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Abstract

Long-tailed data distribution is common in many multi-
label visual recognition tasks and the direct use of these
data for training usually leads to relatively low perfor-
mance on tail classes. While re-balanced data sampling can
improve the performance on tail classes, it may also hurt
the performance on head classes in training due to label
co-occurrence. In this paper, we propose a new approach
to train on both uniform and re-balanced samplings in a
collaborative way, resulting in performance improvement
on both head and tail classes. More specifically, we design
a visual recognition network with two branches: one takes
the uniform sampling as input while the other takes the re-
balanced sampling as the input. For each branch, we con-
duct visual recognition using a binary-cross-entropy-based
classification loss with learnable logit compensation. We
further define a new cross-branch loss to enforce the con-
sistency when the same input image goes through the two
branches. We conduct extensive experiments on VOC-LT
and COCO-LT datasets. The results show that the proposed
method significantly outperforms previous state-of-the-art
methods on long-tailed multi-label visual recognition.

1. Introduction

By classifying an image into multiple classes, multi-
label visual recognition is an important task in computer
vision and the state-of-the-art approaches [45, 54, 44, 2, 20,

, 12,40, 52, 5] are to train deep networks on a set of
training data with ground-truth labels. However, as in many
single-label recognition tasks [25, 3, 6, 41, 24, 15, 16, 53],
the training data of multi-label recognition may exhibit a
long-tailed distribution [39] in terms of class labels — head
classes have many samples while fail classes have very few
samples. Direct training on such data (with uniform sam-
pling) usually produces relatively low performance on the
tail classes. In this paper, we focus on solving the problem
of long-tailed multi-label visual recognition (LTML).

songwang@cec.sc.edu

Re-balanced data sampling [4, 32, 1, 10] is a proven ef-
fective approach for addressing the long-tailed visual recog-
nition. It achieves class-wise balance by either down-
sampling the head-class data or up-sampling the tail-class
data. However, repeating/dropping a tail-class/head-class
image may also duplicate/remove head-class/tail-class sam-
ples due to label co-occurrence in multi-label recogni-
tion [47]. Thus, while re-balanced sampling can improve
the recognition performance of tail classes, it may simulta-
neously decrease the performance of some head classes for
LTML. Since performance of different classes, either head
or tail ones, is usually considered to be equally important in
multi-label visual recognition, in this paper, we develop a
new method that can combine different data samplings for
improving the performance of both head and tail classes.

We consider the uniform and re-balanced samplings.
Given a long-tailed training set for multi-label recognition,
the uniform sampling leads to the original long-tailed distri-
bution, while the re-balanced sampling expects to achieve
a balanced distribution, but yields another biased distri-
bution due to label-occurrence. Our basic idea is to use
each of them to train a branch of a two-branch network,
where two branches follow the same architecture. We fur-
ther define a loss that enforces the consistency across the
two branches for the same input to achieve a collaborative
training, inspired by the previous mutual learning [51] and
co-regularization [27]. The cross-branch consistency com-
promises two distributions to achieve an effect equivalent to
learning the proposed network from a balanced implicit dis-
tribution somewhere between two biased distributions from
different samplings.

More specifically, as shown in Fig. 1(b), the two
branches have the same architecture but different param-
eters to reflect the different distributions of their respec-
tive inputs. For each branch, a binary-cross-entropy-based
multi-label classification loss with learnable logit compen-
sation is defined for LTML. For combining two branches,
we introduce another loss to collaboratively enforce the pre-
diction consistency across the two branches when the same
input image is fed to the two branches. Finally, this two-
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Figure 1. An illustration of the difference between (a) the previous mutual learning [51]/co-regularization [27] networks, where the input
from the same distribution is always fed to the two branches, and (b) the proposed network where different inputs, from different samplings,
are fed to the two branches. We only use the same input for the two branches for computing the consistency loss. I and J are mini-batch
images, ~ indicates the consistency measurement, and £ is the classification loss.

branch network is trained in an end-to-end manner by min-
imizing both classification and consistency losses. During
the test phase, each test image is fed to both branches with-
out considering cross-branch paths and the average of pre-
dictions from the two branches is taken as the final predic-
tion.

