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Abstract
Training the multi-label image recognition models with par-
tial labels, in which merely some labels are known while
others are unknown for each image, is a considerably chal-
lenging and practical task. To address this task, current algo-
rithms mainly depend on pre-training classification or simi-
larity models to generate pseudo labels for the unknown la-
bels. However, these algorithms depend on sufficient multi-
label annotations to train the models, leading to poor per-
formance especially with low known label proportion. In
this work, we propose to blend category-specific representa-
tion across different images to transfer information of known
labels to complement unknown labels, which can get rid
of pre-training models and thus does not depend on suffi-
cient annotations. To this end, we design a unified semantic-
aware representation blending (SARB) framework that ex-
ploits instance-level and prototype-level semantic represen-
tation to complement unknown labels by two complementary
modules: 1) an instance-level representation blending (ILRB)
module blends the representations of the known labels in an
image to the representations of the unknown labels in another
image to complement these unknown labels. 2) a prototype-
level representation blending (PLRB) module learns more
stable representation prototypes for each category and blends
the representation of unknown labels with the prototypes of
corresponding labels to complement these labels. Extensive
experiments on the MS-COCO, Visual Genome, Pascal VOC
2007 datasets show that the proposed SARB framework ob-
tains superior performance over current leading competitors
on all known label proportion settings, i.e., with the mAP im-
provement of 4.6%, 4.6%, 2.2% on these three datasets when
the known label proportion is 10%. Codes are available at
https://github.com/HCPLab-SYSU/HCP-MLR-PL.

Introduction
Multi-label image recognition (MLR) (Chen et al. 2019d,b;
Wu et al. 2020), which aims to find out all semantic labels
from the input image, is a more challenging and practical
task compared with the single-label counterpart. Due to the
complexity of the input images and output label spaces, col-
lecting a large-scale dataset with complete multi-label an-
notation is extremely time-consuming. To deal with this is-
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Figure 1: An MLR image with complete labels [a], partial
labels [b], in which 1 represents the corresponding category
exists, -1 represents it does not exist, and 0 represents it is
unknown.

sue, recent works tend to study the task of multi-label image
recognition with partial labels (MLR-PL), in which merely a
few positive and negative labels are provided whereas other
labels are unknown (see Figure 1). MLR-PL is more practi-
cal to real-world scenarios because it does not require com-
plete multi-label annotations for each image.

Previous works (Sun et al. 2017; Joulin et al. 2016) simply
ignore the unknown labels or treat them as negative, and they
adopt traditional MLR algorithms to address this task. How-
ever, it may lead to poor performance because it either loses
some annotations or even incurs some incorrect labels. More
recent works (Durand, Mehrasa, and Mori 2019; Huynh and
Elhamifar 2020) propose to train classification or similarity
models with given labels, and use these models to gener-
ate pseudo labels for the unknown labels. Despite achieving
impressive progress, these algorithms depend on sufficient
multi-label annotation for model training, and they suffer
from obvious performance drop if decreasing the known la-
bel proportion to a small level.

Fortunately, a specific label c that is unknown in one im-
age In may be known in another image Im. We can extract
the information of label c from image Im, blend this infor-
mation to image In, and in this way complement the un-
known label c for image In. Previous works (Zhang et al.
2017) utilize mixup algorithm to blend two images and gen-
erate a new image with semantic information from both
images to help regularize training single-label recognition
models. However, a multi-label image generally has multi-
ple semantic objects scattering over the whole image, and
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simply blending two images lead to confusing semantic in-
formation. In this work, we design a unified semantic-aware
representation blending (SARB) framework that learns and
blends category-specific feature representation to comple-
ment the unknown labels. This framework does not depend
on pre-trained models, and thus it can perform consistently
well on all known label proportion settings.

