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Finding line-chart images similar to a given line-chart image query is a common task in data exploration and
image query systems, e.g., finding similar trends in stock markets or medical Electroencephalography images.
The state-of-the-art approaches consider either data-level similarity (when the underlying data is present) or
image-level similarity (when the underlying data is absent).

In this paper, we study the scenario that during query time, only line-chart images are available. Our goal
is to train a neural network that can turn these line-chart images into representations that are aware of the
data used to generate these line charts, so as to learn better representations. Our key idea is that we can
collect both data and line-chart images to learn such a neural network (at training step), while during query
(or inference) time, we support the case that only line-chart images are provided. To this end, we present
LineNet, a Vision Transformer-based Triplet Autoencoder model to learn data-aware image representations of
line charts for similarity search. We design a novel pseudo labels selection mechanism to guide LineNet to
capture both data-aware and image-level similarity of line charts. We further propose a diversified training
samples selection strategy to optimize the learning process and improve the performance. We conduct both
quantitative evaluation and case studies, showing that LineNet significantly outperforms the state-of-the-art
methods for searching similar line-chart images.
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1 INTRODUCTION
Line charts have become a popular means to present and communicate data insights in many types
of documents, news websites, and many other applications [8, 11, 19, 40, 50–59, 66, 71, 72, 75, 82].
For example, New York Times uses line charts to show the newly reported COVID-19 cases.
With the increasing usage of line chart, how to search similar line charts has attracted ex-

tensive attention from academia and industry [30, 42, 43, 60, 61, 64, 69, 73, 74]. Specifically, it can
support various downstream applications, such as visualization recommendation [53, 54, 63, 79],
visual query systems [40, 60, 73], visualization corpus construction [31, 83], computational journal-
ism [15], web mining [16, 22, 40], and so on.
Given a line chart query and a repository of line charts to be queried, the line charts similarity

search problem aims to retrieve a subset of the repository where each line chart is “similar” to
the query. The key premise of this problem is how to measure the similarity between line charts.
Existing studies mainly focus on quantifying the similarity between line charts based on the
availability of (meta) data associated with line charts. More specifically, a line chart L may be
associated with the underlying data D (i.e., data for rendering) and a rendered visualization V in
the form of an image (e.g., a PNG file), as shown in Figure 1(a). Accordingly, existing approaches
typically measure the similarity between line charts either based on the underlying data D to
capture data-level similarity [28, 40, 42, 60, 61, 68, 73, 74] or using the rendered line chart image V
to capture image-level similarity, also referred to as visualization-level similarity [30, 43, 64, 69].
Data-level Similarity Search of Line Charts. As shown in Figure 1(b), previous studies [28,
40, 60, 61, 68, 73, 74] utilize distance metrics (e.g., Euclidean distance [21] and Dynamic Time
Warping [17]) to quantify the similarity between line charts based on the underlying data D.
Alternatively, deep learning based methods can encodeD of line charts into learned representations
such that similarity search can be conducted on these representations. For example, Peax [42] uses
a Convolutional Autoencoder to learn the representations from D for searching similar line charts
in the embedding space (see Table 1).
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Image-level Similarity 
Search of Line Charts

(c) Case-2: underlying data of line charts are absent (Input: V)

Similar Line Charts

…

Line Chart V

Data-level Similarity 
Search of Line Charts Similar Query Data

…
Similar Line Charts

Render

Visual Encoding

Mark: line 
X-axis: date
Y-axis: price

Underlying Data (D)

…

(a) Metadata of a line chart L

Rendered Line Chart (V)

（In the form of an image）

Jan 1 2000

date

Feb 1 2000

Mar 1 2000

Jan 1 2010
…

102.37

price

129.6

190.64

593.23
…

Fig. 1. Two cases of similarity search of line charts.
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Table 1. Comparison of LineNet and existing approaches.

Learned?
Available Inputs Similarity

MeasureTraining Time Querying Time
D V D V

Zenvisage [73] No / / Given Not Given Data-level
Qetch [61] No / / Given Not Given Data-level
Peax [42] Yes Given Not Given Given Not Given Data-level
V-CNN [43] Yes Not Given Given Not Given Given Image-level

LineNet (ours) Yes Given Given Not Given Given Data-aware
Image-level

When the underlying data D of line charts are available at query time, the above approaches that
measure the data-level similarity between line charts are simple yet effective. Unfortunately, the
underlying data of line charts are not always available in many cases [43], such as searching for
similar line charts in digital newspapers or when the line chart is rendered as a static image.
Image-level Similarity Search of Line Charts. In order to alleviate the problem that the under-
lying data of line charts are absent at query time, recent researches [30, 43, 64, 69] propose to directly
measure the similarity between line charts by considering the visualization features of the rendered
line chart image V, i.e., the user-perceived visualization similarity as a proxy for the data similarity
between line charts. As shown in Figure 1(c), generally speaking, these works [30, 43, 64, 69]
take as input line chart visualizations (e.g., a PNG image), then convert the visualizations into
representations by leveraging deep learning models such as CNN [39], ResNet [27], and based on
which finally compute the perceptual similarity to return top-k similar line chart images.

Image-level similarity search methods can handle the cases where the underlying data D of line
charts are unavailable at query time (see Table 1). However, existing solutions rely solely on low-
level visual features and may be disturbed by some visualization elements (e.g., markers, legends,
and structures) that do not accurately reflect the similarity between line charts. One opportunity is
to incorporate rich metadata information of line charts (e.g., underlying data) to better generate the
image-level representations of line charts.

Learned Data-aware Image Representations of Line Charts. To overcome the limitations of
the two approaches mentioned above and achieve the best of both worlds, our goal is to train
a model that can accurately distinguish the data distribution (i.e., the characteristics of lines) of
line chart images using only the rendered images V at query time. To achieve this, we propose to
calibrate the model during training time with both the underlying data D and the rendered images
V of line charts. This approach enables us to capture data-aware and image-level similarity more
accurately, even when we only have rendered images V at query time (as shown in Table 1).
Challenges. Learning data-aware image representations of line charts faces three main challenges.
(C1) Given the rendered images V and the underlying data D of line charts, how can we design a
model that can simultaneously learn better representations by capturing both inherent image-level
characteristics and the data distribution of line chart images? (C2) There is currently no off-the-peg
corpus containing a large number of line charts and associated underlying data and rendered
images to drive the model training and evaluate the performance. (C3) How can we judiciously
select a set of representative training samples to effectively and efficiently train the model?
Our Methodology. Our basic idea is to capture image-level characteristics based on visual features
of line chart image V by leveraging the autoencoder architecture, and to calibrate the model to
preserve the data-level similarity based on the underlying data D by leveraging the deep metric
learning technique. Thus, we devise a Triplet Autoencoder architecture, by taking the Vision
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Transformer [48] as the backbone, to build LineNet. LineNet will be trained in conjunction with the
reconstruction loss (for image-level characteristics) and the triplet loss (for data-level similarity)
simultaneously (addressing C1). To facilitate the research on similarity search of line chart images,
we build a large-scale line chart corpus, LineBench, containing over 115K line charts along with
associated underlying data and rendered images. We also crowdsource a set of similar line chart
labels that can be used for evaluation (addressing C2). We design a pseudo labels selection mecha-
nism that can automatically generate effective training samples from LineBench. We further exploit
a novel diversified training samples selection algorithm that carefully selects a set of discriminative
samples to improve the training efficiency and get better performance (addressing C3).
Contributions. We make several notable contributions:
(1) Problem Statement.We formally define the problem of learned data-aware image representations
of line charts for similarity search (Section 2).
(2) LineNet. We propose LineNet, a novel Vision Transformer-based Triplet Autoencoder model to
learn data-aware image representations of line charts by leveraging both the underlying data and
rendered images of line charts (Sections 3 & 4). We further design a diversified training samples
selection algorithm to make the learning process more effective (Section 5).
(3) LineBench. We develop a large-scale line chart corpus, namely LineBench, which has more
than 115K line charts and the metadata from four real-world datasets. We further produce a set of
similarity labels between line chart images by crowdsourcing (Section 6).
(4) Evaluation. We conduct both quantitative evaluations and case studies to demonstrate that
LineNet can work well both in benchmark datasets and real-world cases (Section 7).
The code and dataset for LineNet and LineBench are available at https://github.com/Thanksyy/

LineNet-and-LineBench-SIGMOD2023.

2 PROBLEM FORMULATION

Line Chart.We consider a line chart L as visualization type that visualizes a list of points (p1, p2,
..., pn ), where each point pi = (xi ,yi ), (i ∈ [1,n]), is associated with a x-value xi and a y-value yi .
A line chart L may be associated with the following metadata:

(1) D is the underlying data (i.e., data for rendering) of L (e.g., in Fig. 1(a)). Typically, D is a
sequence of data points (p1, p2, ..., pn );

(2) V is the rendered visualization of L in the form of an image (e.g., in Figure 1(a)).We will
interchangeably use the image and visualization to mention V if the context is clear.