Different from previous mutual learning methods [51,

], where the two branches always take the input from
a single distribution, as shown in Fig. 1(a), our proposed
method learns two branches from different inputs generated
by different samplings and the same input for two branches
is only used for computing the consistency loss.

To summarize, the main contributions of this work are:

1 We propose the use of both uniform and re-balanced
samplings of the same training set for long-tailed
multi-label visual recognition.

2 We develop a two-branch network, as well as a cross-
branch loss to enforce the consistency between two
branches, for collaborative learning on both uniform
and re-balanced samplings.

3 We conduct extensive experiments on VOC-LT and
COCO-LT datasets to verify that the proposed method
can simultaneously improve the performance of both
head and tail classes.

2. Related Work
2.1. Multi-label Visual Recognition

In many traditional methods, multi-label visual recogni-
tion is reduced to multiple binary image classifications [38,

] or finding k-nearest neighbors [49]. As CNNs [17, 34,

, 11, 14] become a standard component in vision sys-
tems, many deep-learning based methods have been devel-
oped for multi-label visual recognition and they can be gen-
erally categorized into two main groups: label-localization
methods and label-correlation methods. Label-localization
methods [45, 54, 44, 8] attempt to localize the label-related
image regions using either supervised learning on manual
annotations or weakly supervised learning on class labels.

Label-correlation methods [2, 20, 21, 12, 40, 52, 5] im-
prove multi-label visual recognition by exploiting and lever-
aging the co-occurrence of different labels in the same im-
age. For examples, CNN-RNN [40] combines RNNs with
CNNs to learn the correlations between different labels.
ML-GCN [5] adopts Graph Convolutional Networks (GCN)
to embed the label correlations to the classifier learning.
When the training set is long-tailed, head classes usually
dominate the network training, resulting in inaccurate la-
bel localization and label correlations for tail classes, which
severely hurts the recognition performance on tail classes.

2.2. Re-balancing Long-Tailed Visual Recognition

Data re-balancing is a widely used strategy for han-
dling long-tailed visual recognition, by emphasizing tail
classes more in the network learning, and it has achieved
improved results on many long-tailed recognition tasks.
Re-balanced sampling [4, 32, 1, 10, 53] and cost sensi-
tive re-weighting [3, 6, 13, 43, 29, 19, 36] are the two
typical kinds of data re-balancing methods. The former
improves the class balance by either up-sampling the tail
classes or down-sampling the head classes, while the lat-
ter improves the class balance by weighting more on tail
classes in the loss functions. However, all these methods are
for single-label recognition, i.e., each image only has one
label. Wu et al. [47] extend re-balanced sampling and cost-
sensitive re-weighting methods to handle long-tailed multi-
label visual recognition and propose an optimized DB Focal
method, which does improve the recognition performance
of tail classes. However, because of label co-occurrence
in multi-label recognition, emphasizing the tail classes may
impair the head-class training. The re-balanced sampling
may simultaneously decrease the performance of some head
classes [47]. In this paper, we propose to collaboratively
train on uniform and re-balanced samplings to improve the
performance on both head and tail classes.

2.3. Network Consistency

In this paper, we use the consistency between two
branches to collaboratively train the model for the multi-
label visual recognition. Different kinds of network consis-
tency have been considered for improving network training
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Figure 2. An illustration of the proposed network for long-tailed multi-label visual recognition. GAP denotes the global average pooling.

in different tasks. Perturbation-based consistency requires
a trained network to produce same prediction after applying
a small perturbation to the input image [33, 31, 26, 46, 8, 42]
and it has been widely used for data augmentation [33].
Model-based consistency [18, 48, 51, 28, 27] is usually for-
mulated and applied between networks. It enforces the two
different networks to produce the same results when the
same image is taken as the input, as shown in Fig. 1(a). Ex-
amples include I1I-model [18] and Mean Teacher [37] used
for semi-supervised learning, deep mutual learning [51] and
co-regularization [27] for training two networks collabora-
tively, and co-teaching [9] for handling noisy labels. How-
ever, by taking the input from the same distribution, two
branches trained in [51, 27] may collapse to each other if
their network parameters are not carefully initialized with
substantial difference. In [28], an adversarial scheme is
introduced to address this issue, while in this paper, we
use images of different samplings as the inputs of the two
branches, which adds diversity to each branch training.