Specifically, we first introduce a category-specific repre-
sentation learning (CSRL) module (Chen et al. 2019b; Ye
et al. 2020) that incorporates category semantics to guide
generating category-specific representations. An instance-
level representation blending (ILRB) module is designed to
blend the representations of the known label c in one image
Im to the representations of the corresponding unknown la-
bel c in another image In. In this way, image In can also
contain the information of label c and thus this label is com-
plemented. This module can generate diverse blended repre-
sentations to facilitate the performance but these diverse rep-
resentations may also lead to unstable training. To solve this
problem, a prototype-level representation blending (PLRB)
module is further proposed to learn more robust representa-
tion prototypes for each category and blend the represen-
tation of unknown labels with the prototypes of the cor-
responding categories. In this way, we can simultaneously
generate diverse and stable blended representations to com-
plement the unknown labels and thus facilitate the MLR-PL
task.

The contributions of this work are summarized into three
folds: 1) We propose a semantic-aware representation blend-
ing (SARB) framework to complement unknown labels. It
does not depend on pre-trained models and performs con-
sistently well on all known label proportion settings. 2) We
design the instance-level and prototype-level representation
blending modules that generate diverse and stable blended
feature representation to complement unknown labels. 3) We
conduct extensive experiments on several large-scale MLR
datasets, including Microsoft COCO (Lin et al. 2014), Vi-
sual Genome (Krishna et al. 2016) and Pascal VOC 2007
(Everingham et al. 2010), to demonstrate the effectiveness of
the proposed framework. We also conduct ablative studies to
analyze the actual contribution of each module for profound
understanding.

Related Work
MLR with Complete/Partial Labels. Multi-label image
recognition receives increasing attention in the computer vi-
sion community due to its wide application to scene recog-
nition (Chen et al. 2019a; Zhang et al. 2020; Liu, Wu, and
Lin 2015), human attribute recognition (Guo et al. 2019;
Zhu et al. 2017; Chen et al. 2021b), etc. Previous works de-
pend on object localization technology (Wei et al. 2016) or
visual attention mechanism (Wang et al. 2017; Chen et al.
2018b) to discover discriminative regions and enhance fea-
ture representation to facilitate classification. Considering
the guidance of semantics to visual representation learning
(Chen et al. 2021a), recent works further introduce category
semantics to help learn category-specific discriminative re-
gions (Chen et al. 2019b; Wu et al. 2020), e.g., Semantic De-
coupling (SD) module (Chen et al. 2019b; Wu et al. 2020),

Semantic Attention Module (SAM) (Ye et al. 2020) and
Class Activation Maps (CAM) (Gao and Zhou 2021). On the
other hand, label correlations exist commonly among differ-
ent categories and these correlations are also important for
multi-label recognition. Recent works resort to graph neural
networks (Abadal et al. 2022; Chen et al. 2020a) to explicitly
model these correlations to learn contextualized feature rep-
resentation to facilitate multi-label recognition (Chen et al.
2019d,b; Wu et al. 2020; Ye et al. 2020; Chen et al. 2020b).

Training traditional multi-label image recognition models
depends on large-scale datasets with complete annotations
per image. To reduce the annotation cost, the current effort
(Durand, Mehrasa, and Mori 2019; Huynh and Elhamifar
2020) is dedicated to the MLR-PL task, in which merely
a few labels are known while the others are known for each
image. Earlier works (Sun et al. 2017; Joulin et al. 2016) for-
mulate MLR as multiple binary classifications, and simply
ignore missing labels or treat missing labels negative. Then,
they train traditional multi-label models for this task, which
leads to poor performance because they lose some data or
even incur noisy labels. Inversely, more recent works tend
to generate pseudo labels. For example, Durand et al. (Du-
rand, Mehrasa, and Mori 2019) pre-train classification mod-
els with the given annotations and generate pseudo labels
for the unknown labels based on the trained models. Then,
they use both the given and updated labels to re-train the
models. Huynh et al. (Huynh and Elhamifar 2020) propose
to learn image-level similarity models to generate pseudo
labels and progressively re-train the model similarly. How-
ever, these algorithms rely on sufficient multi-label annota-
tions for model training, leading to poor performance when
the known label proportions decrease to a low level.

