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ABSTRACT

Answering questions with natural language by extracting in-
formation from image has great potential in various applica-
tions. Although visual question answering (VQA) for natural
image has been broadly studied, VQA for remote sensing data
is still in the early research stage. For the same remote sens-
ing image, there exist questions with dramatically different
difficulty-levels. Treating these questions equally may mis-
lead the model and limit the VQA model performance. Con-
sidering this problem, in this work, we propose a self-paced
curriculum learning (SPCL) based VQA model with hard and
soft weighting strategies for remote sensing data. Like human
learning process, the model is trained from easy to hard ques-
tion samples gradually. Extensive experimental results on two
datasets demonstrate that the proposed training method can
achieve promising performance.

Index Terms— visual question answering (VQA), self-
paced curriculum learning (SPCL), remote sensing, deep
learning

1. INTRODUCTION

Recently, novel tasks such as image captioning and visual
question answering (VQA) have been developed for under-
standing and analyzing Earth observation data in a multi-
modal way. These tasks need to take multi-modal knowledge
into account, involving both computer vision (CV) and natu-
ral language processing (NLP) research fields. Among them,
VQA is an important component of computer-aided systems
and receives increasing attention in recent years. Given an im-
age and the corresponding natural language questions about
this image, VQA system aims to provide correct answers to
the questions [1].

VQA is a challenging task, which needs to learn multi-
modal feature representations from both image and language
jointly. For one thing, VQA system should be able to process
visual information well to understand the image. For another
thing, it also needs to reason over natural language and then
answer the question according to multi-modal features [2].
The great success of deep learning has enabled remarkable
achievements in CV and NLP. These advances also make it
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Fig. 1. Motivation of the proposed method. We aim to train
the VQA model from easy questions first and include hard
ones gradually.

possible to understand the image and natural language at a
higher-semantic level.

Attention mechanisms [3, 4] and multi-modal feature
learning [5] methods are widely employed in many CV and
NLP tasks. VQA for natural image has also gained bene-
fits from these methods in recent years. However, VQA for
remote sensing data is still in the early research stage and
needs more exploration. Lobry et al. [6] first introduced the
task of VQA for remote sensing data (RSVQA) and creat-
ed two remote sensing-oriented datasets via the data from
OpenStreetMap and pre-defined templates. Their work paves
the way for the remote sensing imagery based VQA task and
provides inspiration for later researchers.

A common rule of human learning process is to learn from
easy samples first and then include hard samples gradually, as
shown in Fig. 1. Inspired by this, self-paced curriculum learn-
ing (SPCL) has been proposed, which takes both prior knowl-
edge before training and feedback during training into ac-
count [7, 8]. However, its effectiveness is still under explored
for VQA task on remote sensing data. As displayed in Fig.
2, for the same remote sensing image, there exist questions
with dramatically different difficulty-levels. Since VQA task
involves learning both visual and language concepts, learn-
ing easy and difficult questions simultaneously may make the
model confused and then limit the performance.

Considering this problem, in this work, we propose a SP-
CL based VQA model to mimic the human learning process.
Specifically, we intend to model the incrementality and the
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Is there a commercial building?                                        No
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Fig. 2. There exist questions with clearly different difficulty-
levels for the same remote sensing image.

cumulative nature of human learning process in RSVQA task.
By designing SPCL strategy, the proposed method can start
learning from easy questions and gradually to hard questions.
Experiments on two datasets have demonstrated the effective-
ness of the proposed method. Overall, the contributions can
be summarized as follows:

1. In order to incorporate prior guidance in the learning
process, a curriculum learning method is designed for
RSVQA task by measuring the difficulty of different
question types. Specifically, the difficulty of the ques-
tion is mainly defined by the length of the question and
the prior weight.

2. SPCL with hard and soft weighting strategies is studied
for RSVQA task, where model can receive both prior
knowledge and dynamical learning progress informa-
tion. This enables a more effective training process by
learning from easy questions to hard ones gradually.

3. Extensive experiments on two datasets are conducted
and the results demonstrate the effectiveness of the pro-
posed SPCL method for RSVQA task.

2. METHODOLOGY

The overall architecture of the proposed method for RSVQA
task is shown in Fig. 3. First, multi-modal features are ex-
tracted from two types of inputs, including the given image
and the corresponding question. Then, visual features and
language features are fused to get the multi-modal represen-
tation. In this work, we formulate the RSVQA task as a clas-
sification problem. Therefore, the answer is predicted via a
classifier in the final step.

