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Abstract

This paper investigates a challenging problem of zero-shot
learning in the multi-label scenario (MLZSL), wherein the
model is trained to recognize multiple unseen classes within
a sample (e.g., an image) based on seen classes and auxil-
iary knowledge, e.g., semantic information. Existing meth-
ods usually resort to analyzing the relationship of various
seen classes residing in a sample from the dimension of spa-
tial or semantic characteristics and transferring the learned
model to unseen ones. However, they neglect the integrity of
local and global features. Although the use of the attention
structure will accurately locate local features, especially ob-
jects, it will significantly lose its integrity, and the relation-
ship between classes will also be affected. Rough processing
of global features will also directly affect comprehensiveness.
This neglect will make the model lose its grasp of the main
components of the image. Relying only on the local existence
of seen classes during the inference stage introduces unavoid-
able bias. In this paper, we propose a novel and comprehen-
sive visual-semantic framework for MLZSL, dubbed Epsilon,
to fully make use of such properties and enable a more accu-
rate and robust visual-semantic projection. In terms of spatial
information, we achieve effective refinement by group aggre-
gating image features into several semantic prompts. It can
aggregate semantic information rather than class information,
preserving the correlation between semantics. In terms of
global semantics, we use global forward propagation to col-
lect as much information as possible to ensure that semantics
are not omitted. Experiments on large-scale MLZSL bench-
mark datasets NUS-Wide and Open-Images-v4 demonstrate
that the proposed Epsilon outperforms other state-of-the-art
methods with large margins.

Introduction

With the continuous advances in science and technology,
the ability and ways human beings obtain information have
greatly improved. In recent years, deep learning classifi-
cation networks (Simonyan and Zisserman 2014; Szegedy
et al. 2015) driven by computational intelligence have
sprung up and made rapid progress. Image classification
datasets designed for single labels in the past are less chal-
lenging for deep learning models. Since an arbitrary image
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Figure 1: Comparison of attention between our proposed Ep-
silon and traditional spatial attention-based models. We can
see that the proposed model is stronger than the contrasting
BiAM and LESA in terms of completeness of class seman-
tics. (zoom in for a better view)

may contain multiple objects, the task of multi-label image
classification (Gong et al. 2013; Yu et al. 2014; Weston, Ben-
gio, and Usunier 2011) has come into view because the task
is challenging, and it is closer to the real life of a human.
With the continuous improvement of deep neural networks,
multi-label image classification models based on deep learn-
ing have emerged (Wang et al. 2016; Durand, Mehrasa, and
Mori 2019; Gao and Zhou 2021; Feng, An, and He 2019).
Their research focuses on how to effectively process the
context information in the image, or build a graph model
or other topological models to handle complex dependen-
cies between labels (Chen et al. 2019). In recent years, re-
searchers have realized that the attention mechanism has
been introduced to allow the model to focus more selectively
on information-rich regions and has achieved remarkable re-
sults (Cheng et al. 2021).

However, the above multi-label image classification meth-
ods all have a common problem, that is, these models can-
not perceive categories that were not present during train-
ing. Therefore, zero-shot learning (ZSL) has become a solu-
tion to this problem (Akata et al. 2016; Deutsch et al. 2017;
Frome et al. 2013). ZSL is essentially a multi-modal transfer
learning, that is, an algorithm that predicts unseen classes
during testing through the learning of seen classes. There-



fore, it is different from the tasks and challenges faced by
traditional supervised learning. In fact, existing ZSL mod-
els have achieved substantial success in single object pre-
diction (Kodirov, Xiang, and Gong 2017; Xian, Schiele, and
Akata 2017; Guo and Guo 2020). Compared with traditional
ZSL, generalized ZSL is closer to the actual application sce-
nario. Generalized ZSL means that not only unseen classes
need to be predicted, but also all seen classes should be de-
tected during testing. However, in practical problems, there
are often multiple seen objects and unseen objects in a pic-
ture. At this time, the traditional ZSL model will cause se-
rious performance loss and even cannot work effectively.
Therefore, multi-label zero-shot learning (MLZSL) has en-
tered the research field as a more complex and practical re-
search direction.

