ZSL), even though they are simple and give good

results for classification tasks. On the other hand, attention-

based classification is computationally costly and does not

provide good results in ZSL settings. Recently, Tal Ridnet

et al. [19] came up with a work called ML-Decoder, which

is based on a transformer-decoder structure with some mod-

ifications. We extend this work further by introducing Con-

trastive Language Image Pre-training(CLIP)-aligned repre-

sentation learning. We generate text embedding represen-

tations and use image embeddings from TResNet to align

multi-modal representations with representation learning.

Our main contributions include the following:

• We design prompt templates for each class in the NUS-

WIDE dataset, test and verify multiple templates with

their model, and select the best-performing one.

• We propose a multi-modal prompting approach us-

ing CLIP, aligning vision-language representations for

multi-label classification in zero-shot settings.

• We propose the CLIP-Decoder design, leveraging a

dual-modal approach to enhance transformer decoder

layers by effectively fusing visual embeddings with

textual information, leading to improved contextual
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and visual understanding. Our weighted losses estab-

lish connections between the two modalities, facilitat-

ing gradient propagation for synergy.

2. Related Work
A classification head and a backbone for feature extrac-

tion are two primary building blocks of classification net-

works [12]. Textual embeddings obtained from the text en-

coder and the image spatial embeddings obtained from the

backbone are fed into the classification heads. We review

classification heads and propose our CLIP-Decoder and its

application for multi-label classification in zero-shot set-

tings.

GAP-based approach: In a Global average pooling (GAP)

based approach, global average pooling is used to transform

spatial embeddings into a one-dimensional vector, which is

fed into a fully connected layer to produce N output logits

[14, 18].

Attention-based approach: Multi-label classification re-

quires the recognition of multiple objects of varied sizes in

an image. Using GAP in this context is not useful as it fails

to exploit the benefits of spatial dimensions. Instead, scien-

tists use the attention mechanism owing to its huge success

in deep learning, its ability to exploit spatial information

and the improvement in results [13, 26].

ML-Decoder: With the goal of reducing the computational

cost, Tal Ridnik et el. suggested a new method called ML-

Decoder [19]. In contrast to the structure of a transformer

decoder, this design is relatively simple and provides a rea-

sonable speed-accuracy trade-off.

3. Methodology
Our approach for multi-label classification leverages

CLIP by designing appropriate prompts, aligning multi-

modal representations, and fusing visual and textual infor-

mation. The CLIP-Decoder, with transformer decoder lay-

ers, enhances contextual understanding. The multi-scale

weighted joint loss optimizes classification and alignment.

This strategy yields improved performance in zero-shot and

generalized zero-shot learning tasks as given in Figure 1

3.1. Pre-processing: Prompts design

In the pre-processing stage, we transform labels into

prompts using multiple templates. For instance, if an im-

age is labeled to contain the concepts, ”sky”, ”car”, and

”road”, the corresponding prompt would be ”a photo of sky,

car and road” or ” a picture of sky, car, and road”. We

employed the NUS-WIDE dataset, converting input labels

into multi-label prompts through preprocessing. This lever-

aged CLIP’s internet-trained mapping, yielding significant

performance advantages over word2vec, especially in zero-

shot learning. For both ZSL and GZSL, we also employed

different prompts to observe their performance in various

settings as given in Appendix Table 1. However, our current

approach encounters difficulties when handling multiple in-

stances of identical objects.

3.2. CLIP-Decoder: CLIP Aligned Representation
learning

To enable our model given in Figure 2 to learn the re-

lationship between the image and text representations of a

sample, we need to align them since they contain different

information. We accomplish this by projecting both repre-

sentations onto the same dimension and using the alignment

loss from CLIP to align the projections. We then introduce

a full-decoding version of the CLIP-Decoder for zero-shot

learning (ZSL), where each label has a corresponding query.