Line Chart Similarity. The key to similarity search of line charts is the distance function
dist(Li , Lj ) between two line charts Li and Lj , where dist(·, ·) can be Dynamic Time Warping
(DTW) [17], Euclidean Distance (ED) [21], or other tailor-made distance functions. The smaller
the dist(Li , Lj ) is, the more similar they are. Given two line charts Li and Lj , a distance function
dist(·, ·), and a threshold τ , we say that Li and Lj are similar iff dist(Li , Lj ) ≤ τ . In this paper, we
take DTW, which is well known to measure the distance between two data series [60, 67, 73], as
the default setting to compute dist(Di ,Dj ).
Given a set L of line charts {L1, L2, ..., Ln} and a line chart query Lq , if the underlying data

D = {D1,D2, ...,Dn} andDq are available at query time, dist(Li , Lj ) can be computed based on these
data points, i.e., dist(Li , Lj ) = dist(Di ,Dj ). However, if the underlying data D = {D1,D2, ...,Dn}

and Dq are absent at query time, that is, only the rendered images V = {V1,V2, ...,Vn} and Vq
of line charts are given at query time, the research problem we ask is that how can we learn a
representation function F (·) of line chart images based on the underlying data D and image V
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during the training step, such that the distance between F (Vi ) and F (Vj ) in the embedding
space can reflect the data similarity while also capturing image-level similarity between
line charts Li and Lj .More specifically, we aim at minimizing |dist(F (Vi ),F (Vj ))−dist(Di ,Dj )|.
In this paper, we use squared Euclidean distance to compute dist(F (Vi ),F (Vj )), which is a widely
adopted measure for computing distance between vector representations in the embedding space.

Next, we formally introduce our studied problem.
Learned Data-aware Image Representations of Line Charts. Given a set L of line charts
{L1, L2, ..., Ln}, and the associated underlying data D = {D1,D2, ...,Dn} and rendered images
V = {V1,V2, ...,Vn}, the problem of learned data-aware image representations of line charts aims
to learn a neural-network based embedding function F (·) to map every line chart image Vi ∈ V to
a low-dimensional length-h embedding vector Ei (i.e., Ei = F (Vi )), such that for any pair of line
chart images Vi and Vj , dist(F (Vi ),F (Vj )) is close to dist(Di ,Dj ):

argmin
θ
|dist(F (Vi ),F (Vj )) − dist(Di ,Dj )| (1)

where θ denotes the neural network parameters, i.e., the learned representation function F (·) is
parameterized by θ .

Therefore, our goal is to train a neural network that maps the rendered line chart images (e.g., Vi
and Vj ) into learned representations (e.g., vectors Ei and Ej ) and the learned representations should
preserve the data similarity while also capturing the image similarity, denoted by dist(Ei ,Ej ) ≈

dist(Di ,Dj ).
If the data-aware line chart image representations functionF (·) is ready, we can support similarity

search (e.g., threshold-based or top-k based) of line chart images.

3 AN OVERVIEW OF LINENET
3.1 Design and Train LineNet

Key Idea. To learn visualization representations of line charts, we need enough labeled simi-
lar/dissimilar images. However, human-annotated examples are far from being enough. To this
end, we propose to generate “similar/dissimilar” pseudo labels as a proxy for the similarity of the
corresponding line chart images V by computing dist(·, ·) based on their underlying data D. We
then design a Vision Transformer-based Triplet Autoencoder framework, i.e., LineNet. The key
idea behind the framework is that we can learn the inherent image-level similarity by leveraging
the Vision Transformer-based Autoencoder while capturing the data-level similarity based on the
Triplet Network with the deep metric learning technique.

For training Triplet Autoencoder-based framework, each training sample is a triplet consisting
of an anchor line chart image, a similar and a dissimilar one to the anchor (see Figure 2(a)-(2)).
LineNet Overview. As shown in Figure 2(a)-(3), LineNet is built using a Triplet Autoencoder
architecture, which consists of three identical autoencoders. For each autoencoder, it consists of an
Encoder and a symmetric Decoder. At the training phase, LineNet takes as input a line chart image
triplet (V,V+,V−), which is comprised of an anchor, a positive (i.e., similar), and a negative (i.e.,
dissimilar) line chart image. We compute dist(·, ·) based on their underlying data D to generate
triplets, which indicates their data similarity. We will discuss how to select triplets in Section 4.3.

For learning data-aware image representations of line charts, we first use line chart image triplets
to enforce LineNet to capture the “data similarity” between line chart images by leveraging the deep
metric learning techniques [29, 70]. For example, as shown in Figure 3, the optimization objective
of metric learning is to minimize the distance between the anchor (i.e., blue point) and its positive
samples (i.e., green stars) while maximizing the distance between the anchor and negative samples
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(a) Inputs for model training:  line chart images and underlying data    V
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V<latexit sha1_base64="mcEByyZjL5OTLs2QtTEWwKp0nu4=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdh1p4NqjW37s5BVolXkBoUaA6qX/1hzNKIK2SSGtPz3AT9jGoUTPJZpZ8anlA2oSPes1TRiBs/myeekTOrDEkYa/sUkrn6eyOjkTHTKLCTeUKz7OXif14vxfDaz4RKUuSKLT4KU0kwJvn5ZCg0ZyinllCmhc1K2JhqytCWVLEleMsnr5L2Rd1z6979Za1xU9RRhhM4hXPw4AoacAdNaAEDBc/wCm+OcV6cd+djMVpyip1j+APn8wfJj5D6</latexit><latexit sha1_base64="mcEByyZjL5OTLs2QtTEWwKp0nu4=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdh1p4NqjW37s5BVolXkBoUaA6qX/1hzNKIK2SSGtPz3AT9jGoUTPJZpZ8anlA2oSPes1TRiBs/myeekTOrDEkYa/sUkrn6eyOjkTHTKLCTeUKz7OXif14vxfDaz4RKUuSKLT4KU0kwJvn5ZCg0ZyinllCmhc1K2JhqytCWVLEleMsnr5L2Rd1z6979Za1xU9RRhhM4hXPw4AoacAdNaAEDBc/wCm+OcV6cd+djMVpyip1j+APn8wfJj5D6</latexit><latexit sha1_base64="mcEByyZjL5OTLs2QtTEWwKp0nu4=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdh1p4NqjW37s5BVolXkBoUaA6qX/1hzNKIK2SSGtPz3AT9jGoUTPJZpZ8anlA2oSPes1TRiBs/myeekTOrDEkYa/sUkrn6eyOjkTHTKLCTeUKz7OXif14vxfDaz4RKUuSKLT4KU0kwJvn5ZCg0ZyinllCmhc1K2JhqytCWVLEleMsnr5L2Rd1z6979Za1xU9RRhhM4hXPw4AoacAdNaAEDBc/wCm+OcV6cd+djMVpyip1j+APn8wfJj5D6</latexit><latexit sha1_base64="mcEByyZjL5OTLs2QtTEWwKp0nu4=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdh1p4NqjW37s5BVolXkBoUaA6qX/1hzNKIK2SSGtPz3AT9jGoUTPJZpZ8anlA2oSPes1TRiBs/myeekTOrDEkYa/sUkrn6eyOjkTHTKLCTeUKz7OXif14vxfDaz4RKUuSKLT4KU0kwJvn5ZCg0ZyinllCmhc1K2JhqytCWVLEleMsnr5L2Rd1z6979Za1xU9RRhhM4hXPw4AoacAdNaAEDBc/wCm+OcV6cd+djMVpyip1j+APn8wfJj5D6</latexit>

