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Abstract

Documents contain data visualizations to summarize
large pieces of information effectively. In the pursuit of
true document understanding, it is important to understand
these visualizations in documents as they can help in tasks
like summarization and question answering. These visual-
izations have an inherent structure and this paper attempts
to leverage this structural information in the visualizations
to improve question answering performance.

We specifically focus on bar charts and use bounding box
information given in the dataset to identify the graphic and
text elements separately. This allows us to learn separate
features for the two different types of elements which is in
stark contrast to the current practice of using a single fea-
ture for the whole visualization using models pre-trained on
ImageNet dataset. Moreover, we use the multi-head atten-
tion mechanism to attend to these different features in the
context of the given question. Our experiments on a subset
of the DVQA dataset show that using structural information
gives significantly better results than the current baseline
models and using multi-head attention mechanism improves
the capability of the model to answer complex questions.

1. Introduction
Document understanding has always been an active area

of research. This has given rise to problems like summariza-
tion [3], information extraction [6], and machine reading
comprehension [4, 20]. Scientific documents from repos-
itories like PubMed1 form an important corpus for many
of these problems. In such documents, data visualizations,
e.g. bar charts, pie charts, and plots, play an important role
in summarizing large amounts of information effectively.
Readers use these visualizations to get a quick understand-
ing of the information in the scientific documents, e.g. re-
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Figure 1: Structural information present in a bar chart

sults of an experiment, distributional characteristics of the
dataset etc. Thus, in order to build a holistic understanding
of the document, it is vital to understand these data visual-
izations.

Recent advances in Visual Question Answering (VQA)
[15, 16] have sparked an interest in understanding these
visualizations. VQA systems can answer complex natural
language questions based on a given image. The release of
large scale datasets like FigureQA [12] and Data Visualiza-
tion Question Answering (DVQA) [10] has made it possible
to leverage deep learning based models, originally proposed
for VQA, for understanding data visualizations and answer
questions on them. However, the baselines presented for
these datasets [10, 12] use models [18, 23] that consider the
visualization as a single image. There is no attempt to make
use of the structure present in these visualizations and treat
the text elements in the visualization differently from the
graphic elements.

In this paper, we aim to leverage the structured infor-
mation present in data visualizations to build an effective
question answering system for data visualizations. For this
paper, we only consider bar chart visualizations. Figure 1
shows the structural information present in a bar chart. Bars
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are graphic elements and the bounding box information can
help identify each bar individually as well as the value de-
picted by the bar. Similarly, the text elements in the bar
chart can also be identified and the text can be extracted
using standard OCR packages. In comparison, prior ap-
proaches only consider the visualization as a single image
and use CNN features pre-trained on ImageNet [5] dataset.
However, we use individual features for all different ele-
ments in the visualization in addition to the CNN features
for the whole image. We use image features for each of the
graphic elements in the bar chart and similarly, use text fea-
tures for the text elements. We pass all these features to a
model that uses a stacked attention mechanism to attend to
these features in the context of the given question to find the
correct answer. We argue that using such rich structural in-
formation improves the model’s ability to establish relation
between different elements in the bar chart which is specif-
ically crucial for answering complex reasoning-based ques-
tions. Moreover, we propose a multi-head attention mecha-
nism [22] to attend to these features that helps in capturing
multiple aspects of the same feature and further improve the
model’s understanding of the visualization.

We make the following contributions in this paper:

1. We propose an approach that exploits information
about the structure of the data visualizations. Our
model treats the graphical elements in the visualiza-
tion (like bars in bar charts) differently than the text
elements (legend and titles). Different features are ex-
tracted for different types of elements instead of pass-
ing a single feature representation for the whole visu-
alization.

2. We use the attention mechanism to attend to differ-
ent features of the visualization in the context of the
given question. Our approach is flexible to accommo-
date different attention mechanisms and we find, that a
multi-head attention mechanism performs better than
a single attention mechanism.