There have been some works focusing on MLZSL tasks
and obtained some achievements with decisive progress in
recent years (Norouzi et al. 2014; Mensink, Gavves, and
Snoek 2014; Zhang, Gong, and Shah 2016). Among them,
Zhang et al. (Zhang, Gong, and Shah 2016) and Ben et
al. (Ben-Cohen et al. 2021) calculate the principal direction
of its feature vectors for each test image and then sorts the
similarity of labels that exist near that principal direction.
LESA (Huynh and Elhamifar 2020) and BiAM (Narayan
et al. 2021), on the other hand, performs multi-label pre-
diction tasks from another perspective, which strengthens
the feature response of each class through attention mech-
anisms. (Liu et al. 2023) innovatively handles the semantic
relationship between seen and unseen classes from the per-
spective of channel response, but this approach is not precise
enough for the processing of spatial features.

In response to the problems encountered in the MLZSL
method mentioned above, the first problem is that previ-
ous methods did not effectively utilize the relationship be-
tween local and global features of images. For example,
SDL (Ben-Cohen et al. 2021) and FastOTag (Zhang, Gong,
and Shah 2016) only focus on the principal vector of the
image, ignoring the supplement of local features to global
information. However, BiAM (Narayan et al. 2021) simply
concatenates global and local features and then performs
the classification part. LESA (Huynh and Elhamifar 2020)
uses the attention sharing of local features to replace the
global features. In the multi-label environment, global fea-
tures are the most important for determining the main com-
ponents in an image. This ensures that the semantic in-
tegrity is not destroyed. As shown in Figure 1, comparing
the attention of the two classes of ‘grass’ and ‘animal’, it is
not difficult to see that the overall semantics of the spatial
attention-based method are not comprehensive. The conse-
quence is that it will affect the model’s learning of the seen
class and its ability to transfer to the unseen class. Simi-
lar problems occur extremely frequently, especially for se-
mantic extraction of scene classes. Therefore, we urgently
need to locally group and integrate the semantics within the
image and expand the diversity of global features to make
the semantic information corresponding to the image more
comprehensive, thereby helping the model to better perform
transfer learning. Based on this, we proposed Exploring
Comprehensive Visual-Semantic Projection for Multi-Label
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Zero-Shot Learning (Epsilon) to try our best to find seman-
tic descriptions corresponding to all classes in the picture.

The main contributions of this paper can be summarized
as the following three-fold:

1. We propose to use visual prompt learning to group
and aggregate features, which solves the loss of details
caused by traditional methods using spatial attention and
greatly ensures semantic integrity.

. We use the Global Forward Propagation (GFP) module
to greatly enrich the diversity of global features and im-
prove the global information richness.

. Both modules work together on the fused features. Ex-
tensive experiments on NUS-Wide and Open-Images-V4
datasets demonstrate the effectiveness of our method
against other state-of-the-art MLZSL models.

Related Work

MLZSL presents a more complex challenge than single-
label learning due to the unpredictability of the number of
labels assigned to each image, thus demanding the model’s
capacity to weigh multiple unseen labels simultaneously.
Several methods have emerged to address the challenge.
Norouzi et al. (Norouzi et al. 2014) developed a model for
multi-label zero-shot learning by explicitly partitioning the
image and semantic embedding spaces and using a convex
combination of label embedding vectors to map the image.
Zhang et al. (Zhang, Gong, and Shah 2016) proposed a more
general and fast model based on word vectors of ranked rel-
evant labels. Lee et al. (Lee et al. 2018) posited that knowl-
edge graphs offer a framework for linking different labels
in multi-label environments. He is also the first model to
introduce graph structure into multi-label zero-shot learn-
ing. Attention-based methods such as LESA (Huynh and
Elhamifar 2020) and Narayan et al. (Narayan et al. 2021)
have shown promising results. Their approaches leverage
the attention-sharing mechanism and bi-layer attention mod-
ule to focus on key areas of different labels and global con-
text information, respectively. Compared with past methods,
they pay more attention to the mining of local semantics and
the sharing of features between classes. Although Ben et al.
(Ben-Cohen et al. 2021) utilized the diversity of semantics
and embedding matrices to enhance the ability of multi-label
zero-shot learning, such methods require analysis in real-
world scenarios. Nevertheless, these approaches fall short of
exploring the feature channels’ response to various classes
and only stay at the two-dimensional (H x W) level. Liu et
al. (Liu et al. 2023), starting from the perspective that ex-
cessive mining of spatial features will cause loss to im-
age semantics, creatively proposed to find inter-class rela-
tionships from the perspective of channel response. Chan-
nel responses can also be encoded into effective semantic
information in images, which greatly improves model effi-
ciency. Gupta et al. (Gupta et al. 2023) creatively extended
the GAN model of single-label zero-shot learning to a multi-
label environment. And the multi-label information is fused
at the attribute-level and feature-level respectively, and fi-
nally summarized at the cross-level.
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Figure 2: Pipeline of Epsilon. The feature representation of the image is first obtained through a pre-trained backbone network
that is frozen and cannot be updated. The image features are then applied to the Group Prompts Aggregation Module (GPA
Module), which represents local semantic generation, and the Global Forward Propagation Module (GFP Module), which
represents global diversity semantic generation. Finally, the output of the two modules is integrated to obtain the complete