Different from all these algorithms, our SARB framework
learns and blends category-specific feature representation
across different images to complement the unknown labels.
It gets rid of pre-training models and can obtain consistently
well performance on all known label settings.
Blending Regularization. Mixup (Zhang et al. 2017; Yun
et al. 2019; Kim, Choo, and Song 2020) is recently proposed
to blend two input images thus as to generate more diverse
samples to regularize training. As a pioneer work, Zhang et
al. (Zhang et al. 2017) directly perform pixel-wise blend-
ing between two images and it can obtain quite an impres-
sive improvement for single-label image recognition. Cut-
mix (Yun et al. 2019) further proposes to randomly cut one
region from an image and paste it to another image to gener-
ate new samples. Despite achieving impressive performance,
these algorithms are very difficult to apply to the multi-label
recognition scenarios, because a multi-label image inher-
ently possesses multiple semantic objects scattering over the
whole image, and simply blending two images may generate
disturbed and confusing information.

Different from the mixup algorithm, the SARB frame-
work proposes to learn and blend category-specific represen-
tation, in which the blending is performed between two rep-
resentation vectors that belong to the same category. In this
way, we can utilize the semantic representation of known
labels to complement the representation of the unknown la-
bels, and thus to complement these unknown labels.
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Figure 2: An overall illustration of the proposed semantic-aware representation blending (SARB) framework. It consists of
the ILRB and PLRB modules that perform instance-level and prototype-level representation blending to complement unknown
labels. The classifier φ is shared.

Semantic-aware Representation Blending
Overview
In this section, we introduce the proposed SARB framework
that consists of two complementary modules that perform
instance-level and prototype-level representation blending
to complement unknown labels, i.e., the ILRB and PLRB
modules. The ILRB module blends the semantic representa-
tions of known labels in one image to the presentations of
the unknown labels in another image to complement these
unknown labels. Meanwhile, the PLRB module learns rep-
resentation prototypes for each category and blends the rep-
resentation of the unknown labels of the training image with
the corresponding prototypes to complement these unknown
labels. Finally, both the ground truth and complemented la-
bels are used to train the multi-label models. Figure 2 illus-
trates an overall pipeline of the proposed framework.

Given a training image In, we utilize a backbone network
to extract the global feature maps fn, and then introduce
a category-specific representation learning (CSRL) module
that incorporates category semantics to generate category-
specific representation

[fn1 , f
n
2 , · · · , f

n
C ] = φcsrl(fn), (1)

where C is the category number. There are different algo-
rithms to implement the CSRL module, including semantic
decoupling proposed in (Chen et al. 2019b) and semantic at-
tention mechanism proposed in (Ye et al. 2020). Then we
follow previous work (Chen et al. 2019b,c, 2018a, 2021b) to
use a gated neural network and a linear classifier followed by

a sigmoid function to compute the probability score vectors

[sn1 , s
n
2 , · · · , snC ] = φ([fn1 , f

n
2 , · · · , f

n
C ]). (2)

Based on the learned category-specific semantic representa-
tion, the ILRB and PLRB modules are used to complement
the feature representation of the unknown labels. We intro-
duce these two modules in the following.

Instance-Level Representation Blending
Intuitively, an unknown label c in image In may be known
in another image Im. The ILRB module aims to blend the
information of label c in image Im to image In, and thus im-
age In can also have the known label c. To achieve this end,
we blend the representations that belong to the same cate-
gory and from different images to transfer the known labels
of one image to the unknown labels of the other image.

Formally, given two training images In and Im, whose
learned semantic representation vectors are [fn1 , f

n
2 , · · · , f

n
C ]

and [fm1 , f
m
2 , · · · , f

m
C ], and label vectors are yn =

{yn1 , yn2 , · · · , ynC} and ym = {ym1 , ym2 , · · · , ymC }, we blend
the semantic representations and labels for each category.
For category c, the blending process can be formulated as

f̂
n

c =

{
αfnc + (1− α)fmc ync = 0, ymc = 1,

fnc otherwise,
(3)

ŷnc =

{
1− α ync = 0, ymc = 1,

ync otherwise,
(4)
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where α is the learnable parameter and its initial value is
set to 0.5. We repeat the above blending process for all cat-
egories, and reformulate them as matrix operations for effi-
cient computing

F̂
n
= AFn + (1−A)Fm, (5)

ŷn = Ayn + (1−A)ym, (6)
where A = [α1, α2, · · · , αC ] is a parameter vector; Fn =
[fn1 , f

n
2 , · · · , fnC ] and Fm = [fm1 , f

m
2 , · · · , f

m
C ] are the fea-

ture matrices for all categories of image n and m; F̂
n

=

[̂f
n

1 , f̂
n

2 , · · · , f̂
n

C ] and ŷn = [ŷn
1 , ŷ

n
2 , · · · , ŷ

n
C ] are the blended

semantic representation and label matrix. Then, we use a
gated graph neural network and linear classifier followed by
sigmoid function to compute the probability score vector ŝn.