2.1. Self-paced Learning for RSVQA

In the feature learning part, the input image and question are
transformed into visual and language features, respectively.
Supposing that the ith input image is xi and the ith input
question is qi, the two types of extracted features are then
fused together to form the multi-modal feature representation.
At last, self-paced learning (SPL) [9] is employed to train the
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Fig. 3. Main architecture of the proposed method. Three parts
are included: 1) visual and language feature learning part;
2) multi-modal feature fusion part; 3) answer prediction and
SPCL training part.

model by gradually including from easy to complex question
samples.

Self-paced learning is a joint learning objective, which
can control the training process and optimize the target task
jointly in a unified framework. Specifically, SPL introduces
adaptive weight for each training sample to realize an im-
portance sampling strategy during the training process. Let
v = [v1, v2, ..., vN ] be the weight vector for each sample from
N training questions. The SPL loss function can be formulat-
ed as:

min
w,v

E(w,v, λ) =

N∑
i=1

viL (yi, g (xi,qi,w))+f(v;λ), (1)

where w represents the weight of the network. v reflect-
s the importance of samples. yi is the training label of an-
swer corresponding to the input image xi and question qi.
L (yi, g (xi,qi,w)) is the loss function between the ground
truth answer yi and the predicted answer g (xi,qi,w). λ can
control the learning pace, which can also be interpreted as the
“age” of the deep model.

f(v;λ) is called the self-paced function or self-paced reg-
ularizer, which can control the learning scheme. During each
training iteration, the weight vector v is updated by optimiz-
ing the self-paced function. In this work, we adopt the hard
and soft regularizer for SPL. We further compare the perfor-
mance of them on RSVQA task in the experiment section.
Specifically, we define f(v;λ) for the hard and soft regular-
izer as the following equations:

Hard : f = −λ
n∑
i=1

vi,v ∈ {0, 1}N ,

Soft : f = λ

(
1

2
v2 − v

)
,v ∈ (0, 1)N .

(2)

Equ. 1 is a biconvex optimization problem with two dis-
joint blocks of variables. Alternative convex search is usually
used to solve it. When the weight w is fixed, the global opti-



Table 1. Ablation Study on Low Resolution Dataset. Both the Mean Value and the Standard Deviation are Reported.
Types Baseline SPL(Hard) SPL(Soft) SPCL(Hard) SPCL(Soft)
Count 72.35% (0.31%) 72.68% (0.28%) 72.80% (0.48%) 72.48% (0.41%) 72.59% (0.06%)

Presence 88.81% (0.02%) 88.81% (0.09%) 89.04% (0.12%) 88.74% (0.12%) 89.68% (0.22%)
Comparison 87.74% (0.29%) 87.30% (0.18%) 89.47% (0.11%) 87.51% (0.18%) 89.97% (0.05%)
Rural/Urban 82.67% (1.16%) 84.00% (1.00%) 83.67% (0.58%) 85.33% (0.58%) 83.67% (0.58%)

Average Accuracy 82.80% (0.35%) 83.20% (0.24%) 83.74% (0.27%) 83.52% (0.20%) 83.97% (0.10%)
Overall Accuracy 83.29% (0.16%) 83.36% (0.15%) 84.47% (0.46%) 83.39% (0.07%) 84.67% (0.07%)

mum v∗ for the hard regularizer can be calculated by:

v∗i =

{
1, L (yi, g (xi,qi,w)) ≤ λ,
0, otherwise. (3)

Similarly, the global optimum v∗ for the soft regularizer
can be computed by:

v∗i =

{
−Lλ + 1, if L (yi, g (xi,qi,w)) ≤ λ,
0, otherwise.

(4)

Then, the model weight w is updated with the fixed v.
The values of loss function for easy question are usually s-
maller than those for hard ones. If the loss value L is smaller
than λ, the corresponding questions will be considered as rel-
atively easy samples to train the model with higher priority.
As the value of λ increases, the model will involve relatively
harder questions with larger loss values. During the training
process, λ, i.e., the “age” of the deep model increases gradu-
ally along with the training iteration. In this work, we record
the maximum and minimum loss value of the epoch t − 1,
and use these two values to update λ. Specifically, λ can be
computed as:

λ = (max(Lt−1)−min(Lt−1)) ·K + min(Lt−1), (5)

where K is used to adjust the value of λ.

2.2. Self-paced Curriculum Learning for RSVQA

Although SPL is useful for learning samples gradually from
easy to hard ones, it does not incorporate prior guidance in
the learning process. At the beginning, the network weights
are randomly initialized, and the loss values of easy and hard
examples may not be accurate to determine the true difficulty
level of each question. Thus, incorporating prior knowledge
is necessary to deal with this situation [10].

