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ABSTRACT

Organizing training samples in a meaningful order is ben-
eficial for accelerating the convergence rate and enhancing
the recognition performance in the CNN model. However,
achieving reasonable sample ranking for fine-grained recog-
nition datasets is very challenging because the intra and in-
ter class relation in those datasets is opposite to that in pub-
lic recognition datasets. In this paper, we propose a general
framework for the progressive training of fine-grained recog-
nition models. In particular, we first formulate the training
subset selection as a group ranking-oriented submodular op-
timization problem, where the submodularity is adopted to
evaluate the benefit of selected training subsets. This can
give theoretical guidance for the consecutive discrimination
of difficult and ordinary training subsets. Secondly, we de-
sign a training strategy to dynamically adjust the ratio of diffi-
cult and ordinary training subsets according to the recognition
performance. Extensive experiments on CUB-200-2011 and
Stanford Dogs datasets demonstrate that the proposed method
outperforms the state-of-the-art curriculum learning methods.

Index Terms— Fine-grained recognition, Submodular
optimization, Group ranking.

1. INTRODUCTION

Fine-grained image recognition, aiming at distinguishing
sub-categories of the same basic-level category, involves
more challenging factors than traditional classification tasks
due to the fact that there only exists subtle difference within
sub-categories. To overcome challenges in fine-grained clas-
sification, existing works[1-4] focus on the design of the
network structure to simultaneously locate and represent the
discriminative image sub-regions. In fact, besides network
designing, studying the training strategies to organize the
training samples in a meaningful order is also very helpful for
enhancing the performance gain[5]. However, there has few
fine-grained recognition works on this topic.

Curriculum learning(CL) is the representative method that
can organize the training samples from easy to hard. Design-
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Fig. 1. Illustrating the difference between conventional cur-
riculum learning and our method in fine-grained dataset.
Fine-grained dataset is challenging because the intra-class re-
lation is large and the inter-class relation is small. The diffi-
culty scores in conventional curriculum learning lose its effi-
ciency in this dataset.

ing the difficulty score of training samples is the key point
in curriculum learning. According to the design of difficulty
score, the state-of-the-art curriculum learning methods can be
roughly categorized into pre-defined methods[6—8] and auto-
matic methods[9-16]. Pre-defined methods manually orga-
nize the samples from easy-to-hard using human annotators,
i.g. the human response time has been widely used as diffi-
culty scores because it is closely related to a gradation of the
visual search task. In contrast, automatic methods automati-
cally estimate difficulty scores by the feedback from the CNN
output. This design is derived from an observation that the
difficulty of a sample is proportional to the value of CNN loss
function.

Although curriculum learning own the potential advan-
tage in improving the generalization of recognition models[5],
it cannot be applied directly in fine-grained recognition. The
key reason has been clearly shown in Fig. 1(a). Specifically,
it does not just contain mature bird samples, the nestling may
be also involved in the same class. This will cause a large
intra-class variation. In comparison, the inter-class variation
between the challenging sub-classes is small. Based on this
observation, in the fine-grained classification dataset, there
exists a complex training sample relationship, i.e. the intra
and inter class relation in challenging sub-classes is oppo-
site to that in ordinary sub-classes. The difficulty scores in
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traditional curriculum learning methods could not give in-
formative advice because they consider each training sample
as an independent individual. The ranking results of tradi-
tional curriculum learning will be inevitably confused by high
intra-class relation.

In this paper, we do not consider each training sample as
an independent individual. Instead, we plan to explore the
inter and intra class relation to divide the challenging and or-
dinary sub-classes into different groups for designing group-
oriented training strategy. In particular, we first formulate the
difficult group selection as a submodular optimization, where
the difficult groups that owe high intra-class relation and se-
rious occlusion can be discriminated through the optimiza-
tion of the group difficulty indicator. Fig. 1(b) is an exam-
ple to show the final group scores after submodular optimiza-
tion, which can give high score to difficult groups while low
score to ordinary groups. Based on submodular optimization,
we secondly design the training strategy to effectively utilize
group ranking results to achieve progressive training.

The main contributions are listed as follows:

(1) We are the first to formulate the challenging sub-class
selection as a submodular optimization problem, in which the
proposed submodularity-oriented objective function can the-
oretically guide the consecutive discrimination between diffi-
cult and ordinary training subsets.

(2) We integrate the submodular optimization into a pro-
gressive training strategy. With the support of submodular
optimization, the proposed training strategy can dynamically
adjust the ratio of difficult and ordinary training subsets ac-
cording to the learning state of the recognition model.

(3) Extensive experiments have shown that the proposed
submodular optimization based training strategy can be ex-
tended to different kinds of fine-grained recognition models.