3. Proposed Method

Let the training set for the long-tailed multi-label
visual recognition (LTML) be (X,Y), where X =
{X1,X2, -+ ,xn} are the N training images and Y =
{¥1,¥2, -+ ,yn} are their respective ground-truth class
labels. Specifically, each y; = [vi1, %2, " ,Yik],t =
1,2,---, N is a binary K-dimensional vector where y;;, =
1 indicates the presence of label k£ in image ¢ and y;; = 0
otherwise, with &k = 1,2,--- , K. K is the total number
of labels for the visual recognition. There may be multiple
elements of value 1 in each y; for multi-label visual recog-
nition.

3.1. Framework Overview

Given that (X,Y) follows a long-tail distribution in
terms of class labels, we use both uniform and re-balanced
samplings in preparing the inputs for network training. For
the uniform sampling, each image x; € X is sampled with
an instance-level probability of 1/N. For the re-balanced
sampling [32, 16, 47], images of each class are sampled
with a class-level probability of -, and thus, each image

x; is sampled with a probability of % 211 ?j\}: , where Ny,

is the number of images with class label % in the training
set. By sampling the original training set M times, the
re-balanced sampling actually provides us a new relatively
class-balanced training set (X’,Y’), with M samples, but
not real balanced due to label co-occurrence.

As shown in Fig. 2, the two branches of the proposed
network share the same bottom network ¢, followed by an-
other CNN module, denoted as ‘Subnet-U’ in the branch
for the uniform sampling and ‘Subnet-R’ in the branch for
the re-balanced sampling. Subnet-U and Subnet-R have the
same architecture but trained with different parameters, as
shown in Fig. 2. To be specific, the shared bottom network
is the conventional ResNet [ 1 | ] excluding the last stage. For
Subnet-U and Subnet-R, we first include an identical copy
of the last stage of ResNet, as shown by f; and ¢; in Fig. 2.
After that, a linear classifier in the form of a fully connected
layer is added to each branch, as shown by f, and go in
Fig. 2 for multi-label recognition. When feeding images
x; € Xand xj € X' to the two branches respectively, we
obtain K -dimensional logits for the two branches as

u; = fo(f1(p(x}))),
{rj = g2(g1(p(x7))). (D

By formulating the task as multiple binary image classifica-
tions, we apply logistic linear regression on logits u; € R¥
andr; € RX to learn the two branches, respectively. The
solid arrows in blue and red in Fig.2 indicate the classifica-
tion paths for the two branches, respectively. The binary-
cross-entropy-based classification losses L.s(u;,y}) and
Les(rj,y7) are adopted for respective branch optimization,
where (u;,y}') and (r;, y}) represent the pair of predicted
logits and ground-truth labels for the ¢-th image in X and
the j-th image in X/, respectively.

We further cross the inputs of two branches and estimate
the logits, indicated by the blue/red dashed arrows in Fig. 2
and obtain

{ﬁz :92(91(@(){?)))7 )

t; = fa(f1(e(x])))-
To enforce the two branches to make consistent predic-
tions from the same input, we introduce a mean-square-
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error based consistency 1oss Lcon (i, 0;) and Leon (1, T5)
between the logits from different branches, indicate by the
same color arrows (one dashed and one solid) in Fig. 2.

Finally, the network is learned by jointly minimizing the
loss function

E(X};7 X;; y;ﬂ y;) :»Ccls(u% Y?) + ACcls (rj7 y;)+

N N 3)
A(Econ(uiy ui) + Econ(rjv rj))a

where (x,y}') € (X,Y), (x},y}) € (X', Y'),and Nis a

hyper-parameter to balance the two kinds of loss functions.