semantics. (zoom in for a better view)

Methods
Preliminary Problem Setting

It is necessary to clearly define the purpose of the MLZSL.
Let the batch size be n, for the images input into the model
{I1,Y1),..., (I3, Y3) ..., (In, Yy)}, where I; is the i-th
image in the input training set, and the corresponding Y;
represents the label of the input image :. These labels in the
training set are also called ‘seen labels’. Like ZSL, MLZSL
does not overlap the labels of the training and testing sets in
terms of label distribution. Let’s define the set of all labels
in the dataset as C, the set of seen labels as C,, and the set of
unseen labels as C,,. The distribution relationship of labels
in the dataset can be described as C = C; U C,,. C is mainly
used for training sets, while C,, mainly appears during the
testing process. During the MLZSL testing process, for the
input image [, the output prediction result y, should be
Yu C Cy. In the generalized MLZSL task, the output predic-
tion result y,, must include ‘seen labels’, which is y,, C C.

Group Prompts Aggregation Module

In order to obtain finer-grained spatial features, an effective
semantic grouping of spatial features is performed. In this
section, we introduce the concept of feature grouping. The
specific structure of the model is shown in Figure 2. First,
for the input image I;, we obtain the corresponding feature
F; of the image through a pre-trained backbone network (in
this paper, we use the pre-trained ViT-B/16 model (Doso-
vitskiy et al. 2020) as an example.). Subsequently, we de-
signed several group prompts that can be updated, with the
number of group prompts being M. Here, M is one of the
hyper-parameters of the model, and we will discuss it in the
experimental session. In order to better group and aggregate
image features, we send the image features F; € REXNxD
and GT; € RBXMXD representing group prompts to the
encoder of Transformer model for aggregation, where NV is
the number of image tokens, D is the feature dimension of
the token. It should be noted here that the Transformer’s En-
coder can be updated. This is because we need the model it-
self to learn how to integrate features rather than just relying
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on updating the prompts themselves. The above processes
are expressed as:

Ti = [GTi; Fi, (D

GT? =E(T)[: M., )

Among them, [: M, :] represents the first M prompts out-
put, and E represents the encoder of the Transformer model.
GTZ»Q € REXMXD g the aggregated image feature we
obtained. However, the above operations can only roughly
group features.

In order to obtain more refined group features for sub-
sequent encoding of semantic information, we recombine
these updateable group prompts GTiQ with the original fea-

tures F;. Here, GTiQ serves as query and F; serves as key
and value. This step further refines the semantic information
of each group in order to complete visual-semantic projec-
tion locally.

3)

Among them, GrS; € REXMXD g the group semantic
vector, which is a clustering of local semantic information.