For ZSL, we use fixed NLP-based queries, where each label

is associated with a word embedding vector retrieved using

a CLIP model. In the group fully-connected layer given in

Figure 2, we use a shared projection matrix, which transfers

semantic information from the observed (training) classes to

the unknown (test) classes during inference. This approach

enhances the model’s ability to make accurate predictions

for novel classes in ZSL and improves the overall perfor-

mance of the model. Inspired by [19] with full-decoding (g

= 1), each query checks the existence of a single class. With

group decoding, each query checks the existence of several

classes

Attention(Q,K, V ) = softmax(
QKT

√
dk

)V (1)

The query vector is denoted by Q, the key vector is de-

noted by K, and the value vector is denoted by V . Be-

cause the output is scaled by the dimension d, it is given

in the term scaled dot product. CLIP-Decoder attention

mechanism relies on the similarity of dot products between

vectors (1), Where Q, K are input queries. Because NLP

word embeddings maintain this dot-product semantic simi-

larity [21], it is more likely that the hidden labels will corre-

spond to the decoder’s most similar keys and values. CLIP-

Decoder with a shared projection matrix also supports a

variable number of input queries. In contrast to General-

ized ZSL (GZSL), which does inference on the union of

the visible and unseen sets of labels, ZSL trains entirely on

seen labels and performs inference on the unseen classes.

To summarise, the CLIP-Decoder receives image embed-

ding as input from the TResNet image encoder. We trans-

late class names into prompts and then pass them through

the CLIP text encoder to produce representations for each

class, image embeddings are encoded using a TResNet im-

age encoder. We obtain the CLIP-Loss by matching the in-

put CLIP-aligned embeddings with image embeddings from

the Image-encoder block. Further detail is present in the

Appendix under Alignment loss.

4676



��������	�
��	�������	�����

�
��

��

�
�
��

�
��

��
�
���

�
�
��

�
��

������

��	���
��

��� �
��

���
�
�����


�
�

�
�

�
���

��
�
��

�
��


��

�
�
��

���
�

�

�

����������������	�

������������������
� � �

�
���������



�
�
	�

�
���

�
�
	��

����
�

Figure 2. An illustration of the proposed method’s architecture. The CLIP-Decoder receives image embedding as input from the TResNet

image encoder. We then provide it with CLIP-improved input queries. We translate classes in samples into prompts and then pass them

through the CLIP text encoder to produce representations for each class because the method requires representations for classes as input.

Feature representations are encoded using a text encoder in the first block, and image embeddings are encoded using a TResNet image

encoder. In the third phase, weighted loss is obtained by combining classification loss and CLIP loss to further improve alignment.

3.2.1 Alignment Loss

Mathematically we can write L as

L = αLclip + βLc (2)

(2) shows the loss formulation where Lclip is the CLIP

alignment loss while Lc indicates the cross entropy clas-

sification loss. The CLIP-based alignment loss Lclip lever-

ages the CLIP model’s ability to embed both the visual em-

beddings and the text embeddings into a shared embedding

space by computing cosine similarity.

4. Experiments
In order to evaluate our method, we used the NUS-WIDE

data-set [8] which is a widely used benchmark for multi-

label ZSL tasks. We evaluated our model for multi-label

zero-shot(MZSL) as well as generalized zero-shot(GZSL)

classification tasks using mean Average Precision(mAP)

and F1 score at top-K predictions, where k is 3 and 5. TRes-

NetM is used for image feature extraction from multi-label

images with a 224 image resolution. CLIP-aligned embed-

dings are used for text features, with a 512-d embedding

size, 56-batch size, and 10-3 learning rate[15].

4.1. Training and Testing

During training, the network was trained on seen classes

to learn their semantic space and map relevant semantic in-

formation to their corresponding classes. During evalua-

tion, the network used non-trainable prompts to predict un-

seen classes, achieving improved results compared to using

trainable prompts.

We conducted experiments in two settings: zero-shot

learning (ZSL) and generalized zero-shot learning (GZSL).

We initially used fixed embeddings (word2vec and CLIP-

based prompts) during training and then employed repre-

sentation alignment with a joint training loss to further en-

hance performance. The joint loss combined a clip loss

and a classification loss, with weights tuned through cross-

validation.

In the ZSL setting, CLIP-Decoder with CLIP-

embeddings outperformed using word2vec, and the

joint loss approach led to much-improved results. The

experiments were repeated for GZSL, where seen and

unseen classes were combined, and the CLIP-aligned joint

loss provided the best results. By removing the bias to-

wards seen classes, CLIP-Decoder achieved state-of-the-art

performance for both ZSL and GZSL, demonstrating im-

proved classification for both seen and unseen classes. For

training, we use 920 classes with labels while for testing

we use 81 unseen labels to predict the unknown labels.

For inference we input images and generate corresponding

labels for each images.