3. We test the efficacy of our approach on the DVQA
dataset [10] and our experiments show that using infor-
mation about the structure of the visualizations actu-
ally helps in improving the model’s understanding and
ultimately its performance on the question answering
task. We show that our approach outperforms the best
performing baseline proposed by the DVQA dataset
authors by a significant margin.

The rest of the paper is organized as follows: Section 2
describes the prior art and Section 3 explains the solution
architecture. Section 4 presents the experimental setup and
the results. Section 5 concludes the paper.

2. Related Work
In this section, we provide an overview of related work

in the area of VQA and figure understanding.

2.1. Visual Question Answering (VQA)

There is an active interest in the community for devel-
oping VQA systems to answer natural language questions
about an image. This interest has led to emergence of sev-
eral datasets [2, 17] and sophisticated models ranging from
Bayesian approaches [11] to neural attention based meth-
ods [23, 14]. There are certain differences between un-
derstanding images and visualizations that limit the direct
application of these models in our setting. First, all these
models consider the visualization image as one single entity
and use CNN features pre-trained on ImageNet [5] dataset.
It is a potential problem since the answer to many ques-
tions on a visualization can come directly from the text in
them and this information is lost when we treat it as a sin-
gle image. This makes it extremely difficult for the model
to recover the actual text through these pre-trained features.
Second, the problem of out-of-vocabulary (OOV) words is
more pronounced in case of visualizations than images in
the VQA datasets [2, 17]. Since different visualizations
capture different information, thus, the same text labels are
not encountered in many visualizations in a realistic setting.
Thus, effective question answering systems for visualiza-
tions need to be more robust in handling OOV words both
in the question as well as the answer.

2.2. Figure Understanding

We are trying to address a problem that falls under the
area of figure understanding. Figure understanding refers to
being able to answer reasoning based questions for a given
figure. The answers to these questions require more com-
plex inference skills than simply looking at the graphic el-
ements in the figure. The CLEVR [9] dataset is one of the
more popular datasets for such problems. However, the lack
of multiple-choice questions in our setting makes the task
harder as now the models need to come up with open ended
answers. There also has been some prior work specifically
for extracting information from bar charts [1, 19]. But these
works only focus on extracting the information from the vi-
sualization and do not address the problem of answering
reasoning-based questions on them.

3. Solution Architecture
Figure 5a shows our solution architecture. We take mo-

tivation from the stacked attention network (SAN) [23] ar-
chitecture for VQA. The SAN model consists of an image
model, a question model, and a stacked attention network.
The image and question models produce feature represen-
tations of the input image and question. The first attention
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Figure 2: Solution Architecture

module attends over the different image features using the
question and produces a more informative representation.
The second (stacked) attention module attends over the im-
age features using this new representation. The output of
the final layer is passed through a linear softmax layer to
get the final answer. In the following subsections, we ex-
plain the individual feature extraction modules and the two
types of attention mechanisms.

3.1. Image Model

The image model in the SAN network passes the image
through a CNN (like VGG [21] or ResNet [8]). We pass
the 448 × 448 × 3 image through a 16 layer VGG net-
work pretrained on the ImageNet dataset. We use the image
features (fI ) from the last pooling layer of the final convo-
lutional block. The size of fI will be 196 × 512 which can
be thought of as features in dimension R512 for regions in a
14 × 14 image.

fI = VGG16pool5(I)

We term these feature representations as global image
features. In addition to these, we compute three other fea-
tures that capture structural information in the images.