V+
<latexit sha1_base64="0CsD1ixFAXg8JT57rdaqKuJ3YxU=">AAAB83icbVDLSsNAFL3xWeur6tLNYBEEoSQi6LLoxmUF+4Cmlsl00g6dTMLMjVBCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6Lrfzsrq2vrGZmmrvL2zu7dfOThsmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7Gt7nffuLaiFg94CThvYgOlQgFo2gl348ojoIwaz2eT/uVqltzZyDLxCtIFQo0+pUvfxCzNOIKmaTGdD03wV5GNQom+bTsp4YnlI3pkHctVTTippfNMk/JqVUGJIy1fQrJTP29kdHImEkU2Mk8o1n0cvE/r5tieN3LhEpS5IrND4WpJBiTvAAyEJozlBNLKNPCZiVsRDVlaGsq2xK8xS8vk9ZFzXNr3v1ltX5T1FGCYziBM/DgCupwBw1oAoMEnuEV3pzUeXHenY/56IpT7BzBHzifP+tVkZc=</latexit><latexit sha1_base64="0CsD1ixFAXg8JT57rdaqKuJ3YxU=">AAAB83icbVDLSsNAFL3xWeur6tLNYBEEoSQi6LLoxmUF+4Cmlsl00g6dTMLMjVBCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6Lrfzsrq2vrGZmmrvL2zu7dfOThsmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7Gt7nffuLaiFg94CThvYgOlQgFo2gl348ojoIwaz2eT/uVqltzZyDLxCtIFQo0+pUvfxCzNOIKmaTGdD03wV5GNQom+bTsp4YnlI3pkHctVTTippfNMk/JqVUGJIy1fQrJTP29kdHImEkU2Mk8o1n0cvE/r5tieN3LhEpS5IrND4WpJBiTvAAyEJozlBNLKNPCZiVsRDVlaGsq2xK8xS8vk9ZFzXNr3v1ltX5T1FGCYziBM/DgCupwBw1oAoMEnuEV3pzUeXHenY/56IpT7BzBHzifP+tVkZc=</latexit><latexit sha1_base64="0CsD1ixFAXg8JT57rdaqKuJ3YxU=">AAAB83icbVDLSsNAFL3xWeur6tLNYBEEoSQi6LLoxmUF+4Cmlsl00g6dTMLMjVBCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6Lrfzsrq2vrGZmmrvL2zu7dfOThsmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7Gt7nffuLaiFg94CThvYgOlQgFo2gl348ojoIwaz2eT/uVqltzZyDLxCtIFQo0+pUvfxCzNOIKmaTGdD03wV5GNQom+bTsp4YnlI3pkHctVTTippfNMk/JqVUGJIy1fQrJTP29kdHImEkU2Mk8o1n0cvE/r5tieN3LhEpS5IrND4WpJBiTvAAyEJozlBNLKNPCZiVsRDVlaGsq2xK8xS8vk9ZFzXNr3v1ltX5T1FGCYziBM/DgCupwBw1oAoMEnuEV3pzUeXHenY/56IpT7BzBHzifP+tVkZc=</latexit><latexit sha1_base64="0CsD1ixFAXg8JT57rdaqKuJ3YxU=">AAAB83icbVDLSsNAFL3xWeur6tLNYBEEoSQi6LLoxmUF+4Cmlsl00g6dTMLMjVBCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6Lrfzsrq2vrGZmmrvL2zu7dfOThsmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7Gt7nffuLaiFg94CThvYgOlQgFo2gl348ojoIwaz2eT/uVqltzZyDLxCtIFQo0+pUvfxCzNOIKmaTGdD03wV5GNQom+bTsp4YnlI3pkHctVTTippfNMk/JqVUGJIy1fQrJTP29kdHImEkU2Mk8o1n0cvE/r5tieN3LhEpS5IrND4WpJBiTvAAyEJozlBNLKNPCZiVsRDVlaGsq2xK8xS8vk9ZFzXNr3v1ltX5T1FGCYziBM/DgCupwBw1oAoMEnuEV3pzUeXHenY/56IpT7BzBHzifP+tVkZc=</latexit>

V�
<latexit sha1_base64="YZfEnMwM8DvNGzrNc6f7AbPjkOM=">AAAB83icbVDLSsNAFL3xWeur6tLNYBHcWBIRdFl047KCfUBTy2Q6aYdOJmHmRiihv+HGhSJu/Rl3/o2TNgttPTBwOOde7pkTJFIYdN1vZ2V1bX1js7RV3t7Z3duvHBy2TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj29xvP3FtRKwecJLwXkSHSoSCUbSS70cUR0GYtR7Pp/1K1a25M5Bl4hWkCgUa/cqXP4hZGnGFTFJjup6bYC+jGgWTfFr2U8MTysZ0yLuWKhpx08tmmafk1CoDEsbaPoVkpv7eyGhkzCQK7GSe0Sx6ufif100xvO5lQiUpcsXmh8JUEoxJXgAZCM0ZyokllGlhsxI2opoytDWVbQne4peXSeui5rk17/6yWr8p6ijBMZzAGXhwBXW4gwY0gUECz/AKb07qvDjvzsd8dMUpdo7gD5zPH+5fkZk=</latexit><latexit sha1_base64="YZfEnMwM8DvNGzrNc6f7AbPjkOM=">AAAB83icbVDLSsNAFL3xWeur6tLNYBHcWBIRdFl047KCfUBTy2Q6aYdOJmHmRiihv+HGhSJu/Rl3/o2TNgttPTBwOOde7pkTJFIYdN1vZ2V1bX1js7RV3t7Z3duvHBy2TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj29xvP3FtRKwecJLwXkSHSoSCUbSS70cUR0GYtR7Pp/1K1a25M5Bl4hWkCgUa/cqXP4hZGnGFTFJjup6bYC+jGgWTfFr2U8MTysZ0yLuWKhpx08tmmafk1CoDEsbaPoVkpv7eyGhkzCQK7GSe0Sx6ufif100xvO5lQiUpcsXmh8JUEoxJXgAZCM0ZyokllGlhsxI2opoytDWVbQne4peXSeui5rk17/6yWr8p6ijBMZzAGXhwBXW4gwY0gUECz/AKb07qvDjvzsd8dMUpdo7gD5zPH+5fkZk=</latexit><latexit sha1_base64="YZfEnMwM8DvNGzrNc6f7AbPjkOM=">AAAB83icbVDLSsNAFL3xWeur6tLNYBHcWBIRdFl047KCfUBTy2Q6aYdOJmHmRiihv+HGhSJu/Rl3/o2TNgttPTBwOOde7pkTJFIYdN1vZ2V1bX1js7RV3t7Z3duvHBy2TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj29xvP3FtRKwecJLwXkSHSoSCUbSS70cUR0GYtR7Pp/1K1a25M5Bl4hWkCgUa/cqXP4hZGnGFTFJjup6bYC+jGgWTfFr2U8MTysZ0yLuWKhpx08tmmafk1CoDEsbaPoVkpv7eyGhkzCQK7GSe0Sx6ufif100xvO5lQiUpcsXmh8JUEoxJXgAZCM0ZyokllGlhsxI2opoytDWVbQne4peXSeui5rk17/6yWr8p6ijBMZzAGXhwBXW4gwY0gUECz/AKb07qvDjvzsd8dMUpdo7gD5zPH+5fkZk=</latexit><latexit sha1_base64="YZfEnMwM8DvNGzrNc6f7AbPjkOM=">AAAB83icbVDLSsNAFL3xWeur6tLNYBHcWBIRdFl047KCfUBTy2Q6aYdOJmHmRiihv+HGhSJu/Rl3/o2TNgttPTBwOOde7pkTJFIYdN1vZ2V1bX1js7RV3t7Z3duvHBy2TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj29xvP3FtRKwecJLwXkSHSoSCUbSS70cUR0GYtR7Pp/1K1a25M5Bl4hWkCgUa/cqXP4hZGnGFTFJjup6bYC+jGgWTfFr2U8MTysZ0yLuWKhpx08tmmafk1CoDEsbaPoVkpv7eyGhkzCQK7GSe0Sx6ufif100xvO5lQiUpcsXmh8JUEoxJXgAZCM0ZyokllGlhsxI2opoytDWVbQne4peXSeui5rk17/6yWr8p6ijBMZzAGXhwBXW4gwY0gUECz/AKb07qvDjvzsd8dMUpdo7gD5zPH+5fkZk=</latexit>

V
<latexit sha1_base64="paG6V0msukoS9tWHWOzE+0b+FQE=">AAAB8XicbVA9SwNBEJ3zM8avqKXNYhCswp2NNmLQxjKC+cDkCHubuWTJ3t6xuyeEI+CPsLFQxNYfYm/nv3EvSaGJDwYe780wbyZIBNfGdb+dpeWV1bX1wkZxc2t7Z7e0t9/QcaoY1lksYtUKqEbBJdYNNwJbiUIaBQKbwfA695sPqDSP5Z0ZJehHtC95yBk1VrrvRNQMgiBrjLulsltxJyCLxJuR8uVn8eIRAGrd0lenF7M0QmmYoFq3PTcxfkaV4UzguNhJNSaUDWkf25ZKGqH2s0niMTm2So+EsbIlDZmovycyGmk9igLbmSfU814u/ue1UxOe+xmXSWpQsumiMBXExCQ/n/S4QmbEyBLKFLdZCRtQRZmxTyraJ3jzJy+SxmnFcyverVuuXsEUBTiEIzgBD86gCjdQgzowkPAEL/DqaOfZeXPep61LzmzmAP7A+fgBMXqSvw==</latexit><latexit sha1_base64="sdohU/J5T9b5eY2AJq5YMwJV1aY=">AAAB8XicbVA9SwNBEJ2LX/H8ilraLAbBKtzZaCMGbSwjmA9MjrC32UuW7O0tu3tCOPIvbCwU0dIfYm8j/hv3khSa+GDg8d4M82ZCyZk2nvftFJaWV1bXiuvuxubW9k5pd6+hk1QRWicJT1QrxJpyJmjdMMNpSyqK45DTZji8yv3mPVWaJeLWjCQNYtwXLGIEGyvddWJsBmGYNcbdUtmreBOgReLPSPniwz2Xb19urVv67PQSksZUGMKx1m3fkybIsDKMcDp2O6mmEpMh7tO2pQLHVAfZJPEYHVmlh6JE2RIGTdTfExmOtR7Foe3ME+p5Lxf/89qpic6CjAmZGirIdFGUcmQSlJ+PekxRYvjIEkwUs1kRGWCFibFPcu0T/PmTF0njpOJ7Ff/GK1cvYYoiHMAhHIMPp1CFa6hBHQgIeIAneHa08+i8OK/T1oIzm9mHP3DefwAjCZQz</latexit><latexit sha1_base64="sdohU/J5T9b5eY2AJq5YMwJV1aY=">AAAB8XicbVA9SwNBEJ2LX/H8ilraLAbBKtzZaCMGbSwjmA9MjrC32UuW7O0tu3tCOPIvbCwU0dIfYm8j/hv3khSa+GDg8d4M82ZCyZk2nvftFJaWV1bXiuvuxubW9k5pd6+hk1QRWicJT1QrxJpyJmjdMMNpSyqK45DTZji8yv3mPVWaJeLWjCQNYtwXLGIEGyvddWJsBmGYNcbdUtmreBOgReLPSPniwz2Xb19urVv67PQSksZUGMKx1m3fkybIsDKMcDp2O6mmEpMh7tO2pQLHVAfZJPEYHVmlh6JE2RIGTdTfExmOtR7Foe3ME+p5Lxf/89qpic6CjAmZGirIdFGUcmQSlJ+PekxRYvjIEkwUs1kRGWCFibFPcu0T/PmTF0njpOJ7Ff/GK1cvYYoiHMAhHIMPp1CFa6hBHQgIeIAneHa08+i8OK/T1oIzm9mHP3DefwAjCZQz</latexit><latexit sha1_base64="VRWbHhUCxBiy/uJ7pSK2/MM6VHo=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiRu7LLoxmUF+8A2lMn0ph06mYSZiVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSATXxnW/ndLG5tb2Tnm3srd/cHhUPT7p6DhVDNssFrHqBVSj4BLbhhuBvUQhjQKB3WB6m/vdJ1Sax/LBzBL0IzqWPOSMGis9DiJqJkGQdebDas2tuwuQdeIVpAYFWsPq12AUszRCaZigWvc9NzF+RpXhTOC8Mkg1JpRN6Rj7lkoaofazReI5ubDKiISxsk8aslB/b2Q00noWBXYyT6hXvVz8z+unJmz4GZdJalCy5UdhKoiJSX4+GXGFzIiZJZQpbrMSNqGKMmNLqtgSvNWT10nnqu65de/erTVvijrKcAbncAkeXEMT7qAFbWAg4Rle4c3Rzovz7nwsR0tOsXMKf+B8/gDCM5Dy</latexit>