3.2. Conventional Classification Loss

Conventionally, the weighted sigmoid cross entropy
loss [19, 8, 36] is used for multi-label visual recognition,
in the form of multiple binary image classifications. Taking
the branch for the uniform sampling as an example, this loss
is

=

1

Lois(ui y}) = =5 ;wk (yii log (s (uik))+ @

(1 = yi) log(1 — < (uir))) ,

where u;, and yj. are the k-th elements of the predicted
logits u; and the ground-truth label y; , respectively, corre-
sponding to the k-th label. Besides, wy, = y4e' ™ + (1 —
yi )eP is the loss weight for the k-th label, depending on its
ratio of positive samples p = Ny /N, and ¢ is the sigmoid
function converting logits in R to probabilities in the range
of [0, 1] by

S(uip) = 1/(1 + e~ "ix). (5)

The classification loss Ls(r;, y’7") for the other branch can
be defined in the same way.

3.3. Logit Compensation

As discussed in [3, 47], when using the weighted sig-
moid cross entropy loss for classification, the imbalance
between the numbers of positive and negative samples in
each class could push their unbounded logit values away
from zero with different distances, leading to class-specific
over-fitting. In this section, we address this issue by further
compensating the logits of positive and negative samples,
respectively.

For simplicity, we assume that logit output of the net-
work for each label recognition conforms to a normal dis-
tribution. Suppose the logit for positive samples of the k-th
label conforms to a normal distribution with mean p} and
standard deviation o7, and the logit for negative samples
of the same label conforms to a normal distribution with
mean (1, and standard deviation o7'. The mean logit values
{/1'11)7 :ugv o »/1'112} and {/ﬂllv s »/J'TIL(}’ and standard de-
viations {07, 0%, 0%} and {0}, 0%,--- , 0%} are then

used to compensate the logits before feeding to the classi-
fication loss in Eq. (4). Thus, the classification loss (4) is
upgraded to

K
1
Lots (i, yi') = =52 > @ (Wl log(s (uix  of, + pf)
k=1
+(1 = yir) log(L — c(uik - o + i) -

(6)

The classification loss L.s(r;,y}) is upgraded with logit
compensation in the same way. All the above means and
standard deviations are learnable parameters. Compared
with previous logit-adjustment methods [3, 47], this sim-
ple compensation does not introduce additional empirical
hyper-parameters that require manually tuning.

3.4. Logit Consistency between Branches

In the ideal case, when we feed the same input image
to the two branches, the output predictions shall approx-
imate the ground-truth labels with the network optimiza-
tions. However, since the two branches attempt to fit the
different distributions of input data, they may produce dif-
ferent prediction results with the same input, e.g., the two
branches may show different recognition performance. As
mentioned above, we define a cross-branch consistency loss
based on the mean square error of logits computed from the
same input image but through different branches. Taking
the input from the uniform sampling as an example, this
loss is

K
R 1 X
Leon (Wi, 1) = 2= > (uir — i), (7)
k=1

where u;;, and w4, are the k-th elements of u; and 1, re-
spectively. For the input from the re-balanced sampling, the
consistency 1oss Lo (r;,T;) can be defined in the same
way.

Different from existing works on collaborative train-
ing [51, 27], which define consistency on probabilities,
e.g., softmax/sigmoid outputs, for visual recognition, here
we measure the consistency between logits of different
branches from the same input. In training multi-label classi-
fiers, due to the sigmoid normalization in Eq. (5), gradients
could vanish on highly confident probabilities. For exam-
ple, when the consistency loss is applied to probabilities, we
have loss L.on(s(u;),s(1;)) and the gradients propagated
to the logits u; would be:

DL on (1), (8) _ OLoom(s(u,),5(01)) Os(u,)
o, 9¢(u;) I,
_ accongxfjd“i”qu»(l ().

If the predicted probabilities are highly confident, e.g.
¢(u;) ~ 1 org¢(u;) ~ 0, the gradients from consistency loss

®)
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are close to zero. Differently, we define the consistency loss
based on logits, with which the gradients propagated to the
logits u; would be:

aﬁcon(uia ﬁl) 2
—_— = —<(u; — Ai . 9
B = o ) ©
We can see that these gradients do not have the above gra-
dient vanishing issue under high-confident predictions.