3.1.1 Bounding Box RoI Features

The main structure present in the data is the bounding box
information for the bars in graphs (refer Figure1). We use
these bounding boxes as regions of interest and perform re-
gion of interest pooling (RoI pooling) [7] over the image
features fI . The maximum number of bars over all images
in the dataset is 30. Therefore, the output of this layer will

be of size 30 × 512 × 7 × 7 (masked appropriately). To re-
duce the dimension of the output we apply an average pool-
ing layer on top of this to obtain a final feature vector of size
30 × 512.

fRoI = ROI POOL(fI , bboxes)

3.1.2 Text Features

An image consists of multiple textual annotations (ele-
ments). There are six types of text elements present in a bar
chart: {legend heading, legend, value ticks, title, x ticks,
y ticks}. We encode the texts in the image using the dy-
namic encoding model (DEM) [10]. DEM maps each text in
the image to a unique numeric index. DEM computes these
mappings using a deterministic algorithm over the bound-
ing boxes of the texts. This helps in dynamically adding the
words from the image by aliasing them with indices based
on their position in the image instead of the actual text itself.

We represent these DEM encoded texts using indicator
features (Itext) that are passed to an embedding layer of
embedding size t. Further, we also compute an indicator
feature for the text type (Itype) and concatenate it with the
DEM text embedding.

The maximum number of texts in an image are 30.
Therefore, the output of the embedding layer will be 30 ×
t (masked appropriately). The final representation of the
texts in the image after concatenating the type information
will be of size 30 × (t+ 6).

ftext = [Wt · Itext; Itype]
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3.1.3 Position Features

The features discussed in sections 3.1.1 and 3.1.2 do not
contain any information about the relative or absolute po-
sitions of the bars or texts. Therefore, we also concatenate
the bounding box RoI and text representations with absolute
bounding box positions. In the following equations, x, y de-
note the coordinates of the top-left corner while w, h denote
the width and height of the bounding box.

ftext+pos = [ftext;x; y;w;h]

fRoI+pos = [fRoI ;x; y;w;h]

3.2. Question Model

Given a set of questions from the training set, we gener-
ate a vocabulary consisting of words from the question. We
remove those words from the vocabulary, which are also
present as text on a bar chart (chart-specific words). We
represent these chart-specific words by the bounding box
indices returned by DEM as explained in section 3.1.2.

Given a question Q = [q1, q2, .., qn] denoted by indica-
tor features, we compute an embedding of size q using an
embedding matrix Wq . We pass these embedded vectors
through a LSTM and represent the question using the out-
put of the last timestep of the final layer of the LSTM.

xi = Wq · qi for i ∈ 1, 2, .., n

fQ = LSTM([x1, x2, .., xn])

3.3. Attention Mechanism

We describe two different attention mechanisms (mod-
ules) in the following subsections. Each attention module
is used in a stacked fashion to fetch information from the
feature set for a given question and image.

3.3.1 Simple Attention

Given the image features, described in Section 3.1, along
with the question embedding, we query the relevant features
to the question by attending multiple times over the fea-
tures. We project the image features fI , RoI features fRoI

(or fRoI+pos), and the text features ftext (or ftext+pos) to
the space of the question embedding fQ using a linear layer.
Then, we compute attention weights for the bounding box
features as follows.

aRoI = tanh(WRoI · fp
RoI + (WQ · fQ + b))

pRoI = softmax(WP · aRoI + bP )

f̃RoI =
∑
i

pRoIi
· fp

RoIi

u = fQ + f̃I + f̃RoI + f̃text

Linear

tanh

Linear

SoftMax

MatMul

fRoI Rq

Attention

fQ Rq

Figure 3: Illustration of simple attention mechanism. fRoI

in the image represents the projected features. The output
is f̃RoI .