D<latexit sha1_base64="nZWZJRrV66lKalguoHhpyfA3+H8=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiHjxWsLXYhrLZvrRLN5uwuxFK6L/w4kERr/4bb/4bN20O2jqwMMy8x86bIBFcG9f9dkorq2vrG+XNytb2zu5edf+greNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj69x/eEKleSzvzSRBP6JDyUPOqLHSYy+iZhQE2c20X625dXcGsky8gtSgQLNf/eoNYpZGKA0TVOuu5ybGz6gynAmcVnqpxoSyMR1i11JJI9R+Nks8JSdWGZAwVvZJQ2bq742MRlpPosBO5gn1opeL/3nd1ISXfsZlkhqUbP5RmApiYpKfTwZcITNiYgllitushI2ooszYkiq2BG/x5GXSPqt7bt27O681roo6ynAEx3AKHlxAA26hCS1gIOEZXuHN0c6L8+58zEdLTrFzCH/gfP4AqBmQ5A==</latexit><latexit sha1_base64="nZWZJRrV66lKalguoHhpyfA3+H8=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiHjxWsLXYhrLZvrRLN5uwuxFK6L/w4kERr/4bb/4bN20O2jqwMMy8x86bIBFcG9f9dkorq2vrG+XNytb2zu5edf+greNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj69x/eEKleSzvzSRBP6JDyUPOqLHSYy+iZhQE2c20X625dXcGsky8gtSgQLNf/eoNYpZGKA0TVOuu5ybGz6gynAmcVnqpxoSyMR1i11JJI9R+Nks8JSdWGZAwVvZJQ2bq742MRlpPosBO5gn1opeL/3nd1ISXfsZlkhqUbP5RmApiYpKfTwZcITNiYgllitushI2ooszYkiq2BG/x5GXSPqt7bt27O681roo6ynAEx3AKHlxAA26hCS1gIOEZXuHN0c6L8+58zEdLTrFzCH/gfP4AqBmQ5A==</latexit><latexit sha1_base64="nZWZJRrV66lKalguoHhpyfA3+H8=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiHjxWsLXYhrLZvrRLN5uwuxFK6L/w4kERr/4bb/4bN20O2jqwMMy8x86bIBFcG9f9dkorq2vrG+XNytb2zu5edf+greNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj69x/eEKleSzvzSRBP6JDyUPOqLHSYy+iZhQE2c20X625dXcGsky8gtSgQLNf/eoNYpZGKA0TVOuu5ybGz6gynAmcVnqpxoSyMR1i11JJI9R+Nks8JSdWGZAwVvZJQ2bq742MRlpPosBO5gn1opeL/3nd1ISXfsZlkhqUbP5RmApiYpKfTwZcITNiYgllitushI2ooszYkiq2BG/x5GXSPqt7bt27O681roo6ynAEx3AKHlxAA26hCS1gIOEZXuHN0c6L8+58zEdLTrFzCH/gfP4AqBmQ5A==</latexit><latexit sha1_base64="nZWZJRrV66lKalguoHhpyfA3+H8=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiHjxWsLXYhrLZvrRLN5uwuxFK6L/w4kERr/4bb/4bN20O2jqwMMy8x86bIBFcG9f9dkorq2vrG+XNytb2zu5edf+greNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj69x/eEKleSzvzSRBP6JDyUPOqLHSYy+iZhQE2c20X625dXcGsky8gtSgQLNf/eoNYpZGKA0TVOuu5ybGz6gynAmcVnqpxoSyMR1i11JJI9R+Nks8JSdWGZAwVvZJQ2bq742MRlpPosBO5gn1opeL/3nd1ISXfsZlkhqUbP5RmApiYpKfTwZcITNiYgllitushI2ooszYkiq2BG/x5GXSPqt7bt27O681roo6ynAEx3AKHlxAA26hCS1gIOEZXuHN0c6L8+58zEdLTrFzCH/gfP4AqBmQ5A==</latexit>

(D, V)
<latexit sha1_base64="Exh51oHDH8gJBM/FlDD2GM7xZc8=">AAACAHicbZDLSsNAFIZP6q3WW9SFCzeDRaggJRFBl0VduKxgL9CGMplO26GTSZiZCCVk46u4caGIWx/DnW/jpI2grT8MfPznHOac3484U9pxvqzC0vLK6lpxvbSxubW9Y+/uNVUYS0IbJOShbPtYUc4EbWimOW1HkuLA57Tlj6+zeuuBSsVCca8nEfUCPBRswAjWxurZB5VugPXI95Ob9PQHm+lJzy47VWcqtAhuDmXIVe/Zn91+SOKACk04VqrjOpH2Eiw1I5ympW6saITJGA9px6DAAVVeMj0gRcfG6aNBKM0TGk3d3xMJDpSaBL7pzFZU87XM/K/WifXg0kuYiGJNBZl9NIg50iHK0kB9JinRfGIAE8nMroiMsMREm8xKJgR3/uRFaJ5VXafq3p2Xa1d5HEU4hCOogAsXUINbqEMDCKTwBC/waj1az9ab9T5rLVj5zD78kfXxDUADliw=</latexit><latexit sha1_base64="Exh51oHDH8gJBM/FlDD2GM7xZc8=">AAACAHicbZDLSsNAFIZP6q3WW9SFCzeDRaggJRFBl0VduKxgL9CGMplO26GTSZiZCCVk46u4caGIWx/DnW/jpI2grT8MfPznHOac3484U9pxvqzC0vLK6lpxvbSxubW9Y+/uNVUYS0IbJOShbPtYUc4EbWimOW1HkuLA57Tlj6+zeuuBSsVCca8nEfUCPBRswAjWxurZB5VugPXI95Ob9PQHm+lJzy47VWcqtAhuDmXIVe/Zn91+SOKACk04VqrjOpH2Eiw1I5ympW6saITJGA9px6DAAVVeMj0gRcfG6aNBKM0TGk3d3xMJDpSaBL7pzFZU87XM/K/WifXg0kuYiGJNBZl9NIg50iHK0kB9JinRfGIAE8nMroiMsMREm8xKJgR3/uRFaJ5VXafq3p2Xa1d5HEU4hCOogAsXUINbqEMDCKTwBC/waj1az9ab9T5rLVj5zD78kfXxDUADliw=</latexit><latexit sha1_base64="Exh51oHDH8gJBM/FlDD2GM7xZc8=">AAACAHicbZDLSsNAFIZP6q3WW9SFCzeDRaggJRFBl0VduKxgL9CGMplO26GTSZiZCCVk46u4caGIWx/DnW/jpI2grT8MfPznHOac3484U9pxvqzC0vLK6lpxvbSxubW9Y+/uNVUYS0IbJOShbPtYUc4EbWimOW1HkuLA57Tlj6+zeuuBSsVCca8nEfUCPBRswAjWxurZB5VugPXI95Ob9PQHm+lJzy47VWcqtAhuDmXIVe/Zn91+SOKACk04VqrjOpH2Eiw1I5ympW6saITJGA9px6DAAVVeMj0gRcfG6aNBKM0TGk3d3xMJDpSaBL7pzFZU87XM/K/WifXg0kuYiGJNBZl9NIg50iHK0kB9JinRfGIAE8nMroiMsMREm8xKJgR3/uRFaJ5VXafq3p2Xa1d5HEU4hCOogAsXUINbqEMDCKTwBC/waj1az9ab9T5rLVj5zD78kfXxDUADliw=</latexit><latexit sha1_base64="Exh51oHDH8gJBM/FlDD2GM7xZc8=">AAACAHicbZDLSsNAFIZP6q3WW9SFCzeDRaggJRFBl0VduKxgL9CGMplO26GTSZiZCCVk46u4caGIWx/DnW/jpI2grT8MfPznHOac3484U9pxvqzC0vLK6lpxvbSxubW9Y+/uNVUYS0IbJOShbPtYUc4EbWimOW1HkuLA57Tlj6+zeuuBSsVCca8nEfUCPBRswAjWxurZB5VugPXI95Ob9PQHm+lJzy47VWcqtAhuDmXIVe/Zn91+SOKACk04VqrjOpH2Eiw1I5ympW6saITJGA9px6DAAVVeMj0gRcfG6aNBKM0TGk3d3xMJDpSaBL7pzFZU87XM/K/WifXg0kuYiGJNBZl9NIg50iHK0kB9JinRfGIAE8nMroiMsMREm8xKJgR3/uRFaJ5VXafq3p2Xa1d5HEU4hCOogAsXUINbqEMDCKTwBC/waj1az9ab9T5rLVj5zD78kfXxDUADliw=</latexit>