2. PROPOSED METHOD

2.1. A brief introduction to submodular optimization

Given a finite set V = {1, 2, ..., n}, a set selecting function f
is submodular if it meets

JAUA{u}) = f(A) = f(BU {u}) - f(B) ey

where A € B C Vand u ¢ B. We can better understand
Eq. (1) through Fig. 2. In Fig. 2(a), if we add D’ to set
{D,}, the increased coverage area can be represented as A. In
comparison, in Fig. 2(b), if we add subset D’ to set {D;, D;},
the increased coverage area can be represented as B. It can be
clearly seen that A is bigger than B. Thus, the submodularity
means that: with the increase of subset, the benefit (i.g. in-
creased coverage area) of the new added subset is linearly de-
creased. Based on submodularity, the submodular optimiza-
tion can utilize a linear optimization strategy to evaluate the
benefit of selecting a series of subsets. In general, the sub-
modular optimization problem with cardinality parameter k
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is formulated as:

max

DCV,|Dl=k f(D).

2

where, D is the selected subset.

(a)Adding D" to set{D,}

(b)Adding D to set{D,, D,}

Fig. 2. Illustration the concept of submodularity

2.2. Submodular optimization based difficult group selec-
tion

In our training strategy, the key point is to progressively di-
vide the entire datasets into groups from easy to hard. Here
we plan to formulate an optimization problem with the goal
of picking out difficult groups. Selecting difficult groups in
a fine-grained recognition dataset is a tough task because it
is required to define a difficulty indicator to explore the rela-
tionship between training subsets. It has been investigated in
the traditional curriculum learning methods that challenging
factors such as high target pose variation and serious occlu-
sion/background clutter are the main characteristic of difficult
samples. Beside of above challenges, samples in fine-grained
recognition datasets have additional challenging factors: high
intra-class variation and low inter-class variation. Thus it is
very hard to use a difficulty indicator to evaluate a single sam-
ple directly. In this paper, we return to the original but effi-
cient idea that exploring the sample relation to design group
difficulty indicator.

2.2.1. Group difficulty indicator

Inspired by fisher criterion, the group difficulty indicator
(GDI) is defined as follow

Ave_inter

GDI 3)

" Ave_intra

The numerator “Ave_inter” is denoted as the average inter-
class similarity between different categories, the denomina-
tor “Ave_intra” is denoted as the average value of intra-class
similarity of a certain category. Choosing “Ave_inter” as the
numerator means that in the optimization process, if some
sub-categories are very similar, “Ave_inter” can be optimized
to obtain a higher score. Similarly, the denominator means
that if some sub-categories have high intra-class similarity,
“Ave_intra” can be optimized to give a lower score for GDI.
The index GDI in Eq. (3) is proportional to the difficulty de-
gree of a certain category, which meets the characteristic of
fine-grained recognition task.
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2.2.2. Submodular optimization

Here we define a group is composed of at least one cate-
gory. Based on this definition, the process of selecting diffi-
cult categories is formulated as a GDI indicator based opti-
mization. The submodular optimization function is expressed
as follows:

1
max ———— X, X))
\Di=m |D] - |S|XJZ€;f !
(€]

D, fox

1 2
—1— - -

|D|,§)|Xi| X =1 4
where D denotes the set of categories are to be selected, S de-
notes the set of categories that are similar to D, f is the select-
ing function, which is submodular. X; denotes the ith category
in D, X denotes the jth category in §. X; = [x}, o X, X,
n denotes the number of samples in X;. |D| = m is the cardi-
nality constraint for selecting m categories.

The optimization problem Eq. (4) is aimed to select a
subset D with m samples from N categories. The advantage
of this design is that we can make the selected subsets D be-
come more discriminative through maximizing the inter-class
similarity and minimizing the intra-class similarity. Specif-
ically, the first term x5 f(Xi, X;) in Eq. (4) indicates the
average inter-class similarity between similar categories. The
second term of Eq. (4) indicates the average value of intra-
class similarity of difficult samples in a certain category. Pa-
rameter 4 > 0 balances the importance between intra-class
and inter-class similarity.

Eq. (4) is a non-monotonic submodular optimization with
cardinality constraints. Inspired by the work in [17], we pro-
pose a random greedy algorithm, which can reach an approxi-
mation of 1/e for general non-monotone objectives. The time
complexity of proposed algorithm is O(nm). Details of the
algorithm are shown in Algorithm 1.

Algorithm1 Random Greedy Algorithm

Input: Dy < 0: initialize the difficulty category, N:total category
Output:D,,:a set contain m difficult categories
l:fori=1tomdo
9 Let M; € N\ D,_, be a subset of size m maximizing
' Ywem; M U Di_y) — h(D;_y)
3: Let u; be a uniformly random element from M,
4:Let D; « D; +u
5: end for

2.3. Progressive training strategy

Traditional CL is the sample based training strategy. In
contrast, our design is a group based training strategy. Thus
traditional CL methods could not give much information. In
our training strategy, the main innovation is to define a sim-
ple yet efficient parameter namely « to indicate the ratio of
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difficult and ordinary subsets. As the value of @ dynamically
decreases, the classifier focuses on ordinary training subsets
at first, gradually focuses on difficult training subsets later.
Based on this design, we successfully integrate the difficult
group selection into a progressive training framework (see
Fig. 3).