3.5. Model Inference

To conduct model inference on test images, we simply
feed all the test images to both branches of the trained net-
work one by one. The paths following the dashed arrows
in Fig. 2 are not used. For each input test image, the pre-
dictions of two branches are averaged as the final prediction
result.

4. Experiments
4.1. Datasets and Configurations

As in [47], we conduct experiments on two datasets
for long-tailed multi-label visual recognition: VOC-LT and
COCO-LT. They are artificially constructed from two multi-
label visual recognition benchmarks, VOC [7] and MS-
COCO [23], respectively.

VOC-LT is sampled from the 2012 train-val set of
VOC [7] based on a Pareto distribution as described in [25].
The training set contains 1,142 images and 20 class labels,
and the number of images per class ranges from 4 to 775.
The 20 classes are split into three groups according to the
number of training samples per class: a head class has more
than 100 samples, a medium class has 20 to 100 samples,
and a tail class has less than 20 samples. The ratio of head,
medium and tail classes after such splitting is 6:6:8. The
testing set is constructed on the 2007 test set of VOC, with
4,952 images.

COCO-LT is created from the 2017 version of MS-
COCO [23] by following a similar way. The training set of
this long-tailed dataset contains 1,909 images and 80 class
labels, and the number of images per class ranges from 6
to 1,128. The ratio of head, medium and tail classes is
22:33:25, following a similar split as in VOC-LT. The test
set consists of all 5,000 images in the test set of MS-COCO-
2017.

Configurations: Following [47] and the conventional
multi-label visual recognition [54, 44, 8], we use the mean
Average Precision (mAP) to evaluate the performance of
long-tailed multi-label visual recognition. We use the
similar configurations as in [47] in our experiments for
a fair comparison with this prior state-of-the-art method.
Specifically, we use the ResNet50 [10] pre-trained on Im-
ageNet [17, 30] as the backbone and input images are re-
sized to the spatial dimension of 224 x 224. The standard

data augmentations are applied as in [47]. The SGD with
momentum of 0.9 and weight decay of 0.0001 is adopted
as the optimizer. The hyper-parameter A\ in Eq. (3) is set
to 0.1 constantly. In the classification loss with logit com-
pensation in Eq. (6), the mean values are initialized to 0,
while the standard deviations are initialized to 1. The initial
learning rate is set to 0.01. All experiments are conducted
on PyTorch 1.4.0.

4.2. Comparison with Prior Arts

First of all, to verify the effectiveness of the proposed
method, we compare the mAP performance between our
method and previous methods on both long-tailed datasets.
The comparison methods include Empirical Risk Minimiza-
tion (ERM), conventional Re-Weighting (RW) using the
inverse proportion to the square root of class frequency,
Re-Sampling (RS) [32], Focal Loss [22], ML-GCN [5],
OLTR [25], LDAM [3], CB Focal [6], BBN [53] and DB
Focal [47]. The mAP performance of different methods are
shown in Table 1. The prior best performance is achieved by
DB Focal [47] — mAP of 78.94% over all classes on VOC-
LT and 53.55% over all classes on COCO-LT. We further
reproduce DB Focal, denoted as DB Focal* in Table 1, on
our platform based on its implementation ' and achieve sim-
ilar mAP performances as the ones reported in [47].

We train two baselines for the proposed method with
the conventional classification loss and different samplings.
Specifically, we train the proposed network only with one
branch using the uniform sampling and re-balanced sam-
pling, respectively, with the weighted classification loss in
Eq. (4). This way, we obtain two baselines: baseline-
uniform and baseline-re-balanced, respectively. From Ta-
ble 1, we can see that both baselines achieve lower mAP
performance than DB Focal (or DB Focal*) — mAP per-
formances of two baselines on VOC-LT are 77.15% and
78.36%, respectively, and those on COCO-LT are 53.15%
and 52.76%, respectively. The proposed method can sig-
nificantly increase the mAP performance on both datasets:
mAP performance is improved to 81.44% on VOC-LT (in-
creased by 3.02% from DB Focal*) and to 56.90% on
COCO-LT (increased by 2.63% from DB Focal*). Besides,
the proposed method also achieves the new state-of-the-art
mAP performance for both head, medium and tail classes
on both datasets.