Decoder

Decoder

Decoder

Anchor V<latexit sha1_base64="mcEByyZjL5OTLs2QtTEWwKp0nu4=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdh1p4NqjW37s5BVolXkBoUaA6qX/1hzNKIK2SSGtPz3AT9jGoUTPJZpZ8anlA2oSPes1TRiBs/myeekTOrDEkYa/sUkrn6eyOjkTHTKLCTeUKz7OXif14vxfDaz4RKUuSKLT4KU0kwJvn5ZCg0ZyinllCmhc1K2JhqytCWVLEleMsnr5L2Rd1z6979Za1xU9RRhhM4hXPw4AoacAdNaAEDBc/wCm+OcV6cd+djMVpyip1j+APn8wfJj5D6</latexit><latexit sha1_base64="mcEByyZjL5OTLs2QtTEWwKp0nu4=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdh1p4NqjW37s5BVolXkBoUaA6qX/1hzNKIK2SSGtPz3AT9jGoUTPJZpZ8anlA2oSPes1TRiBs/myeekTOrDEkYa/sUkrn6eyOjkTHTKLCTeUKz7OXif14vxfDaz4RKUuSKLT4KU0kwJvn5ZCg0ZyinllCmhc1K2JhqytCWVLEleMsnr5L2Rd1z6979Za1xU9RRhhM4hXPw4AoacAdNaAEDBc/wCm+OcV6cd+djMVpyip1j+APn8wfJj5D6</latexit><latexit sha1_base64="mcEByyZjL5OTLs2QtTEWwKp0nu4=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdh1p4NqjW37s5BVolXkBoUaA6qX/1hzNKIK2SSGtPz3AT9jGoUTPJZpZ8anlA2oSPes1TRiBs/myeekTOrDEkYa/sUkrn6eyOjkTHTKLCTeUKz7OXif14vxfDaz4RKUuSKLT4KU0kwJvn5ZCg0ZyinllCmhc1K2JhqytCWVLEleMsnr5L2Rd1z6979Za1xU9RRhhM4hXPw4AoacAdNaAEDBc/wCm+OcV6cd+djMVpyip1j+APn8wfJj5D6</latexit><latexit sha1_base64="mcEByyZjL5OTLs2QtTEWwKp0nu4=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdh1p4NqjW37s5BVolXkBoUaA6qX/1hzNKIK2SSGtPz3AT9jGoUTPJZpZ8anlA2oSPes1TRiBs/myeekTOrDEkYa/sUkrn6eyOjkTHTKLCTeUKz7OXif14vxfDaz4RKUuSKLT4KU0kwJvn5ZCg0ZyinllCmhc1K2JhqytCWVLEleMsnr5L2Rd1z6979Za1xU9RRhhM4hXPw4AoacAdNaAEDBc/wCm+OcV6cd+djMVpyip1j+APn8wfJj5D6</latexit>

E+
<latexit sha1_base64="+ihEJx186ALDjQNbFcp9Tg1oscI=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIsgCGVGBF0WRXBZwT6gM5ZMmmlDM8mQZIQy9DfcuFDErT/jzr8x085CWw8EDufcyz05YcKZNq777ZRWVtfWN8qbla3tnd296v5BW8tUEdoikkvVDbGmnAnaMsxw2k0UxXHIaScc3+R+54kqzaR4MJOEBjEeChYxgo2VfD/GZhRG2e3j2bRfrbl1dwa0TLyC1KBAs1/98geSpDEVhnCsdc9zExNkWBlGOJ1W/FTTBJMxHtKepQLHVAfZLPMUnVhlgCKp7BMGzdTfGxmOtZ7EoZ3MM+pFLxf/83qpia6CjIkkNVSQ+aEo5chIlBeABkxRYvjEEkwUs1kRGWGFibE1VWwJ3uKXl0n7vO65de/+ota4LuoowxEcwyl4cAkNuIMmtIBAAs/wCm9O6rw4787HfLTkFDuH8AfO5w/RXpGG</latexit><latexit sha1_base64="+ihEJx186ALDjQNbFcp9Tg1oscI=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIsgCGVGBF0WRXBZwT6gM5ZMmmlDM8mQZIQy9DfcuFDErT/jzr8x085CWw8EDufcyz05YcKZNq777ZRWVtfWN8qbla3tnd296v5BW8tUEdoikkvVDbGmnAnaMsxw2k0UxXHIaScc3+R+54kqzaR4MJOEBjEeChYxgo2VfD/GZhRG2e3j2bRfrbl1dwa0TLyC1KBAs1/98geSpDEVhnCsdc9zExNkWBlGOJ1W/FTTBJMxHtKepQLHVAfZLPMUnVhlgCKp7BMGzdTfGxmOtZ7EoZ3MM+pFLxf/83qpia6CjIkkNVSQ+aEo5chIlBeABkxRYvjEEkwUs1kRGWGFibE1VWwJ3uKXl0n7vO65de/+ota4LuoowxEcwyl4cAkNuIMmtIBAAs/wCm9O6rw4787HfLTkFDuH8AfO5w/RXpGG</latexit><latexit sha1_base64="+ihEJx186ALDjQNbFcp9Tg1oscI=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIsgCGVGBF0WRXBZwT6gM5ZMmmlDM8mQZIQy9DfcuFDErT/jzr8x085CWw8EDufcyz05YcKZNq777ZRWVtfWN8qbla3tnd296v5BW8tUEdoikkvVDbGmnAnaMsxw2k0UxXHIaScc3+R+54kqzaR4MJOEBjEeChYxgo2VfD/GZhRG2e3j2bRfrbl1dwa0TLyC1KBAs1/98geSpDEVhnCsdc9zExNkWBlGOJ1W/FTTBJMxHtKepQLHVAfZLPMUnVhlgCKp7BMGzdTfGxmOtZ7EoZ3MM+pFLxf/83qpia6CjIkkNVSQ+aEo5chIlBeABkxRYvjEEkwUs1kRGWGFibE1VWwJ3uKXl0n7vO65de/+ota4LuoowxEcwyl4cAkNuIMmtIBAAs/wCm9O6rw4787HfLTkFDuH8AfO5w/RXpGG</latexit><latexit sha1_base64="+ihEJx186ALDjQNbFcp9Tg1oscI=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIsgCGVGBF0WRXBZwT6gM5ZMmmlDM8mQZIQy9DfcuFDErT/jzr8x085CWw8EDufcyz05YcKZNq777ZRWVtfWN8qbla3tnd296v5BW8tUEdoikkvVDbGmnAnaMsxw2k0UxXHIaScc3+R+54kqzaR4MJOEBjEeChYxgo2VfD/GZhRG2e3j2bRfrbl1dwa0TLyC1KBAs1/98geSpDEVhnCsdc9zExNkWBlGOJ1W/FTTBJMxHtKepQLHVAfZLPMUnVhlgCKp7BMGzdTfGxmOtZ7EoZ3MM+pFLxf/83qpia6CjIkkNVSQ+aEo5chIlBeABkxRYvjEEkwUs1kRGWGFibE1VWwJ3uKXl0n7vO65de/+ota4LuoowxEcwyl4cAkNuIMmtIBAAs/wCm9O6rw4787HfLTkFDuH8AfO5w/RXpGG</latexit>