This is illustrated in Figure 3. Here fp
RoI are the projected

features and fp
RoIi

corresponds to the features of one bound-
ing box. Each weight pAi

corresponds to the attention
weight of fp

RoIi
and we add the weighted features back to

the question embedding. We compute attention weights for
the other features in a similar fashion and add the weighted
features back to the question embedding. Given this new
embedding, we iterate this process multiple times, thus
stacking layers of attention on top of each other. Formally,

akRoI = tanh(W k
RoI · f

p
RoI + (W k

Q · uk−1 + bk))

pkRoI = softmax(W k
P · akRoI + bkP )

f̃k
RoI =

∑
i

pkRoIi
· fp

RoIi

uk = uk−1 + f̃k
I + f̃k

RoI + f̃k
text

We do this for K times (K = 2 in our case) and obtain the
answer from a softmax layer.

pans = softmax(Wu · uK + bu)

3.3.2 Multi-head Attention

We use the idea of using multiple heads from literature [22]
to jointly attend to different kinds of features that might be
complementary and get lost when a single head is used due
to averaging. We use multi-head attention over different
types of features to obtain the attended features and add
them back to the question representation just like before.
The attention for RoI features is illustrated in Figure 4. For-
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Figure 4: Multi-head attention. fRoI in the image repre-
sents the projected features. The output is f̃RoI .

mally, at stack level k and attention head h,

hakRoI = tanh(hW k
RoI · f

p
RoI ⊕ (hW k

Q · uk−1 + hbk))

hpkRoI = softmax(hW k
P · akRoI +

hbkP )

f̃k
RoI = tanh(W o

RoI · [1pkRoIi
· fp

RoIi
; ...;HpkRoIi

· fp
RoIi

])

uk = uk−1 + f̃k
I + f̃k

RoI + f̃k
text

Here H (= 3 in our case) is the total number of heads. The
final output uK is passed through a linear layer with soft-
max activation as before to obtain the prediction.

4. Experimental Evaluation
4.1. Dataset

We perform our experiments on the DVQA dataset [10].
It is a synthetically generated dataset consisting of more
than 3 million question-answer pairs for 300, 000 bar chart
images. The questions can belong to one of the three cate-
gories: structure understanding, data retrieval or reasoning.
The structure understanding category consists of questions
on the overall structure of the bar chart while the data re-
trieval category contains questions pertaining to fetching in-
formation from specific parts of the bar chart. Questions in
the reasoning category require focusing on multiple parts of
the bar chart and drawing inferences from them. Reasoning
based questions are arguably the most difficult category of
questions among the three categories mentioned above.

Further, three splits of the dataset are provided: train, val
easy and val hard. The difference between the val easy and
val hard set is the vocabulary that generates the text labels
in the bar charts. For all the bar charts in the sets train and
val easy, the DVQA [10] authors use the same vocabulary
to generate the text labels. However, the text labels in the
val hard set are completely different and thus, unseen dur-

Images Questions
train 1992 23,253

val easy 500 5,805
val hard 497 5,813

Total 2,989 34,871

Table 1: DVQA dataset statistics for the three splits

Structure Data Reasoning
train 3,148 7,519 12,586

val easy 751 1,878 3,176
val hard 805 1,829 3,179

Total 4,704 11,226 18,941

Table 2: Question Type Distribution across the three splits
of the dataset

ing training. Due to the sheer size of the dataset, we use
a 1% random subset of the all the three splits. All future
references of the dataset in the paper refer to these subsets
of dataset for the three splits. The basic distributional char-
acteristics of the subsets of each of the splits of the datasets
is given in Tables 1 and 2. It is important to note that the
distributional characteristics of the subset resemble closely
with that of the original dataset.

4.2. Experiment Details

We train all the models with the same hyper-parameters
to make a fair comparison. We use the Adam [13] optimizer
with a learning rate of 0.001. After the first 30 epochs, we
decrease the learning rate by half every 10 epochs. We use
20% of the train set as a holdout set for evaluating the train-
ing across different epochs. We evaluate the model based
on the accuracy of the answer for a given question and bar
chart image. Thus, we train all models in our experiments
using the early stopping criterion by observing the accuracy
on the holdout set.

We train all our models on one Nvidia R© GTX 1080 GPU
and the average time to complete one epoch during training
is about 15 minutes. The code is available at: https:
//github.com/ankurgarg101/plot_qa/.