GrS; = softmax(FK - GTiQ) -FY

Global Forward Propagation Module

In existing methods, the extraction of global features is
rough. Most methods use the top-level features and design
some channel (or global) attention structures to achieve this.
The above approach ignores the diversity of global informa-
tion. In fact, the global information itself should have suf-
ficient information abundance to reflect its comprehensive-
ness. Therefore, we designed the Global Forward Propaga-
tion Module (GFP Module) to implement an extraction strat-
egy for richer global information. This new structural design
feeds existing global features into multiple modules respec-
tively and uses the personalized global weights obtained by
the modules to enhance global information from multiple
angles. The specific structure is shown in Figure 2. We first



encode the feature ' € REXNXD into M feature blocks,
respectively FG, FG?,--- | FGM € RBXN*D Then, M
identical modules are applied to each feature block. The
specific implementation process of the module is as fol-
lows: Taking FGM € RBXNXD a5 an example, we first
use a multi-layer perceptron (MLP) to re-represent the fea-
tures. Then, the features are fed into softmax to obtain the
weight representation of each feature point in the feature
map AM € RBEXN*D_ The reason for this operation is
that we need the GFP module to improve the diversity of
global features during the forward propagation process. At
the same time, we must also ensure that important global
information is given the necessary prominence. Therefore,
this personalized weight learning and structure design meets
our needs. After obtaining A, we perform a dot product
with the original input feature FG? . Then, all features are
summed to obtain the global semantics SM € RB*P corre-
sponding to FG,M . The above processes are expressed as:

wM =M(FG)), @)
AZM = softmax(WiM), 5)
SM — Sum(FGM . AM), (6)

Among them, - means the dot product operation. M means
the MLP structure. After obtaining all the global semantics
GoS; = S},...,SM, we use the concatenate operation to
combine GoS; and GrS; and get GS; € REXM*2D Thig
idea is mainly referred to Ben et al. (Ben-Cohen et al. 2021)
and Zhang et al. (Zhang, Gong, and Shah 2016), which both
use the principal vector of the image as the semantic in-
formation. Although our GFP module has some structural
similarities with the traditional channel attention model, our
distribution of weights is not limited to the channel dimen-
sion. In addition, since traditional attention models tend to
let the model learn a global weight distribution, this will
cause the global features of different images to lose diver-
sity. Our multi-head approach enriches this diversity.

After concatenating the semantic information, we pass a
Semantic Fuser, which is a linear layer that helps change
the length of the existing semantics so that it is the same as
the length of the class semantics in the semantic embedding
space, which facilitates the subsequent prediction process.
The process is expressed as below, where C refers to the
concat layer, and L refers to the linear layer:

GSZ = (C(GOS“ G’I’Sl), (7)

S; = L(GS;), ®)

Loss Function

Our loss function is inspired by (Zhang, Gong, and Shah
2016; Ben-Cohen et al. 2021). For each input image I;, the
semantic group of the corresponding image is S; € RM *dw
where d,, is the length of label embeddings. This semantic
vector group is used to predict unseen classes during the test-
ing process. Therefore, the basic calculation process of the
loss function includes the judgment of class similarity. It is
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necessary to try to improve the ranking of the classes that
appear in the input image and reduce the similarity ranking
of the classes that do not appear,

€))

where n; is the word vector of the seen classes that do not
appear, and py is the word vector of the seen classes that
appear in the input image. In order to maximize the distance
between classes that appear and those that do not, we use
the maximum value for calculation. At the same time, this
approach can ensure sufficient semantic diversity. Therefore,
one of the main components of the loss function, namely the
ranknet loss (Zhang, Gong, and Shah 2016), is shown in the
following function:

Lr=a) ) log(l+em),
7 k

where o = (|T| |T|)71. IT| and |T| denote the number
of seen classes that appear or not, respectively. The hyper-
parameter « is used to normalize the ranknet loss.

In addition, in order to reduce the difficulty of the model
in predicting hard-positive samples with a high diversity
of labels, we suggest introducing a new weight like (Ben-
Cohen et al. 2021). Due to the uniqueness of multi-label
tasks, each image contains a different number of labels.
When a large number of classes appear in the image, it is
necessary to make the model sensitive to label diversity and
have a tendency towards hard-positive tasks during the train-
ing process.