E�
<latexit sha1_base64="klxJ1a87Ifk0XYOlYGGItrn2H7Y=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgxjIjgi6LIrisYB/QGUsmzbShmWRIMkIZ+htuXCji1p9x59+YaWehrQcCh3Pu5Z6cMOFMG9f9dkorq2vrG+XNytb2zu5edf+grWWqCG0RyaXqhlhTzgRtGWY47SaK4jjktBOOb3K/80SVZlI8mElCgxgPBYsYwcZKvh9jMwqj7PbxbNqv1ty6OwNaJl5BalCg2a9++QNJ0pgKQzjWuue5iQkyrAwjnE4rfqppgskYD2nPUoFjqoNslnmKTqwyQJFU9gmDZurvjQzHWk/i0E7mGfWil4v/eb3URFdBxkSSGirI/FCUcmQkygtAA6YoMXxiCSaK2ayIjLDCxNiaKrYEb/HLy6R9Xvfcund/UWtcF3WU4QiO4RQ8uIQG3EETWkAggWd4hTcndV6cd+djPlpyip1D+APn8wfUaJGI</latexit><latexit sha1_base64="klxJ1a87Ifk0XYOlYGGItrn2H7Y=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgxjIjgi6LIrisYB/QGUsmzbShmWRIMkIZ+htuXCji1p9x59+YaWehrQcCh3Pu5Z6cMOFMG9f9dkorq2vrG+XNytb2zu5edf+grWWqCG0RyaXqhlhTzgRtGWY47SaK4jjktBOOb3K/80SVZlI8mElCgxgPBYsYwcZKvh9jMwqj7PbxbNqv1ty6OwNaJl5BalCg2a9++QNJ0pgKQzjWuue5iQkyrAwjnE4rfqppgskYD2nPUoFjqoNslnmKTqwyQJFU9gmDZurvjQzHWk/i0E7mGfWil4v/eb3URFdBxkSSGirI/FCUcmQkygtAA6YoMXxiCSaK2ayIjLDCxNiaKrYEb/HLy6R9Xvfcund/UWtcF3WU4QiO4RQ8uIQG3EETWkAggWd4hTcndV6cd+djPlpyip1D+APn8wfUaJGI</latexit><latexit sha1_base64="klxJ1a87Ifk0XYOlYGGItrn2H7Y=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgxjIjgi6LIrisYB/QGUsmzbShmWRIMkIZ+htuXCji1p9x59+YaWehrQcCh3Pu5Z6cMOFMG9f9dkorq2vrG+XNytb2zu5edf+grWWqCG0RyaXqhlhTzgRtGWY47SaK4jjktBOOb3K/80SVZlI8mElCgxgPBYsYwcZKvh9jMwqj7PbxbNqv1ty6OwNaJl5BalCg2a9++QNJ0pgKQzjWuue5iQkyrAwjnE4rfqppgskYD2nPUoFjqoNslnmKTqwyQJFU9gmDZurvjQzHWk/i0E7mGfWil4v/eb3URFdBxkSSGirI/FCUcmQkygtAA6YoMXxiCSaK2ayIjLDCxNiaKrYEb/HLy6R9Xvfcund/UWtcF3WU4QiO4RQ8uIQG3EETWkAggWd4hTcndV6cd+djPlpyip1D+APn8wfUaJGI</latexit><latexit sha1_base64="klxJ1a87Ifk0XYOlYGGItrn2H7Y=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgxjIjgi6LIrisYB/QGUsmzbShmWRIMkIZ+htuXCji1p9x59+YaWehrQcCh3Pu5Z6cMOFMG9f9dkorq2vrG+XNytb2zu5edf+grWWqCG0RyaXqhlhTzgRtGWY47SaK4jjktBOOb3K/80SVZlI8mElCgxgPBYsYwcZKvh9jMwqj7PbxbNqv1ty6OwNaJl5BalCg2a9++QNJ0pgKQzjWuue5iQkyrAwjnE4rfqppgskYD2nPUoFjqoNslnmKTqwyQJFU9gmDZurvjQzHWk/i0E7mGfWil4v/eb3URFdBxkSSGirI/FCUcmQkygtAA6YoMXxiCSaK2ayIjLDCxNiaKrYEb/HLy6R9Xvfcund/UWtcF3WU4QiO4RQ8uIQG3EETWkAggWd4hTcndV6cd+djPlpyip1D+APn8wfUaJGI</latexit>

V+
<latexit sha1_base64="0CsD1ixFAXg8JT57rdaqKuJ3YxU=">AAAB83icbVDLSsNAFL3xWeur6tLNYBEEoSQi6LLoxmUF+4Cmlsl00g6dTMLMjVBCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6Lrfzsrq2vrGZmmrvL2zu7dfOThsmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7Gt7nffuLaiFg94CThvYgOlQgFo2gl348ojoIwaz2eT/uVqltzZyDLxCtIFQo0+pUvfxCzNOIKmaTGdD03wV5GNQom+bTsp4YnlI3pkHctVTTippfNMk/JqVUGJIy1fQrJTP29kdHImEkU2Mk8o1n0cvE/r5tieN3LhEpS5IrND4WpJBiTvAAyEJozlBNLKNPCZiVsRDVlaGsq2xK8xS8vk9ZFzXNr3v1ltX5T1FGCYziBM/DgCupwBw1oAoMEnuEV3pzUeXHenY/56IpT7BzBHzifP+tVkZc=</latexit><latexit sha1_base64="0CsD1ixFAXg8JT57rdaqKuJ3YxU=">AAAB83icbVDLSsNAFL3xWeur6tLNYBEEoSQi6LLoxmUF+4Cmlsl00g6dTMLMjVBCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6Lrfzsrq2vrGZmmrvL2zu7dfOThsmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7Gt7nffuLaiFg94CThvYgOlQgFo2gl348ojoIwaz2eT/uVqltzZyDLxCtIFQo0+pUvfxCzNOIKmaTGdD03wV5GNQom+bTsp4YnlI3pkHctVTTippfNMk/JqVUGJIy1fQrJTP29kdHImEkU2Mk8o1n0cvE/r5tieN3LhEpS5IrND4WpJBiTvAAyEJozlBNLKNPCZiVsRDVlaGsq2xK8xS8vk9ZFzXNr3v1ltX5T1FGCYziBM/DgCupwBw1oAoMEnuEV3pzUeXHenY/56IpT7BzBHzifP+tVkZc=</latexit><latexit sha1_base64="0CsD1ixFAXg8JT57rdaqKuJ3YxU=">AAAB83icbVDLSsNAFL3xWeur6tLNYBEEoSQi6LLoxmUF+4Cmlsl00g6dTMLMjVBCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6Lrfzsrq2vrGZmmrvL2zu7dfOThsmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7Gt7nffuLaiFg94CThvYgOlQgFo2gl348ojoIwaz2eT/uVqltzZyDLxCtIFQo0+pUvfxCzNOIKmaTGdD03wV5GNQom+bTsp4YnlI3pkHctVTTippfNMk/JqVUGJIy1fQrJTP29kdHImEkU2Mk8o1n0cvE/r5tieN3LhEpS5IrND4WpJBiTvAAyEJozlBNLKNPCZiVsRDVlaGsq2xK8xS8vk9ZFzXNr3v1ltX5T1FGCYziBM/DgCupwBw1oAoMEnuEV3pzUeXHenY/56IpT7BzBHzifP+tVkZc=</latexit><latexit sha1_base64="0CsD1ixFAXg8JT57rdaqKuJ3YxU=">AAAB83icbVDLSsNAFL3xWeur6tLNYBEEoSQi6LLoxmUF+4Cmlsl00g6dTMLMjVBCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6Lrfzsrq2vrGZmmrvL2zu7dfOThsmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7Gt7nffuLaiFg94CThvYgOlQgFo2gl348ojoIwaz2eT/uVqltzZyDLxCtIFQo0+pUvfxCzNOIKmaTGdD03wV5GNQom+bTsp4YnlI3pkHctVTTippfNMk/JqVUGJIy1fQrJTP29kdHImEkU2Mk8o1n0cvE/r5tieN3LhEpS5IrND4WpJBiTvAAyEJozlBNLKNPCZiVsRDVlaGsq2xK8xS8vk9ZFzXNr3v1ltX5T1FGCYziBM/DgCupwBw1oAoMEnuEV3pzUeXHenY/56IpT7BzBHzifP+tVkZc=</latexit>