Prototype-Level Representation Blending
Although the ILRB module can obviously improve the per-
formance, it may disturb the training process because it gen-
erates many diverse blended representation for training, es-
pecially when the known label proportion is low. To deal
with this issue, we further design a PLRB module that learns
to generate more stable representation prototypes for each
category and blend the representation of unknown labels in
image In with the prototypes of corresponding categories.

The prototypes are used to describe the overall represen-
tation of the corresponding category. For each category c,
we first select all the images that have the known label c,
and then extract the representations of this category, result-
ing in the feature vectors [f1c , f

2
c , · · · , f

Nc
c ]. Then, we simply

use the K-means algorithm to cluster these feature vectors
into K prototypes, i.e., Pc = [p1

c , p2
c , ..., pK

c ].
It is expected that the representations of the same category

is similar, and thus it can learn more compact distribution to
better compute the prototypes for each category. To achieve
this end, we utilize contrastive loss for increasing the simi-
larity between fnc and fmc if images n and m have the same
existing category c, and decreasing the similarity otherwise.
Thus, it can be formulated as

`n,mc =

{
1− cosine(fnc , f

m
c ) ync = 1, ymc = 1,

1 + cosine(fnc , f
m
c ) otherwise,

(7)

where cosine(·, ·) represents a function that computes the
cosine similarity between the input. The final contrastive
loss can be formulated as

Lcst =
N∑

n=1

N∑
m=1

C∑
c=1

`n,mc . (8)

Given an input image In whose learned semantic rep-
resentation vectors [fn1 , f

n
2 , · · · , f

n
C ] and corresponding label

vectors yn = {yn1 , yn2 , · · · , ynC}, we randomly select a label
c that is unknown, then randomly select a prototype from Pc

and blend it with the representation of label c, formulated as

f̃
n

c =

{
βfnc + (1− β)pk

c c = random({c|ync = 0})
fnc otherwise,

(9)

ỹnc =

{
1− β c = random({c|ync = 0})
ync otherwise,

(10)

where β is a also learnable parameter, and it is initialized
as 0.5; random()̇ represents a random sampling function
which means we randomly choose one unknown category
to blend semantic representation per image; k is randomly
sampled in [1, ...,K] and obeys uniform distribution. We re-
peat the above blending process for all categories, and refor-
mulate them as matrix operations for efficient computing:

F̃
n
= BFn + (1−B)Pk, (11)

ỹn = Byn + (1−B), (12)

where B = [β1, β2, · · · , βC ] is a parameter vector; Fn =

[fn1 , f
n
2 , · · · , fnC ] and Pk = [pk

1 , pk
2 , · · · , pk

C ] are the fea-
ture matrices for all categories of image n and prototype k;
F̃
n

= [̃f
n

1 , f̃
n

2 , · · · , f̃
n

C ] and ỹn = [ỹn
1 , ỹ

n
2 , · · · , ỹ

n
C ] are the

blended semantic representation and label matrix. Then, we
use a gated graph neural network and linear classifier fol-
lowed by the sigmoid function to compute the probability
score vector s̃n.

Optimization
Following previous works, we utilize the partial binary cross
entropy loss as the objective function for supervising the
network. In particular, given the predicted probability score
vector sn = {sn1 , sn2 , · · · snC} and the ground truth of known
labels, the objective function can be defined as

`(yn, sn) =
1∑C

c=1 |ync |

C∑
c=1

[1(ync = 1) log(snc )

+ 1(ync = −1) log(1− snc )],

(13)

where 1[·] is an indicator function whose value is 1 if the
argument is positive and is 0 otherwise.