Tk = max (n;S;) — max (prS;) ,

(10)

w=1+Y var(Y;). a1
i

In addition, the loss function of the model introduces the

second main component, namely the regularized loss func-

tion. Its purpose is to construct correlations between input

semantic vectors.

Lyeg = ‘ > var(S) (12)
M 1
Finally, our complete loss function L is as follows:
1B
L= (@0 (1= NL(Si. i) + Moreg(S1)) . (13)
i=1

where ) is the weight of the regularized loss function, and
B is the batch size.

Experiments
Experimental Setup

Datasets: The NUS-Wide dataset (Chua et al. 2009) contains
approximately 270,000 images and a total of 1,006 labels.
Among them, 81 labels manually annotated by humans will
serve as labels for ‘unseen classes’. At the same time, these
labels will also serve as ‘ground-truth’ labels in the multi-
label classification task. The remaining 925 labels were au-
tomatically extracted from Flickr users’ manual annotations
of these images, where they will be used as labels for ‘seen



ZSL GZSL
Method K=3 k=S K=3 K=5
mAP — 1 PR 1l ™P 5 R® T P R TI

FastOTag (Zhang, Gong, and Shah 2016)  15.1  22.6 362 278 182 484 1264 37 188 83 115 159 117 135
Kim e al. (Kim, Jun, and Zhang 2018) 104 209 335 258 162 432 236 37 179 79 109 156 115 132
LESA ApC (Huynh and Elhamifar 2020) 129 200 319 246 157 419 229 26 104 46 64 91 67 17
LESA (Huynh and Elhamifar 2020) 194 257 411 316 197 525 287 56 236 104 144 198 146 168
BiAM (Narayan et al. 2021) 258 260 416 320 202 539 294 80 252 113 155 218 160 185
SDL (Ben-Cohen et al. 2021) 259 242 413 305 188 534 278 121 277 139 185 230 193 210
Gen-MLZSL (Gupta et al. 2023) 257 266 428 328 201 536 293 80 309 136 189 260 191 22.0
(ML)?P-Encoder (Liu et al. 2023) 294 - - 38 S0 33 102 - - 168 S0 192
Ours 332 311 417 356 249 527 338 147 328 131 187 281 188 225

Table 1: Comparison of different models for multi-label ZSL and GZSL tasks on the NUS-Wide dataset. The “P” refers to the
top-K “Precision” and “R” refers to the top-K “Recall”. The best results are shown in red, and the second are shown in blue.

classes’. This setting is similar with (Huynh and Elhami-
far 2020; Ben-Cohen et al. 2021). Another dataset is called
the Open-Images-V4 dataset, which is much larger than the
NUS-Wide dataset. This dataset contains approximately 9.2
million images, of which approximately 9 million are used
as the training set. The training set contains a total of 7,186
labels, ensuring that each label appears at least 100 times in
the training set. These will be considered as labels for ‘seen
classes’. In addition, the dataset also contains 125,456 test
images and 400 ‘unseen classes’ labels. These labels are de-
rived from the other 400 most frequent labels that did not ap-
pear in the training set, which appeared at least 75 times. The
setting of Open-Images-V4 dataset is similar with (Huynh
and Elhamifar 2020; Narayan et al. 2021).

Evaluation Metrics: In order to ensure the unbiased com-
parison and scientific evaluation of the metrics themselves
using our proposed method and comparison method, we
will use the two most commonly used evaluation metrics
in MLZSL and Multi-label Classification tasks, namely the
mean Average Precision (mAP) and F1-Score (Veit et al.
2017; Huynh and Elhamifar 2020). Among them, F1-Score
is the harmonic mean of the precision and recall. top-K F1-
Score is an evaluation metric used in classification tasks to
measure the accuracy of the model in predicting labels. mAP
is a class-wise evaluation indicator that is used to reflect the
accuracy of image image retrieval from unseen labels.
Implementation Details: As for the selection of backbone
network, we choose the pre-trained ViT-B/16 (Dosovitskiy
et al. 2020) as our backbone network. Unlike the compar-
ison method that uses multi-stage training, our method is
completely end-to-end training, saving a lot of training time
and making the model more concise. We choose the Adam
optimizer (Kingma and Ba 2014)as the model’s optimizer,
which is suitable for large-scale datasets and requires less
memory. The weight decay of the Adam optimizer is set to
4e~3. For the experiments of all the models in the NUS-
Wide dataset, the entire training process requires a total of
7 epochs with a batch size of 96, and the initial learning rate
is set to 1e~°, and then decreases by % at the 4-th epoch. In
the experiments of the Open-Images-V4 dataset, the number
of epochs in the training process is set to 7. This is con-
sistent with the settings for other comparison methods. Our
optimizer’s decay rate, model’s learning rate, and batch size
remain the same.