4.3. Quantitative Analysis
4.3.1 Ablation Analysis

To further analyze how the proposed method improves
mAP performance for long-tailed multi-label recognition,
we conduct a set of ablation studies and report the results in
Table 2. We first conduct an experiment by using a simple

Uhttps://github.com/wutong 16/DistributionBalancedLoss
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Datasets VOC-LT COCO-LT

Methods total head | medium tail total head | medium tail
ERM 70.86 | 68.91 80.20 65.31 || 41.27 | 48.48 49.06 24.25
RW 74.70 | 67.58 82.81 73.96 || 42.27 | 48.62 45.80 32.02
Focal Loss [22] 1ccv17 || 73.88 | 69.41 81.43 71.56 || 49.46 | 49.80 54.77 42.14
RS [32] Eccvie 75.38 | 70.95 82.94 73.05 || 46.97 | 47.58 50.55 41.70
ML-GCN [5] cvpr'19 68.92 | 70.14 76.41 62.39 || 44.24 | 44.04 48.36 38.96
OLTR [25] cvpPr’'19 71.02 | 70.31 79.80 64.95 || 45.83 | 47.45 50.63 38.05
LDAM [3] NeurIPS’19 70.73 | 68.73 80.38 69.09 || 40.53 | 48.77 48.38 22.92
CB Focal [6] cvPrR’19 75.24 | 70.30 83.53 72.74 || 49.06 | 47.91 53.01 44.85
BBN* [53] cvPr'20 73.37 | 71.31 81.76 68.62 || 50.00 | 49.79 53.99 4491
DB Focal [47] Eccv20 78.94 | 73.22 84.18 79.30 || 53.55 | 51.13 57.05 51.06
DB Focal* [47] eccv2o || 78.42 | 74.13 83.19 78.06 || 54.33 | 50.06 57.22 54.27
baseline-uniform 77.15 | 73.14 83.49 7541 || 53.15 | 51.61 57.17 49.21
baseline-re-balanced 78.36 | 71.72 83.58 79.41 || 52.76 | 48.67 56.87 50.94
Ours 81.44 | 75.68 85.53 82.69 || 56.90 | 54.13 60.59 54.47

Table 1. mAP performance of the proposed method and comparison methods. The notation * indicates the reproduced results based on
our experiment environment. Other comparison results are taken from [47].

uniform | re-sampled logit logit aug-test VOC-LT COCO-LT
branch | branch |consistency |compensation total | head |medium| tail || total | head |medium| tail
Vv 77.15|73.14| 83.49 |75.41||53.15|51.61| 57.17 |49.21
v 78.36|71.72| 83.58 [79.41||52.76|48.67| 56.87 |50.94
Vv Vv 79.42|73.98| 84.67 [79.56||54.71|51.85| 58.62 |52.06
vV vV vV 81.22|75.42| 85.50 |82.37(/56.62|54.30| 60.27 |53.86
vV vV v vV 81.44|75.68| 85.53 |82.69(/56.90|54.13| 60.59 |54.47
Vv Vv Vv Vv Vv 81.79|76.04| 85.92 |83.01([57.28|54.54| 61.10 |54.64

Table 2. Ablation analysis on different components of the proposed network.

branch-ensemble method which averages the predictions
from the two branches as the final prediction, without con-
sidering the consistency and compensation. The achieved
mAP performances are 79.42% on VOC-LT and 54.71% on
COCO-LT, which are better than the two baselines. One
possible reason is that the two branches learned from differ-
ent label distributions exploit complementary information
for recognizing the same label. By considering the pro-
posed cross-branch consistency but not logit compensation,
the mAP performance is improved to 81.22% on VOC-LT
and 56.62% on COCO-LT, with 1.80% and 1.91% incre-
ments, respectively. Finally, we add the logit compensation
to the classification loss, the mAP performance is further
improved to 81.44% and 56.90%, respectively. This verifies
that each component in the proposed method contributes to
the mAP performance improvement.