Similarly, we adopt the partial binary cross entropy loss
as the objective function for supervising the ILRB module
and PLRB module, i.e., `(ŷn, ŝn) and `(ỹn, s̃n). Therefore,
the final classification loss is defined as summing the three
losses over all samples, formulated as

Lcls =

N∑
n=1

[`(yn, sn) + `(ŷn, ŝn) + `(ỹn, s̃n)]. (14)

Finally, we sum over the classification and contrastive
losses of all samples to obtain the final loss, formulated as

L = Lcls + λLcst. (15)

Here, λ is a balance parameter that ensures the contrastive
loss Lcst has a comparable magnitude with the classification
loss Lcls. Since Lcst is much larger than Lcls, we set λ to
0.05 in the experiments.

Experiments
Experimental Setting
Implementation Details For fair comparison, we follow
previous work to adopt the ResNet-101 (He et al. 2016) as
the backbone to extract global feature maps. We initialize its
parameters with those pre-trained on the ImageNet (Deng
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et al. 2009) dataset while initializing the parameters of all
newly-added layers randomly. We fix the parameters of the
previous 91 layers of ResNet-101, and train the other lay-
ers in an end-to-end manner. During training, we use the
Adam algorithm (Kingma and Ba 2015) with a batch size
of 16, momentums of 0.999 and 0.9, and a weight decay of
5× 10−4. We set the initial learning rate as 10−5 and divide
it by 10 after every 10 epochs. It is trained with 20 epochs
in total. For data augmentation, the input image is resized
to 512×512, and we randomly choose a number from {512,
448, 384, 320, 256} as the width and height to crop patch.
Finally, the cropped patch is further resized to 448×448. Be-
sides, random horizontal flipping is also used. To stabilize
the training process, we start to use the ILRB and PLRB
modules at epoch 5, and re-compute prototypes of each cat-
egory for every 5 epochs. During inference, the ILRB and
PLRB modules are removed, and the image is resized to
448×448 for evaluation.

Dataset We conduct experiments on the MS-COCO (Lin
et al. 2014), Visual Genome (Krishna et al. 2016), and Pascal
VOC 2007 (Everingham et al. 2010) datasets for fair com-
parison. MS-COCO covers 80 daily-lift categories, which
contains 82,801 images as the training set and 40,504 im-
ages as the validation set. Pascal VOC 2007 contains 9,963
images from 20 object categories, and we follow previous
works to use the trainval set for training and the test set for
evaluation. Visual Genome contains 108,249 images from
80,138 categories, and most categories have very few sam-
ples. In this work, we select the 200 most frequent categories
to obtain a VG-200 subset. Moreover, since there is no train/-
val split, we randomly select 10,000 images as the test set
and the rest 98,249 images are used as the training set. The
train/test set will be released for further research.

Since all the datasets have complete labels, we follow the
setting of previous works (Durand, Mehrasa, and Mori 2019;
Huynh and Elhamifar 2020) to randomly drop a certain pro-
portion of positive and negative labels to create partially an-
notated datasets. In this work, the proportions of dropped
labels vary from 90% to 10%, resulting in known labels pro-
portion of 10% to 90% .

Evaluation Metric For a fair comparison, we adopt the
mean average precision (mAP) over all categories for eval-
uation under different proportions of known labels. And we
also compute average mAP over all proportions for a more
comprehensive evaluation. Moreover, we follow most previ-
ous MLR works (Chen et al. 2019b) to adopt the overall and
per-class precision, recall, F1-measure (i.e., OP, OR, OF1,
CP, CR, and CF1) for more comprehensive evaluation. We
present the formulas of these metrics and detailed results in
the supplementary material due to the paper limit.