Baselines: In terms of baseline methods, we need to com-
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pare our proposed new model with all state-of-the-art
MLZSL models based on deep neural networks in recent
years. The baseline method covers all research directions,
including but not limited to attention mechanism, principal
direction of feature vectors, etc. These comparison methods
include: FastOTag (Zhang, Gong, and Shah 2016), Kim et
al. (Kim, Jun, and Zhang 2018), LESA Attention per Clus-
ter (Huynh and Elhamifar 2020), LESA (Huynh and Elham-
ifar 2020), BiAM (Narayan et al. 2021), SDL (Ben-Cohen
et al. 2021), Gen-MLZSL (Gupta et al. 2023), and (ML)?P-
Encoder (Liu et al. 2023).

MLZSL Performance for Epsilon

We show the performance of both ZSL and GZSL tasks in
Table 1. Firstly, for LESA (Huynh and Elhamifar 2020) and
BiAM (Narayan et al. 2021), as two models with the help of
spatial attention mechanism, they are inspired by the multi-
label classification methods, and they pay attention to the
attention sharing between labels and the personalized atten-
tion mechanism respectively, have made enough progress.
SDL (Ben-Cohen et al. 2021) has a certain hard split on the
principal vector compared with FastOTag (Zhang, Gong, and
Shah 2016), which objectively improves the multi-label per-
formance. However, (ML)?P-Encoder (Liu et al. 2023) starts
from the perspective of the channel and uses the response
for semantic encoding, achieving sub-optimal results in the
two main indicators of F1-Score and mAP. Judging from the
results of the GZSL task, SDL (Ben-Cohen et al. 2021) uses
image principal vectors to generate more generalized seman-
tics, which has absolute advantages in the GZSL environ-
ment. However, due to the design of Group Prompts, our
method also learns sufficient semantic information through
training. At the same time, more comprehensive global se-
mantics also help us obtain more generalized image infor-
mation, which greatly improves the ZSL and GZSL perfor-
mance of the model, whether X' = 3 or K = 5.

Table 2 shows the performance of ours and other com-
petitive methods on the Open-Images-V4 test-set. For fair-
ness, we keep the same training epoch as the comparison
method. In the ZSL task, due to the limited number of ZSL
labels contained in most samples, the precision indicators
of all methods are low. However, our model still achieves
relatively the best results, both in terms of precision and re-
call. In the scenario of this data set, it can be seen that the
performance of LESA and BiAM has dropped significantly



ZSL GZSL
Method K=10 R=20 K=10 R=20
mAP R FI P R Fi ™P 55— T P R FI

FastOTag (Zhang, Gong, and Shah 2016) 412 03 126 07 03 213 06 452 148 173 160 93 215 130
LESA ApC (Huynh and Elhamifar 2020) 407 0.6 229 12 04 324 09 449 157 183 169 96 223 135
LESA (Huynh and Elhamifar 2020) 417 07 256 14 05 374 10 454 162 189 174 102 239 143
BiAM (Narayan et al. 2021) 628 23 178 41 20 310 37 796 164 189 176 109 250 151
SDL (Ben-Cohen et al. 2021) 629 61 470 107 44 681 83 753 353 408 378 236 545 329
Gen-MLZSL (Gupta et al. 2023) 430 13 424 25 11 521 22 755 336 389 361 228 528 319
(ML)?P-Encoder (Liu et al. 2023) 65.7 - - 7.5 - - 6.5 79.9 - - 27.6 - - 24.1
Ours 685 7.7 532 135 47 643 88 810 372 418 394 249 572 347