Datasets

Difficult L2
atagories

C:
Ordinary
Catagories |

Ordinary sample
Hard sample
2

2) Submodular
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Fig. 3. The flow chart of our progressive training strategy.

3. EXPERIMENTS

In this section, we first briefly introduce the experimental
setting including datasets and implement details. Then we
test the generality of our proposed progressive training strat-
egy, where representative CNN backbones and state-of-the-
art fine-grained recognition methods are included. Finally,
we carry out an ablation study to test the effectiveness of sub-
modular optimization based difficult group selection.

3.1. Experimental setting

Datasets: We explore the effectiveness of our proposed pro-
gressive training strategy on two fine-grained datasets, i.e.,
CUB-200-2011[18] and Stanford Dogs[19].

Implement details: For fair comparison, an input image is
firstly resized to 600 * 600 and then it is cropped into 448 *
448 for CUB-200-2011 and Stanford Dogs(random cropping
for training and center cropping for testing). The batch size is
set to 64. We select the SGD optimizer to optimize the classi-
fier with a momentum of 0.9. The learning rate is initialized
as 0.01 for CUB-200-2011 and 0.003 for Stanford Dogs. We
implement the experiments on four Nvidia Tesla P100 GPUs.

3.2. Experimental results

Experiment on public datasets: In this test, we show the
experimental results on CUB-200-2011 and Stanford Dogs
datasets (see Table. 1). The original recognition model that
does not contain training strategy is named as w/o strategy.
The model that involves our progressive training strategy is
named as w strategy. From Table 1 we could clearly see
that after adding our progressive training strategy to three
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Table 1. Comparison of different methods on two fine-
grained recognition datasets.

Method CUB-200-2011 Stanford Dogs
W/o strategy(%)w strategy (%)wj/o strategy(%)w strategy(%)
VGG16[20] 73.4 74.25 68.32 71.47
ResNet50[21] 82.39 83.41 84.69 85.69
DesNet121[22] 80.79 81.81 79.9 80.96
API-Net[23] 87.45 88.16 79.9 80.5
CAL[24] 89.98 90.47 88.96 89.45

CNN baselines, they achieves about a 1.1% improvement
in CUB-200-2011. In Stanford Dogs datasets, our training
strategy again gets 1.2% and 0.6% performance gain in CNN
backbone and a top fine-grained recognition method namely
API-Net. This greatly shows the generality of our proposed
training strategy.

Comparison to curriculum learning: The competitors in
this test are transfer teacher[11] and self-paced learning[9],
which are two well-known curriculum learning methods.
The testing results are shown in Fig. 4. From Fig. 4 we
could clearly see that adding the proposed training strategy
to ResNet50 can give faster convergence and higher accuracy
than two curriculum learning methods.
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Fig. 4. Experimental comparison to curriculum learning.
Our method (in red) can reach higher accuracy and faster con-
vergence than curriculum learning methods in fine-grained
datasets.

Visualization: To validate the effectiveness of our method,
the Grad-CAM method[25] is used to generate the heatmaps
for visualizing the performance of progressive training strat-
egy. The visual results are shown in Fig. 5. From Fig. 5
we could see that the integration of difficult group selection
and the progressive training can guide the CNN backbone to
locate informative sub-regions of difficult sample.

3.3. Ablation study

Submodular optimization is the core in our progressive
training strategy. In this part, we will show the efficiency of
proposed submodular optimization. Specifically, it has been
verified in curriculum learning that the difficulty of image is
proportional to the value of CNN loss function. This means
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After 10 epoch

After 50 epoch After 90 epoch

Fig. 5. Visualization results. The first row show the result
on ResNet50 backbone without any training strategy while
the second row show ResNet50 backbone with our training
strategy.

that the accuracy of testing model can be considered as an
indicator to test the ranking results. Based on this observa-
tion, we use the proposed submodular optimization to rank
the groups, the pre-trained ResNet50 is used to calculate the
averaged accuracy of different groups. From Fig. 6 we could
clearly see that the averaged group recognition accuracy fol-
lows an increasing trend, which can verify the efficiency of
group ranking result.

mGDI mACC

groupl group2 group3 group4  groups group6
Fig. 6. Testing the efficiency of the proposed submodular
optimization. The proposed submodular optimization is de-
rived from group difficulty indicator (GDI). As GDI de-
creases, the averaged accuracy of the selected group gradually
increases, indicating that the proposed submodular optimiza-

tion can give a reasonable ranking result.

4. CONCLUSION

In this letter, we propose to integrate the difficult group se-
lection and the progressive training into a submodular opti-
mization framework, which progressively generates training
subsets to guide the training process in a meaningful order.
Extensive experiments have shown that our method can be ex-
tended to various fine-grained recognition models with promi-
nent accuracy enhancement.
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