Besides, we also show that incorporating an augmented
testing (aug-test) strategy can further improve the mAP per-
formance. In this strategy, the average of the predictions es-
timated from the original image and its horizontally flipped
image is computed as the final prediction. Since this strat-
egy is not widely used in the previous works, we do not con-
sider it when comparing the performance of the proposed
method against the previous methods.

4.3.2 Consistency Analysis

We also compare the proposed logit consistency across
different training-data distributions with perturbation-based
consistency and model-based consistency, as discussed in
Sec. 2.3. The mAP performance from different logit con-
sistency is reported in Table 3. Given a single data sam-
pling, we add the perturbations of horizontal flipping as
in VAC [8] on the input images and feed both original
and perturbed images to the ResNet50 for model learn-
ing. The consistency of the estimated logits for the original
and perturbed images is considered for multi-label recogni-
tion. The perturbation-based consistency based on uniform
sampling and re-balanced sampling leads to mAP perfor-
mance of 78.18% and 79.39% respectively on VOC-LT, and
55.32% and 55.49% respectively on COCO-LT. While the
different data distributions are merged directly, i.e. “uni-
form U re-balanced”, to train the network without enforc-
ing the logit consistency, the achieved mAP performance is
much lower. This is equivalent to learn the model based
on another distribution that combines the uniform and re-
balanced samplings.

For model-based consistency, we train the two branches
with the same sampling, either the uniform sampling or
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number of | consistency samplin VOC-LT COCO-LT
branches based on ping total | head | medium | tail || total | head | medium | tail
data uniform 78.18 | 74.09 | 83.99 |76.90| 55.32|52.39| 59.60 |52.26
single perturbations | re-balanced || 79.39 | 73.35| 84.71 |79.94| 5549 |52.01 | 59.32 |53.50
N/A uniform U 77 g5 17048 | 82.68 |78.26 || 53.12|50.14 | 57.18 | 50.38
re-balanced
models uniformx 2 80.13 | 74.71 | 85.12 |80.46 || 55.70 | 52.40 | 59.28 |53.89
dual re-balanced x2 || 80.18 | 74.54 | 84.99 |80.81 || 55.44 | 52.01 | 59.26 |53.43
distributions | "M gy 0517542 | 8550 |82.37 | 56.62|54.30 | 6027 |53.86
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Table 3. mAP performance by using different consistencies.
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Table 4. mAP performance of the proposed network by using the s 0 s 0 My v‘vA /\\IJ\W\A’P/M/\/\/\'\M
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Figure 3. Class-wise AP increment of re-balanced branch, the

samplings yields the mAP performance of 80.13% and
80.18% respectively on VOC-LT, and 55.70% and 55.44%
respectively on COCO-LT. We can see that the use of the
proposed consistency in our method achieves much better
mAP performance than both the uses of perturbation-based
and model-based consistencies on both long-tailed datasets.

Finally, we conduct an experiment to justify the pro-
posed logit consistency against the use of the probabil-
ity consistency after the sigmod normalization in the pro-
posed network. As shown in Table 4, the logit consistency
yields better performance than the probability consistency,
by avoiding gradient vanishing as discussed in Eq. (8).

4.3.3 Class-wise Analysis

In Fig.3, we show the class-wise average precision (AP) in-
crement made by the re-balanced branch, the branch ensem-
ble and the proposed network, respectively, when compared
to solely using the uniform branch. As shown in the top
row of Fig. 3, compared with uniform sampling for model
training, re-balanced sampling leads to AP increment on tail
classes (the right portion of each curve), since it increase the
sampling rate of tail-class instances. Meanwhile, it also re-
duces the sampling rate of some head-class images, result-
ing in underfitting on head-class recognition and decreased
AP performance on head classes, as shown in the left por-
tion of each increment curve in the top row of Fig. 3. We
can see that branch ensemble can alleviate the head-class

branch ensemble and the proposed network over the uniform
branch. Class labels are sorted from head to tail classes left-right.

performance decrease, while keeping the AP increment in
tail classes, as shown in the middle row of Fig. 3. The pro-
posed method further improve the AP performance of most
head, medium and tail classes by considering logit consis-
tency between two branches and the logit compensation, as
shown in the bottom row of Fig. 3.