Comparison with the State-of-the-art Algorithms
To evaluate the effectiveness of the proposed SARB frame-
work, we compare it with both the conventional MLR and
current MLR-PL algorithms:
1) Conventional MLR Algorithms: semantic-specific graph
representation learning (SSGRL) (Chen et al. 2019b), multi-
label image recognition graph convolution network (GCN-

ML) (Chen et al. 2019d), knowledge-guided graph routing
(KGGR) (Chen et al. 2020b). Through exploring label de-
pendencies or capturing semantic information, these meth-
ods achieve state-of-the-art performance on the traditional
MLR task. For fair comparisons, we adapt these methods to
address the MLR-PL task by replacing BCE loss with partial
BCE loss.
2) Current MLR-PL Algorithms: partial binary cross entropy
loss (partial-BCE) (Durand, Mehrasa, and Mori 2019), Cur-
riculum Labeling (Durand, Mehrasa, and Mori 2019). It is
worth noting that partial-BCE not only is easy to implement
but also achieves state-of-the-art performance on the MLR-
PL task.

Performance on MS-COCO We first present the perfor-
mance comparisons on MS-COCO in Table 1 and Figure
3(a). Our SARB framework obtains the overall best perfor-
mance over current state-of-the-art algorithms. As shown
in Table 1, it achieves the average mAP, OF1, and CF1 of
77.9%, 76.5%, and 72.2%, outperforming the previous best-
performing KGGR algorithm by 2.3%, 2.8%, and 2.5%,
respectively. As shown in Figure 3(a), the SARB frame-
work also achieves better mAP over all known label pro-
portion settings. It is noteworthy that the SARB framework
obtains more obvious performance improvement when de-
creasing the known label proportions. For example, the mAP
improvements over the previous best KGGR algorithm are
1.4% and 4.6% when using 90% and 10% known labels, re-
spectively. These comparisons demonstrate that the SARB
framework can be adapted to different proportion settings as
it does not depend on pre-trained models.

Performance on VG-200 As previously discussed, VG-
200 is a more challenging benchmark that covers much more
categories. Thus, current works achieve quite poor perfor-
mance. As shown in Table 1, the previous best-performing
KGGR algorithm obtains the average mAP, OF1, and CF1 of
41.5%, 41.2%,and 33.6%. In this scenario, our SARB frame-
work exhibits much more obvious performance improve-
ment. Its average mAP, OF1, and CF1 are 45.6%, 45.0%,
and 37.4%, outperforming the KGGR algorithm by 4.1%,
3.8%, and 3.8%. We also present the mAP comparisons over
different known proportion settings in Figure 3(b). Com-
pared with current algorithms, we find that our framework
achieves the mAP improvement of more than 3.3% on all
known label proportion settings.

Performance on Pascal VOC 2007 Pascal VOC 2007
is the most widely used dataset for evaluating multi-label
image recognition. Here, we also present the performance
comparisons on this dataset in Table 1 and Figure 3(c). As
this dataset covers merely 20 categories, it is a much sim-
pler dataset and current algorithms can also achieve quite
well performance. However, our SARB framework can still
achieve consistent improvement. As shown, it improves the
average mAP, OF1, and CF1 by 0.7%, 0.5%, and 1.1%. In
addition, it exhibits a similar phenomenon that the mAP im-
provement is more obvious when using the fewer known la-
bels, with 0.4% and 2.8% mAP improvement using 90% and
10% known label proportions as shown in Figure 3(c).
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Figure 3: The mAP of our SARB framework and current state-of-the-art competitors on the settings of known label proportions
of 10% to 90% on the MS-COCO (left), VG-200 (middle) and Pascal VOC 2007 (right) datasets. Best viewed in color.

Datasets Methods Avg. mAP Avg. OP Avg. OR Avg. OF1 Avg. CP Avg. CR Avg. CF1

MS-COCO

SSGRL 74.1 86.3 64.8 73.9 82.1 58.4 68.1
GCN-ML 74.4 85.2 64.2 73.1 81.8 58.9 68.4

KGGR 75.6 84.0 65.6 73.7 81.4 60.9 69.7
Curriculum labeling 60.7 87.8 51.0 61.9 60.9 40.4 48.3

partial-BCE 74.7 86.7 64.7 74.0 83.1 58.9 68.8
Ours 77.9 86.6 68.6 76.5 82.9 64.1 72.2