Table 2: Comparison of different models for multi-label ZSL and GZSL tasks on the Open-Images-V4 dataset. The “P” refers
to the top-K “Precision” and “R” refers to the top-K “Recall”. Best results are shown in red, and the second are shown in blue.

compared with SDL. This is mainly because as the total
number of labels increases, the model’s demand for gen-
eralization performance also increases. This is what tradi-
tional multi-label classification models lack and, therefore,
perform poorly. The most difficult situation occurs in GZSL,
where the number of labels that need to be predicted reaches
around 5,000, which is undoubtedly a severe challenge to
the model. In this case, our mAP is still the best. In terms of
F1-Score performance, we are still 1.6% and 1.8% ahead of
SDL, respectively.

14.5
32
14.0
30 13.5
13.0
28
0 10 20 30 0 10 20 30
M (ZSL mAP) M (GZSL mAP)
(@) M
33| 14.5
32- 14.0
31 13.5
30, 13.0
12.5
29-
0.25 0.50 0.75 12.0 0.25 0.50 0.75
A (ZSL mAP) A (GZSL mAP)

(b) Weights A

Figure 3: Hyper-parameter selection. All the experiments
are performed on the NUS-Wide test-set.

Hyper-Parameters and Ablation Study

Hyper-Parameters: In terms of hyper-parameter selection,
our model has two hyper-parameters, M and A, as shown in
the figure. First of all, we focus on the number of groups M.
It can be seen that the model we designed does not mean that
the larger the M, the better the performance. This is because
once the features are grouped into too many prompts, the se-
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Model a b c d e f ours
Backbone Only | v/ v
+GPA Module v v v
+GFP Module v v v
M=8 | Vv v v v
M=2 v v v
ZSL | 28.6 279 324 30.7 31.8 305 | 33.2
mAP  G7SL | 108 106 132 125 136 128 | 147

Table 3: Ablation study results. It shows the contribution
of the different modules in Epsilon. All the models are per-
formed on the test-set of the NUS-Wide.

mantic information will be extremely scattered, which will
lead to the decline of mAP results. But when the number of
M is too small, the semantic diversity cannot be protected.
Thus, the semantic output is not comprehensive. Therefore,
it can be seen from the experimental results that the model
can achieve relatively best results when M is 8. For another
hyper-parameter A\, we also conducted experimental verifi-
cation. It can be seen that when A = 0.1, the loss function of
the model mostly includes £, and L,..4 has the weakest in-
fluence on the loss function. When A = 0.9, the loss function
of the model mostly contains the regular term L,..4. From
the perspective of the mAP results caused by the change of
A, adding the regularization term appropriately will help the
convergence of the model. From the observation in Figure 3
(b), we can discover that when A = 0.3, the model can ob-
tain relatively optimal results.

Ablation Study: In order to verify the effectiveness of each
module of our method and to test the integrity of the method,
we designed an ablation study experiment. By comparing
models ‘a’ and ‘b’, ‘¢’ and ‘d’, and ‘e’ and ‘f’, we can find
that the impact of changing hyper-parameter M will not be
affected by changes in the model structure. The experimen-
tal results of the model when M = 8§ are always stronger
than those when M = 2. In addition, through horizontal
comparison, we will find that the addition of each module
has a positive effect on the performance improvement of
the model’s ZSL and GZSL tasks. But they each have their
areas of expertise. For example, we can compare the im-
provements brought by the GPA module and the GFP mod-
ule to the model between ‘c’ and ‘e’. We can observe that
the GPA module is obviously more beneficial to the ZSL
task, while GFP is better at handling the GZSL task. This
is because global features generally have stronger general-
ization capabilities than local group aggregation of features,



Method P(K=3) R(K=3) F1(K=3) P(K=5) R(K=5) F1(K=5) | mAP
Logistic 46.1 57.3 51.1 34.2 70.8 46.1 21.6
WARP 49.1 61.0 54.4 36.6 75.9 49.4 3.1