Positive

Negative V�
<latexit sha1_base64="YZfEnMwM8DvNGzrNc6f7AbPjkOM=">AAAB83icbVDLSsNAFL3xWeur6tLNYBHcWBIRdFl047KCfUBTy2Q6aYdOJmHmRiihv+HGhSJu/Rl3/o2TNgttPTBwOOde7pkTJFIYdN1vZ2V1bX1js7RV3t7Z3duvHBy2TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj29xvP3FtRKwecJLwXkSHSoSCUbSS70cUR0GYtR7Pp/1K1a25M5Bl4hWkCgUa/cqXP4hZGnGFTFJjup6bYC+jGgWTfFr2U8MTysZ0yLuWKhpx08tmmafk1CoDEsbaPoVkpv7eyGhkzCQK7GSe0Sx6ufif100xvO5lQiUpcsXmh8JUEoxJXgAZCM0ZyokllGlhsxI2opoytDWVbQne4peXSeui5rk17/6yWr8p6ijBMZzAGXhwBXW4gwY0gUECz/AKb07qvDjvzsd8dMUpdo7gD5zPH+5fkZk=</latexit><latexit sha1_base64="YZfEnMwM8DvNGzrNc6f7AbPjkOM=">AAAB83icbVDLSsNAFL3xWeur6tLNYBHcWBIRdFl047KCfUBTy2Q6aYdOJmHmRiihv+HGhSJu/Rl3/o2TNgttPTBwOOde7pkTJFIYdN1vZ2V1bX1js7RV3t7Z3duvHBy2TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj29xvP3FtRKwecJLwXkSHSoSCUbSS70cUR0GYtR7Pp/1K1a25M5Bl4hWkCgUa/cqXP4hZGnGFTFJjup6bYC+jGgWTfFr2U8MTysZ0yLuWKhpx08tmmafk1CoDEsbaPoVkpv7eyGhkzCQK7GSe0Sx6ufif100xvO5lQiUpcsXmh8JUEoxJXgAZCM0ZyokllGlhsxI2opoytDWVbQne4peXSeui5rk17/6yWr8p6ijBMZzAGXhwBXW4gwY0gUECz/AKb07qvDjvzsd8dMUpdo7gD5zPH+5fkZk=</latexit><latexit sha1_base64="YZfEnMwM8DvNGzrNc6f7AbPjkOM=">AAAB83icbVDLSsNAFL3xWeur6tLNYBHcWBIRdFl047KCfUBTy2Q6aYdOJmHmRiihv+HGhSJu/Rl3/o2TNgttPTBwOOde7pkTJFIYdN1vZ2V1bX1js7RV3t7Z3duvHBy2TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj29xvP3FtRKwecJLwXkSHSoSCUbSS70cUR0GYtR7Pp/1K1a25M5Bl4hWkCgUa/cqXP4hZGnGFTFJjup6bYC+jGgWTfFr2U8MTysZ0yLuWKhpx08tmmafk1CoDEsbaPoVkpv7eyGhkzCQK7GSe0Sx6ufif100xvO5lQiUpcsXmh8JUEoxJXgAZCM0ZyokllGlhsxI2opoytDWVbQne4peXSeui5rk17/6yWr8p6ijBMZzAGXhwBXW4gwY0gUECz/AKb07qvDjvzsd8dMUpdo7gD5zPH+5fkZk=</latexit><latexit sha1_base64="YZfEnMwM8DvNGzrNc6f7AbPjkOM=">AAAB83icbVDLSsNAFL3xWeur6tLNYBHcWBIRdFl047KCfUBTy2Q6aYdOJmHmRiihv+HGhSJu/Rl3/o2TNgttPTBwOOde7pkTJFIYdN1vZ2V1bX1js7RV3t7Z3duvHBy2TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj29xvP3FtRKwecJLwXkSHSoSCUbSS70cUR0GYtR7Pp/1K1a25M5Bl4hWkCgUa/cqXP4hZGnGFTFJjup6bYC+jGgWTfFr2U8MTysZ0yLuWKhpx08tmmafk1CoDEsbaPoVkpv7eyGhkzCQK7GSe0Sx6ufif100xvO5lQiUpcsXmh8JUEoxJXgAZCM0ZyokllGlhsxI2opoytDWVbQne4peXSeui5rk17/6yWr8p6ijBMZzAGXhwBXW4gwY0gUECz/AKb07qvDjvzsd8dMUpdo7gD5zPH+5fkZk=</latexit>

V̂<latexit sha1_base64="oOLY3hMedsoIFCR/MYcecOpav4k=">AAAB+XicbVDLSsNAFL2pr1pfUZdugkVwVRIRdFl047KCfUBTymQ6aYdOJmHmplBC/sSNC0Xc+ifu/BsnbRbaemDgcM693DMnSATX6LrfVmVjc2t7p7pb29s/ODyyj086Ok4VZW0ai1j1AqKZ4JK1kaNgvUQxEgWCdYPpfeF3Z0xpHssnnCdsEJGx5CGnBI00tG0/IjgJwsyfEMw6eT60627DXcBZJ15J6lCiNbS//FFM04hJpIJo3ffcBAcZUcipYHnNTzVLCJ2SMesbKknE9CBbJM+dC6OMnDBW5kl0FurvjYxEWs+jwEwWOfWqV4j/ef0Uw9tBxmWSIpN0eShMhYOxU9TgjLhiFMXcEEIVN1kdOiGKUDRl1UwJ3uqX10nnquG5De/xut68K+uowhmcwyV4cANNeIAWtIHCDJ7hFd6szHqx3q2P5WjFKndO4Q+szx8iBpP4</latexit><latexit sha1_base64="oOLY3hMedsoIFCR/MYcecOpav4k=">AAAB+XicbVDLSsNAFL2pr1pfUZdugkVwVRIRdFl047KCfUBTymQ6aYdOJmHmplBC/sSNC0Xc+ifu/BsnbRbaemDgcM693DMnSATX6LrfVmVjc2t7p7pb29s/ODyyj086Ok4VZW0ai1j1AqKZ4JK1kaNgvUQxEgWCdYPpfeF3Z0xpHssnnCdsEJGx5CGnBI00tG0/IjgJwsyfEMw6eT60627DXcBZJ15J6lCiNbS//FFM04hJpIJo3ffcBAcZUcipYHnNTzVLCJ2SMesbKknE9CBbJM+dC6OMnDBW5kl0FurvjYxEWs+jwEwWOfWqV4j/ef0Uw9tBxmWSIpN0eShMhYOxU9TgjLhiFMXcEEIVN1kdOiGKUDRl1UwJ3uqX10nnquG5De/xut68K+uowhmcwyV4cANNeIAWtIHCDJ7hFd6szHqx3q2P5WjFKndO4Q+szx8iBpP4</latexit><latexit sha1_base64="oOLY3hMedsoIFCR/MYcecOpav4k=">AAAB+XicbVDLSsNAFL2pr1pfUZdugkVwVRIRdFl047KCfUBTymQ6aYdOJmHmplBC/sSNC0Xc+ifu/BsnbRbaemDgcM693DMnSATX6LrfVmVjc2t7p7pb29s/ODyyj086Ok4VZW0ai1j1AqKZ4JK1kaNgvUQxEgWCdYPpfeF3Z0xpHssnnCdsEJGx5CGnBI00tG0/IjgJwsyfEMw6eT60627DXcBZJ15J6lCiNbS//FFM04hJpIJo3ffcBAcZUcipYHnNTzVLCJ2SMesbKknE9CBbJM+dC6OMnDBW5kl0FurvjYxEWs+jwEwWOfWqV4j/ef0Uw9tBxmWSIpN0eShMhYOxU9TgjLhiFMXcEEIVN1kdOiGKUDRl1UwJ3uqX10nnquG5De/xut68K+uowhmcwyV4cANNeIAWtIHCDJ7hFd6szHqx3q2P5WjFKndO4Q+szx8iBpP4</latexit><latexit sha1_base64="oOLY3hMedsoIFCR/MYcecOpav4k=">AAAB+XicbVDLSsNAFL2pr1pfUZdugkVwVRIRdFl047KCfUBTymQ6aYdOJmHmplBC/sSNC0Xc+ifu/BsnbRbaemDgcM693DMnSATX6LrfVmVjc2t7p7pb29s/ODyyj086Ok4VZW0ai1j1AqKZ4JK1kaNgvUQxEgWCdYPpfeF3Z0xpHssnnCdsEJGx5CGnBI00tG0/IjgJwsyfEMw6eT60627DXcBZJ15J6lCiNbS//FFM04hJpIJo3ffcBAcZUcipYHnNTzVLCJ2SMesbKknE9CBbJM+dC6OMnDBW5kl0FurvjYxEWs+jwEwWOfWqV4j/ef0Uw9tBxmWSIpN0eShMhYOxU9TgjLhiFMXcEEIVN1kdOiGKUDRl1UwJ3uqX10nnquG5De/xut68K+uowhmcwyV4cANNeIAWtIHCDJ7hFd6szHqx3q2P5WjFKndO4Q+szx8iBpP4</latexit>