VG-200

SSGRL 39.7 69.9 25.9 37.8 45.3 18.3 26.1
GCN-ML 39.3 64.1 28.2 38.7 44.6 18.2 25.6

KGGR 41.5 64.5 30.5 41.2 54.8 25.8 33.6
Curriculum labeling 28.4 66.4 15.4 23.6 20.4 7.6 10.9

partial-BCE 39.8 69.7 24.6 36.1 44.3 18.1 25.7
Ours 45.6 70.1 33.2 45.0 56.8 27.8 37.4

Pascal VOC 2007

SSGRL 89.5 91.2 84.4 87.7 87.8 81.4 84.5
GCN-ML 88.9 92.2 83.0 87.3 89.7 80.1 84.6

KGGR 89.7 90.5 82.9 86.5 88.5 81.4 84.7
Curriculum labeling 84.1 92.7 78.2 83.8 79.5 71.7 75.4

partial-BCE 90.0 91.8 84.3 87.9 88.8 81.3 84.8
Ours 90.7 93.0 83.6 88.4 90.4 81.1 85.9

Table 1: Average mAP, OP, OR, OF1 and CP, CR, CF1 of the proposed SARB framework and current state-of-the-art competi-
tors for multi-label recognition with partial labels on the MS-COCO, VG-200 and Pascal VOC 2007 datasets. The best results
are highlighted in bold.

Ablative Studies
In this section, we conduct ablative studies to analyze the ac-
tual contributions of each module in our SARB framework.

Analysis of the CSRL Module
The CSRL module is used to extract category-specific fea-
ture representation and is a basic module of the proposed
framework. There are different kinds of algorithms to im-
plement the CSRL module, in which semantic decoupling
(SD) (Chen et al. 2019b) and semantic attention mechanism
(SAM) (Ye et al. 2020) are two choices that obtain state-
of-the-art performance for the traditional MLR task. Here,
we conduct an experiment to compare these two algorithms
and present the results in Table 2. It shows that using the
two algorithms obtain comparable performance. More con-
cretely, using SD obtains slightly better performance than
using SAM, with an average mAP improvement of 0.3%,
0.2%, and 0.1% on the three datasets. Thus, we use the SD

to implement the CSRL module for all other experiments.
Current mixup (Zhang et al. 2017) simply performs

position-wise blending to generate new samples to regular-
ize training. In this part, we further conduct two baseline al-
gorithms that perform position-wise blending in image space
and feature space (namely IP-Mixup and FM-Mixup) to ver-
ify the benefit of learning category-specific feature represen-
tation. As shown in Table 2, both two baseline algorithms
achieve comparable performance with the SSGRL baselines
as such simple blending can not provide additional infor-
mation. Compared with the SARB using CSRL, IP-Mixup
suffers from the average mAP degration of 3.6%, 5.9%, and
1.0%, while FM-Mixup suffers from the average mAP de-
gration of 3.8%, 6.0%, and 1.1% on the three datasets, re-
spectively.

Contribution of the SARB Module
As we use the SD algorithm to implement the CSRL mod-
ule and gated neural network for classification, SSGRL
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Methods
Datasets MS-COCO VG-200 VOC2007

Ours w/ SAM 77.6 45.4 90.6
Ours w/ SD 77.9 45.6 90.7
IP-Mixup 74.3 39.7 89.7

FM-Mixup 74.1 39.6 89.6
SSGRL 74.1 39.7 89.5

Ours ILRB 77.3 44.9 90.2
Ours ILRB fixed α 76.9 44.5 89.8

Ours PLRB 77.3 44.9 90.4
Ours PLRB fixed β 76.9 44.6 90.2

Ours 77.9 45.6 90.7

Table 2: Comparison of average mAP of our framework
with SAM module (Ours w/ SAM), our framework with SD
module (Ours w/ SD), SSGRL with mixup on image pixel
level (IP-Mixup), SSGRL with mixup on feature map level
(FM-Mixup), the baseline SSGRL, our framework merely
using ILRB module (Our ILRB), our framework merely us-
ing ILRB module with fixed α (Ours ILRB fixed α), our
framework merely using PLRB module (Ours PLRB), our
framework merely using PLRB module with fixed β (Ours
PLRB fixed β) and our framework (Ours) on the MS-COCO,
VG-200 and Pascal VOC 2007 datasets.