WSABIE 48.5 60.4 53.8 36.5 75.6 49.2 3.1

Fast0Tag 48.6 60.4 53.8 36.0 74.6 48.6 224
CNN-RNN 49.9 61.7 55.2 37.7 78.1 50.8 28.3
One Attention per Label 51.3 63.7 56.8 38.0 78.8 51.3 32.6
One Attention per Cluster (M = 10) 51.1 63.5 56.6 37.6 77.9 50.7 31.7
LESA M =10) 523 65.1 58.0 38.6 80.0 52.0 315
BiAM - - 59.6 - - 534 47.8
(ML)?P-Encoder - - 59.8 - - 53.8 48.0
Ours 56.3 70.0 62.4 41.5 86.0 55.9 61.1

Table 4: Models comparison on NUS-Wide dataset under the task of Multi-label Classification. Best results are shown in bold.

which is why SDL (Ben-Cohen et al. 2021) is slightly bet-
ter than BiAM (Narayan et al. 2021) in GZSL performance.
However, local semantics is more effective for learning seen
classes, so the ZSL performance of GPA is stronger than the
GFP module. From the final results, we clearly know that
the best results are produced when the two modules act on
the model at the same time.

Multi-Label Classification

As a prediction model, we need to accurately classify seen
classes to realize the prediction of unseen classes. Therefore,
the multi-label classification ability of the model is also im-
portant. Table 4 shows the performance of our model under
multi-label learning. For comparison, we added some classic
multi-label classification algorithms, including Logistic Re-
gression (Tsoumakas and Katakis 2007), WSABIE (Weston,
Bengio, and Usunier 2011), WARP (Gong et al. 2013) and
CNN-RNN (Wang et al. 2016), and some MLZSL models.
We can see from the experimental results that our method
has achieved the best results compared with the traditional
multi-label learning model in both F1-Score and mAP.
Compared with BiAM (Narayan et al. 2021) and (ML)?P-
Encoder (Liu et al. 2023), the current best-performing meth-
ods in MLZSL, our model still has considerable advantages.
This is because, compared with BiAM, our model acquires
richer semantic information and has a stronger ability to in-
tegrate class features, which can significantly improve the
model’s classification ability.

Qualitative Performance

Our model’s qualitative performance is shown in Figure 4.
For the input image, the label output by the model includes
not only seen labels but also unseen labels. Scene semantics
is more about the model’s perception of global information.
In the first picture, humans do not realize that it is a boat
sailing on the sea at first glance. However, the model first
recognized ‘boat’ and ‘blue’, and then other classes related
to its semantics were also easily predicted. In the second
picture, judging from the scene information, our model can
accurately locate the scene as an aircraft. The scene infor-
mation in the third picture is more complex, but the model
can still recognize ‘water’ and even abstract classes such as
‘Canada’. The above three pictures clearly show that global
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semantic diversity gives the model more perspectives to in-
terpret global information. Detailed features rely more on
the integration of local semantics. The fourth image accu-
rately identifies the character’s gender and identifies him as
an actor based on his face and clothing. The success of the
above identifications undoubtedly reflects that our model is
very effective in both the expression of global semantics and
the aggregation of local semantics.

boat flight
blue airplane
submarine jet
explore aviation
sail aircraft
sea *plane*
navy *airport*
vacation flying
*reflection* airplanes
——— ship e air
wave actor
¥ awesome portrait
breathtaking model
waves film
canada movie
# landscape artist
*water® portraits
A nature stars
*sky* *person*
travel male

Figure 4: Top-10 labels predicted by Epsilon in the case
of Generalized MLZSL on NUS-Wide dataset. The asterisk
marks indicate unseen labels, while the bold ones indicate
successfully predicted seen and unseen labels.

Conclusion

This paper designs Epsilon to solve the problem of the lack
of integrity of local features and rough processing of global
features, resulting in the loss of visual-semantic comprehen-
siveness. In response to the above problems, we first de-
signed the GPA module to improve the integrity of local se-
mantic information by grouping and aggregating spatial fea-
tures. Then, the GFP module will be used to obtain more di-
verse and comprehensive global features. Finally, the global
and local features are combined as complete semantic in-
formation of an image for training. On two publicly avail-
able large MLZSL datasets NUS-Wide and Open-Images-
V4, our experimental results far outperform other state-of-
the-art models.
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