4.2. Ablation Study Results

In this section, we evaluate our method for both ZSL and

GZSL settings. We use image embeddings from the TRes-
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Dataset (Nus-WIDE) Lc Lclip Prompts mAP F1 k=3 F1 k=5
� � � 33.43 34.80 31.10

CLIP-Decoder ZSL � � 33.25 32.07 28.8

� � � 23.80 24.87 27.54
CLIP-Decoder GZSL � � 23.6 23.4 25.83

Table 1. Classification performance: Multi-label ZSL and GZSL on the NUS-WIDE dataset interms of mAP as well as F1 score (k ∈ 3, 5).

Net image encoder as it is more reliable, efficient, and effec-

tive. We first provide word2vec fixed embeddings in CLIP-

Decoder which is given in Table 1 as without any tick mark

in CLIP-embedding. Then we replace CLIP embeddings

inplace of word2vec which gave us an increase in mAP val-

ues as well as F1 Score values for k=3 and k=5 as given

in Table 1, we only use Lc here. In ZSL evaluations with

81 unseen and 925 seen classes, the shift to joint loss (Lc

and Lc) training yields improved results. For both ZSL and

GZSL, we also design different prompts to observe their

performance in various settings and select the one with bet-

ter results.Keeping previous settings of ZSL, we evaluate

our approach in GZSL, where we add the seen and unseen

classes together and try to predict the unseen classes out of

them. As we can see, we got an overall increase in MAP of

3.7% with good competitive F1 score values for k = 3 and k

= 5, as given in Table 2. In GZSL, we train just like in ZSL.

But, in the testing or evaluation phase, we test from a whole

set of seen and unseen classes together to assess our model’s

ability to relate relevant images present in the combined set

of seen and unseen classes with corresponding labels.

Method Task mAP F1 k=3 F1 k=5
Attention per Cluster [22] GZSL 2.6 6.4 7.7

ZSL 12.9 24.6 22.9

LESA [7] GZSL 5.6 14.4 16.8

ZSL 19.4 31.6 28.7

BiAM [25] GZSL 9.3 16.1 19

ZSL 26.3 33.1 30.7

SDL [3] GZSL 12.1 18.5 27.8

ZSL 25.9 30.5 21

ML Decoder [20] GZSL 19.9 23.3 26.1

ZSL 31.1 34.1 30.8

CLIP-Decoder GZSL 23.8 24.87 27.54
ZSL 33.4 34.8 31.1

Table 2. State-of-the-art comparison for ZSL and GZSL on the

NUS-WIDE dataset.

4.3. State-of-the-art Comparison

Table 2 compares the State-of-the-art methods [19] for

ZSL and GZSL. Table 3 compares state-of-the-art methods

for zero-shot and generalized zero-shot (ZSL) label pre-

diction. CLIP-Decoder outperforms SDL in GZSL, while

BiAm performs better in ZSL, indicating biased models.

Our work, shows improved results in both ZSL and GZSL.

Results and Evaluation: We compare our technique with

existing methods in Table 2, using mAP values and F1

score as performance metrics. Our approach shows a 2.33%

and 3.7% absolute gain in mAP for ZSL and GZSL, re-

spectively, while maintaining competitive F1 score values.

Previous methods prioritize good results at the expense of

GZSL performance, except for ML-Decoder. As given in

Table 2 Semantic Diversity learning(SDL) shows the bet-

ter performance in generalized zeroshot learning (GZSL)in

comparison with Descriminative Region based Multilabel

Zeroshot learning(BiAM), while performance in zero shot

settings(ZSL) degrades. The ML Decoder method improves

existing results in all metrics, while our CLIP module fur-

ther enhances mAP for both ZSL and GZSL cases. The

introduction of CLIP representation learning on top of ML-

Decoder give us consistent increases in mAP values, as

shown in Table 2. CLIP alignment is useful because the

CLIP model is trained on large amounts of image and text

pairs, allowing it to predict relevant image labels given text

input. Figure 3 shows the multilabel classification per-

formed using CLIP-Decoder.

Figure 3. Multi-label classification in GZSL.

5. Conclusion

We introduce the CLIP-Decoder, which improves multi-

label classification in a zero-shot context by aligning im-

age and text representations using representation learning.

We project text and image representations onto the same di-

mension and use CLIP’s alignment loss to align them. This

enhances multi-modal representation learning, resulting in

better synergy between vision and language modalities. Our

approach outperforms existing state-of-the-art methodolo-

gies in both zero-shot and generalized zero-shot contexts.

We intend to extend this approach to other domains such as

zero-shot action recognition and detecting new cancer types

in multiomics frameworks.
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