4.3. Baselines

Since, DVQA [10] is a relatively new dataset, the
best performing baseline is the Stacked Attention Network
with DYnamic Encoding (SANDY) model proposed by the
DVQA authors itself. This model is an adaptation of the
originally proposed version of SAN [23] for VQA.

4.4. Results

We discuss the results of our experiments on the DVQA
dataset in this section. We perform an ablation study to
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understand the importance of structural features as well as
compare the two attention mechanisms described in Sec-
tion 3.3. The results of the experiments on the val easy and
val hard sets are given by Tables 3 and 4 respectively.

The first takeaway from Tables 3 and 4 is that all variants
of our proposed approach perform significantly better than
the SANDY baseline. This justifies our claim in Section 1
that using structural information gives a richer form of su-
pervision to model to aid its understanding of the bar chart.
If we breakdown the accuracy achieved by question type,
we see that the our model architecture improves the most
on data retrieval questions. This is due to the fact that the
answers to many of the data retrieval questions come from
the text elements in the bar charts. Obtaining text features
for those elements makes it easier for the model to establish
the relation between the question and text in the bar chart.
Moreover, similar accuracies on val easy and val hard sets
justifies that our model is quite robust to out-of-vocabulary
problem.

We perform an ablation study by varying the features
used to represent the bar chart image to identify the most
important features. Needless to say, using the text feature
alone on top of the whole image features gives the most
improvement in accuracy. This is due to the same reason
mentioned before that many answers directly come from the
text in these bar charts. Interestingly, as we add the RoI and
Positional features, the accuracy for reasoning-based ques-
tions shows a gradual improvement which is encouraging.
We believe that this is due to the fact that reasoning-based
questions require establishing relations between different
elements in the bar chart (both graphical and text). Hence,
providing separate features for all the elements helps the
model as it doesn’t need to recover them from the features
of the whole image. Finally, we see that the best perform-
ing models use features for all different elements as well as
the whole image. A possible reason behind this observation
can be the fact that the features for the whole image pro-
vide a good context for all elements and aid the model in
establishing relations between them.

Next, we compare the different attention mechanisms
proposed in Section 3.3. We use three heads in the multi-
head attention mechanism for all model ablations. Observ-
ing from Tables 3 and 4, we see that models using multi-
head attention perform better than the ones using simple
attention for the same set of features. This is in line with
the improvement observed in literature by using multi-head
attention [22]. This shows that the relations between ele-
ments in bar-graph images are complex enough to require
multiple heads of attention for learning them. Surprisingly,
most of the improvement is a result of the improvement in
answering data retrieval questions. We leave further quali-
tative analysis of these improvements as a future work.

5. Conclusion and Future Work

In this paper, we present a method to leverage structural
information present in bar charts for better understanding of
data visualizations. We verify our claims empirically on a
subset of the DVQA dataset and show significant improve-
ments on the question answering task. Our models are par-
ticularly better at answering data retrieval questions com-
pared to the baseline SANDY model. We also show that
multi-head attention performs better than a simple single
head attention mechanism.

Currently, our proposed approach uses the ground truth
labels of the bounding boxes. In a real scenario, these might
not be available and region proposals will be needed in this
scenario. Experimenting the proposed model architecture
on the FigureQA dataset will prove its robustness and we
leave this to future work.
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(a) Q: What is the label of the fifth group of bars from the
left?
SANDY: season 7

Multi-Head-Attn: heat 3

Q: Is each bar a single solid color without patterns?
SANDY: yes 3

Multi-Head-Attn: yes 3

(b) Q:What element does the darkorange color represent?
SANDY: 8 7

Multi-Head-Attn: curve 3

Q: Which group of bars contains the smallest valued individ-
ual bar in the whole chart?
SANDY: harbor 3

Multi-Head-Attn: harbor 3

Figure 5: Example results on DVQA dataset for our model using multi-head attention in comparison to SANDY
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