(Chen et al. 2019b) is the baseline of the proposed frame-
work. Here, we emphasize the comparisons with SSGRL to
demonstrate the effectiveness of SARB. As shown in Ta-
ble 2, SSGRL obtains the average mAPs of 74.1%, 39.7%,
and 89.5% on the MS-COCO, VG-200, and Pascal VOC
datasets. By integrating the SARB module, it boosts the
average mAP to 77.9%, 45.6%, and 90.7% on the three
datasets, with the mAP improvement of 3.8%, 5.9%, and
1.2%, respectively.

SARB consists of the instance-level and prototype-level
representation blending modules. In the following, we fur-
ther conduct experiments to analyze these two modules for
more in-depth understanding.

Analysis of the ILRB Module
To analyze the actual contribution of the ILRB module, we
conduct experiments that merely use this module (namely,
Ours ILRB) and compare it with the SSGRL baseline on the
MS-COCO, VG-200, Pascal VOC 2007 datasets. As shown
in Table 2, it obtains an average mAP of 77.3%, 44.9%,
90.2% on MS-COCO, VG-200, Pascal VOC 2007, with the
mAP improvement of 3.2%, 5.2%, and 0.7%, respectively.

ILRB contains an crucial parameter α that controls the ra-
tio of instance-level mix-up. However, it is impractical and
exhausting to find a best value for different datasets and dif-
ferent settings. In this work, we set α as a learnable param-
eter to adaptively learn the best value via standard back-
propagation. To verify its contribution, we conduct an ex-
periment to compare with the baseline using a fixed α of 0.5.
As shown in Table 2, using a fixed value of 0.5 decreases the
average mAPs from 77.3%, 44.9%, and 90.2% to 76.9%,
44.5%, and 89.8%, respectively.

0

0.001

0.002

0.003

0.004

0.005

0.006

0.007

0.008

0.009

0 5 10 15 20

Ours
Ours w/o PLRB

training epoch

lo
ss

0.005

0.006

0.007

0.008

0.009

0.01

0.011

0.012

0.013

0 5 10 15 20

Ours
Ours w/o PLRB

training epoch

lo
ss

Figure 4: Analysis of the effect on PLRB. These experiments
are conducted on MS-COCO (left) and VG-200 (right).

Analysis of the PLRB Module
Similarly, PLRB is another module that plays a key role,
and in this part, we also analyze its effectiveness by compar-
ing the performance with and without it. As shown in Table
2. Adding the PLRB module to the baseline SSGRL leads
to 3.2%, 5.2%, and 0.9% mAP improvement on the MS-
COCO, VG-200, and Pascal VOC 2007 datasets. As pre-
viously suggested, the PLRB module can help to generate
stable blended representations to complement unknown la-
bels, which leads to more stable training. To validate this
point, we further visualize the loss of the training process in
Figure 4. It can be observed that the loss is choppy without
the PLRB module, and adding this module can stabilize the
training process.

The parameter β is a learnable parameter that is adap-
tively learned for different datasets and settings. Here, we
also conduct experiments to compare with the setting that
fixes β to 0.5 on the MS-COCO, VG-200, Pascal VOC 2007
datasets. As presented in Table 2, it obtains an average mAP
of 76.9%, 44.6%, 90.2% on these three datasets, with the
slight degeneration of 0.4%, 0.3% and 0.2%.

Conclusion
In this work, we present a new perspective to complement
the unknown labels by blending category-specific feature
representation to address the MLR-PL task. It does not de-
pend on sufficient annotations and thus can obtain superior
performance on all known label proportion settings. Specif-
ically, it consists of an ILRB module that blends instance-
level representation of known labels to complement the rep-
resentation of corresponding unknown labels and a PLRB
module that leans and blends prototype-level representa-
tions to complement the representation of corresponding un-
known labels. It can simultaneously generate diverse and
stable blended representations to complement the unknown
labels and thus facilitate the MLR-PL task. Extensive exper-
iments on the MS-COCO, VG-200, and Pascal VOC demon-
strate its superiority over current algorithms.
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