Different types of questions tend to have different difficulty-
levels. For instance, the question “How many buildings are
there?” is obviously much harder than the question “Is a
building present?”. This is mainly because counting is a more
difficult task than the classification task. In addition, longer
questions are usually more difficult than shorter ones. In-
spired by this observation, we design an effective curriculum

learning method based on question length (QL) and prior
weight for different question types.

min
w,v

E(w,v, λ,Ψ) =

N∑
i=1

viL (yi, g (xi,qi,w)) + f(v;λ),

s.t. v ∈ Ψ,

(6)

where Ψ =
{
v | aTv ≤ c

}
is the pre-defined curriculum re-

gion, where the weight vector v is initialized.
In practical, we can define ai by a ranking function

ai = W (qi) ∗ QL(qi), where W (qi) is the pre-defined prior
weight for different question types. QL(qi) indicates the
length of question, which is calculated by summing the num-
ber of words in the question and divided by the max question
length. As presented in Equ. 6, the curriculum region can be
obtained with the defined ranking function a and a constant
value c.

3. EXPERIMENTS AND DISCUSSION

The proposed method is evaluated on two public RSVQA
datasets from [6]: the Low Resolution (LR) and the High Res-
olution (HR) dataset. There are 772 images of size 256 ×
256 with 77,232 questions and answers in the LR dataset.
HR dataset contains 10,659 images of size 512 × 512 with
1,066,316 questions and answers.

Since the test set in LR dataset is not publicly released,
we use cross-validation for the performance evaluation. For
the HR dataset, we follow the settings in [6] for evaluation.
Adam optimizer with the initial learning rate 1e-5 is used for
training. The batch size for both datasets is 70. Besides, 150
epochs are used to train the model in the LR dataset and 35
epochs are used in the HR dataset. Note that curriculum learn-
ing is only used to initialize the weights in the first 15 epochs.

We take the method of [6] as the baseline, and replace the
traditional cross entropy loss with the proposed loss function.
Detailed accuracy of different question types, average accu-
racy and overall accuracy are used as the evaluation measure-
ments. Each model is trained 3 times. The mean value and
the standard deviation are reported for both datasets.

The experimental results of the LR dataset are shown in
Table 1. For the LR dataset, there are four question types:



Table 2. Experiment Comparision on the Test Set 1 of HR
Dataset. Both the Mean Value and the Standard Deviation are
Reported.

Types Baseline SPCL(Soft)
Count 68.63% (0.11%) 68.91% (0.03%)

Presence 90.43% (0.04%) 90.66% (0.08%)
Comparison 88.19% (0.08%) 89.07% (0.27%)

Area 85.24% (0.05%) 85.66% (0.26%)
Average Accuracy 83.12% (0.03%) 83.57% (0.11%)
Overall Accuracy 83.23% (0.02%) 83.69% (0.11%)

Count, Presence, Comparison and Rural/Urban, and the cor-
responding prior weights W (qi) are {Count : 4.0,Presence :
1.0,Comparison : 3.0,Rural/Urban : 1.0}. Table 1 shows
that compared with the baseline method, using SPL is ef-
fective for performance improvement of VQA task. More-
over, “SPL (Soft)” can achieve better performance than “S-
PL (Hard)”. The results show that jointly using prior knowl-
edge (curriculum learning) and adaptive re-weighting (SPL)
can further enhance the performance. Moreover, we find that
using soft weights v ∈ (0, 1)N is more effective than hard
ones v ∈ {0, 1}N .

Table 2 shows the comparison results on the HR dataset.
For the HR dataset, there are four question types: Coun-
t, Presence, Comparison and Area, and the corresponding
prior weights W (qi) are set as {Count : 4.0,Presence :
1.0,Comparison : 3.0,Area : 4.0}. From the results we can
see that the proposed “SPCL (Soft)” can effectively enhance
the performance of RSVQA for different question types. By
simply replacing the traditional cross entropy loss with SPCL
loss, the proposed method can achieve better performance.
This reveals that the training strategy “learning from easy to
hard” is effective for RSVQA task.

4. CONCLUSION

In this paper, we propose a SPCL based VQA model with
hard and soft weighting strategies for remote sensing data
to train the model from easy to hard question samples. SP-
CL based VQA model can take both prior knowledge before
training and dynamic feedback during training into account.
Prior knowledge contains the difficulty-levels of the questions
including the length and the prior weight. Dynamic feedback
means that when the loss function is less than a certain val-
ue, the sample will participate in training. Ablation studies
and comparisons with the baseline method are conducted on
the LR and HR datasets. The experimental results demon-
strate that the proposed method can achieve promising per-
formance.
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