To further understand the proposed logit compensation,
we visualize the learned distribution parameters of Eq. (6)
in Fig. 4. From the top row of Fig. 4, we can see that the
mean values for positive and negative logit compensation
are almost opposite to each other. The absolute mean value
for each class largely follows a positive correlation with the
sample number in this class. Since the mean values for com-
pensating logits of positive samples and negative samples
are positive and negative, respectively, the absolute values
of logits increases for correct predictions. This helps de-
crease the loss values and prevents the logit values from
being away from O quickly. The standard deviations also
approximately follow a positive correlation with the sam-
ple number in each class, as shown in the bottom row of
Fig. 4. Besides, we can also notice that the standard devi-
ations learned for positive logits are usually smaller than 1
and those learned for negative logits are usually larger than
1. For most classes, positive samples are usually the minor-
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Figure 4. The visualization of learned logit compensation param-
eters for positive and negative logits, on VOC-LT and COCO-LT.
Class labels are sorted from head to tail classes left-right.

ity, while the negative samples are the majority. A standard
deviation lower than 1 inclines to increase the classification
loss from the logits, while a standard deviation greater than
1 tends to decrease the classification loss from the logits.
Therefore, the loss from positive samples, along with the
tail classes, are relatively emphasized to address the imbal-
ance issue.

4.3.4 Group-wise Analysis

For all the compared methods in Table 1, we can notice an
interesting phenomenon that mAP performance on medium
classes is usually higher than those on head classes and
on tail classes. The prior work [47] gives an conjecture
that sample numbers of medium classes (10 to 100 sam-
ples per class) may be more suitable for the specific multi-
label learning. We agree with this conjecture. With a sim-
plified assumption that there is only one label associated
to each image, a class is balanced if its number of sam-
ples is &£. On VOC-LT, £ = 42 = 57 and on COCO-
LT, £ = 1809 = 23.9, both of which are in the range of
[10,100] used for defining medium classes. Therefore, the
sample numbers of medium classes are already more bal-
anced than those of the head and tail classes.

In addition, the use of re-balanced sampling, such as DB
Focal, baseline-re-balanced, or the proposed method, usu-
ally leads to better performance on tail classes than on head
classes, as shown in Table 1. One possible reason is that
images with head class labels are usually associated with
more classes and show more diverse and complex appear-
ance features. As shown in Fig. 5, it is clear that head
classes have more co-occurred classes than tail classes. In
this case, without sufficient samples, the image diversity
and complexity for head classes are more difficult to learn
than simpler tail-class images.

N
S
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# co-occurred classes
-
s &

# co-occurred classes
PO
s 8

«
N
S

o
o

o

5 10 15 20 0 20 40 60 80
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Figure 5. Number of co-occurred classes on the same image in
term of class labels sorted from head classes to tail classes on the
two datasets.
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Figure 6. The effect of hyper-parameter A to the mAP perfor-
mance.

4.4. Effect of Hyper-parameter \

Besides the conventional hyper-parameters for deep net-
work learning, the proposed method introduces one more
hyper-parameter to tune, i.e. A in Eq. (3), which is end-
to-end training friendly. We further conduct a set of ex-
periments to study the effect of different configurations of
A to the recognition performance. As shown in Fig. 6,
when A = 0.2, the proposed method achieves the best mAP
performance of 81.49% on VOC-LT. When A = 0.1, the
proposed method achieves the best mAP performance of
56.90% on COCO-LT. An overly small A may not give suf-
ficient consideration for the consistency, while an overly
large A may make the consistency dominate the training,
leading to decreased performance on the original task of
multi-label recognition.

5. Conclusion

In this paper, we tackled the task of long-tailed multi-
label visual recognition by learning a model using both uni-
form and re-balanced samplings from the same training set.
We proposed a network consisting of two branches for two
samplings, respectively. Meanwhile, we incorporated the
logit consistency across two branches for the same input to
achieve collaborative learning. With extensive experiments
on two long-tailed datasets for multi-label recognition, we
demonstrated the effectiveness of the proposed method by
achieving the new state-of-the-art performance, with signif-
icant margins over prior works.
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