Reconstructed

V̂+
<latexit sha1_base64="HH8HwidvM+V5DOwy60abwwpM5m4=">AAAB+3icbVDLSsNAFJ34rPUV69LNYBEEoSQi6LLoxmUF+4Amlsl00g6dTMLMjVhCfsWNC0Xc+iPu/BsnbRbaemDgcM693DMnSATX4Djf1srq2vrGZmWrur2zu7dvH9Q6Ok4VZW0ai1j1AqKZ4JK1gYNgvUQxEgWCdYPJTeF3H5nSPJb3ME2YH5GR5CGnBIw0sGteRGAchJk3JpB18oezfGDXnYYzA14mbknqqERrYH95w5imEZNABdG67zoJ+BlRwKlgedVLNUsInZAR6xsqScS0n82y5/jEKEMcxso8CXim/t7ISKT1NArMZJFUL3qF+J/XTyG88jMukxSYpPNDYSowxLgoAg+5YhTE1BBCFTdZMR0TRSiYuqqmBHfxy8ukc95wnYZ7d1FvXpd1VNAROkanyEWXqIluUQu1EUVP6Bm9ojcrt16sd+tjPrpilTuH6A+szx9JRJSV</latexit><latexit sha1_base64="HH8HwidvM+V5DOwy60abwwpM5m4=">AAAB+3icbVDLSsNAFJ34rPUV69LNYBEEoSQi6LLoxmUF+4Amlsl00g6dTMLMjVhCfsWNC0Xc+iPu/BsnbRbaemDgcM693DMnSATX4Djf1srq2vrGZmWrur2zu7dvH9Q6Ok4VZW0ai1j1AqKZ4JK1gYNgvUQxEgWCdYPJTeF3H5nSPJb3ME2YH5GR5CGnBIw0sGteRGAchJk3JpB18oezfGDXnYYzA14mbknqqERrYH95w5imEZNABdG67zoJ+BlRwKlgedVLNUsInZAR6xsqScS0n82y5/jEKEMcxso8CXim/t7ISKT1NArMZJFUL3qF+J/XTyG88jMukxSYpPNDYSowxLgoAg+5YhTE1BBCFTdZMR0TRSiYuqqmBHfxy8ukc95wnYZ7d1FvXpd1VNAROkanyEWXqIluUQu1EUVP6Bm9ojcrt16sd+tjPrpilTuH6A+szx9JRJSV</latexit><latexit sha1_base64="HH8HwidvM+V5DOwy60abwwpM5m4=">AAAB+3icbVDLSsNAFJ34rPUV69LNYBEEoSQi6LLoxmUF+4Amlsl00g6dTMLMjVhCfsWNC0Xc+iPu/BsnbRbaemDgcM693DMnSATX4Djf1srq2vrGZmWrur2zu7dvH9Q6Ok4VZW0ai1j1AqKZ4JK1gYNgvUQxEgWCdYPJTeF3H5nSPJb3ME2YH5GR5CGnBIw0sGteRGAchJk3JpB18oezfGDXnYYzA14mbknqqERrYH95w5imEZNABdG67zoJ+BlRwKlgedVLNUsInZAR6xsqScS0n82y5/jEKEMcxso8CXim/t7ISKT1NArMZJFUL3qF+J/XTyG88jMukxSYpPNDYSowxLgoAg+5YhTE1BBCFTdZMR0TRSiYuqqmBHfxy8ukc95wnYZ7d1FvXpd1VNAROkanyEWXqIluUQu1EUVP6Bm9ojcrt16sd+tjPrpilTuH6A+szx9JRJSV</latexit><latexit sha1_base64="HH8HwidvM+V5DOwy60abwwpM5m4=">AAAB+3icbVDLSsNAFJ34rPUV69LNYBEEoSQi6LLoxmUF+4Amlsl00g6dTMLMjVhCfsWNC0Xc+iPu/BsnbRbaemDgcM693DMnSATX4Djf1srq2vrGZmWrur2zu7dvH9Q6Ok4VZW0ai1j1AqKZ4JK1gYNgvUQxEgWCdYPJTeF3H5nSPJb3ME2YH5GR5CGnBIw0sGteRGAchJk3JpB18oezfGDXnYYzA14mbknqqERrYH95w5imEZNABdG67zoJ+BlRwKlgedVLNUsInZAR6xsqScS0n82y5/jEKEMcxso8CXim/t7ISKT1NArMZJFUL3qF+J/XTyG88jMukxSYpPNDYSowxLgoAg+5YhTE1BBCFTdZMR0TRSiYuqqmBHfxy8ukc95wnYZ7d1FvXpd1VNAROkanyEWXqIluUQu1EUVP6Bm9ojcrt16sd+tjPrpilTuH6A+szx9JRJSV</latexit>

Reconstructed

V̂�
<latexit sha1_base64="tQWdB0oUIZkr8zVITIPfv/KBOI4=">AAAB+3icbVDLSsNAFJ34rPUV69LNYBHcWBIRdFl047KCfUATy2Q6aYdOJmHmRiwhv+LGhSJu/RF3/o2TNgttPTBwOOde7pkTJIJrcJxva2V1bX1js7JV3d7Z3du3D2odHaeKsjaNRax6AdFMcMnawEGwXqIYiQLBusHkpvC7j0xpHst7mCbMj8hI8pBTAkYa2DUvIjAOwswbE8g6+cNZPrDrTsOZAS8TtyR1VKI1sL+8YUzTiEmggmjdd50E/Iwo4FSwvOqlmiWETsiI9Q2VJGLaz2bZc3xilCEOY2WeBDxTf29kJNJ6GgVmskiqF71C/M/rpxBe+RmXSQpM0vmhMBUYYlwUgYdcMQpiagihipusmI6JIhRMXVVTgrv45WXSOW+4TsO9u6g3r8s6KugIHaNT5KJL1ES3qIXaiKIn9Ixe0ZuVWy/Wu/UxH12xyp1D9AfW5w9MTpSX</latexit><latexit sha1_base64="tQWdB0oUIZkr8zVITIPfv/KBOI4=">AAAB+3icbVDLSsNAFJ34rPUV69LNYBHcWBIRdFl047KCfUATy2Q6aYdOJmHmRiwhv+LGhSJu/RF3/o2TNgttPTBwOOde7pkTJIJrcJxva2V1bX1js7JV3d7Z3du3D2odHaeKsjaNRax6AdFMcMnawEGwXqIYiQLBusHkpvC7j0xpHst7mCbMj8hI8pBTAkYa2DUvIjAOwswbE8g6+cNZPrDrTsOZAS8TtyR1VKI1sL+8YUzTiEmggmjdd50E/Iwo4FSwvOqlmiWETsiI9Q2VJGLaz2bZc3xilCEOY2WeBDxTf29kJNJ6GgVmskiqF71C/M/rpxBe+RmXSQpM0vmhMBUYYlwUgYdcMQpiagihipusmI6JIhRMXVVTgrv45WXSOW+4TsO9u6g3r8s6KugIHaNT5KJL1ES3qIXaiKIn9Ixe0ZuVWy/Wu/UxH12xyp1D9AfW5w9MTpSX</latexit><latexit sha1_base64="tQWdB0oUIZkr8zVITIPfv/KBOI4=">AAAB+3icbVDLSsNAFJ34rPUV69LNYBHcWBIRdFl047KCfUATy2Q6aYdOJmHmRiwhv+LGhSJu/RF3/o2TNgttPTBwOOde7pkTJIJrcJxva2V1bX1js7JV3d7Z3du3D2odHaeKsjaNRax6AdFMcMnawEGwXqIYiQLBusHkpvC7j0xpHst7mCbMj8hI8pBTAkYa2DUvIjAOwswbE8g6+cNZPrDrTsOZAS8TtyR1VKI1sL+8YUzTiEmggmjdd50E/Iwo4FSwvOqlmiWETsiI9Q2VJGLaz2bZc3xilCEOY2WeBDxTf29kJNJ6GgVmskiqF71C/M/rpxBe+RmXSQpM0vmhMBUYYlwUgYdcMQpiagihipusmI6JIhRMXVVTgrv45WXSOW+4TsO9u6g3r8s6KugIHaNT5KJL1ES3qIXaiKIn9Ixe0ZuVWy/Wu/UxH12xyp1D9AfW5w9MTpSX</latexit><latexit sha1_base64="tQWdB0oUIZkr8zVITIPfv/KBOI4=">AAAB+3icbVDLSsNAFJ34rPUV69LNYBHcWBIRdFl047KCfUATy2Q6aYdOJmHmRiwhv+LGhSJu/RF3/o2TNgttPTBwOOde7pkTJIJrcJxva2V1bX1js7JV3d7Z3du3D2odHaeKsjaNRax6AdFMcMnawEGwXqIYiQLBusHkpvC7j0xpHst7mCbMj8hI8pBTAkYa2DUvIjAOwswbE8g6+cNZPrDrTsOZAS8TtyR1VKI1sL+8YUzTiEmggmjdd50E/Iwo4FSwvOqlmiWETsiI9Q2VJGLaz2bZc3xilCEOY2WeBDxTf29kJNJ6GgVmskiqF71C/M/rpxBe+RmXSQpM0vmhMBUYYlwUgYdcMQpiagihipusmI6JIhRMXVVTgrv45WXSOW+4TsO9u6g3r8s6KugIHaNT5KJL1ES3qIXaiKIn9Ixe0ZuVWy/Wu/UxH12xyp1D9AfW5w9MTpSX</latexit>

Reconstructed

Encoder

Encoder

Encoder

Shared
Weights

Shared
Weights

Lt
<latexit sha1_base64="mPc2zwzZAYrKhdJpmLzB1+ZSQ/Q=">AAAB9HicbVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sbCIYB6QLGF2MkmGzM6uM3cDYcl32FgoYuvH2Pk3ziZbaOKBgcM593LPnCCWwqDrfjuFtfWNza3idmlnd2//oHx41DRRohlvsEhGuh1Qw6VQvIECJW/HmtMwkLwVjG8zvzXh2ohIPeI05n5Ih0oMBKNoJb8bUhwxKtP7WQ975Ypbdecgq8TLSQVy1Hvlr24/YknIFTJJjel4box+SjUKJvms1E0Mjykb0yHvWKpoyI2fzkPPyJlV+mQQafsUkrn6eyOloTHTMLCTWUiz7GXif14nwcG1nwoVJ8gVWxwaJJJgRLIGSF9ozlBOLaFMC5uVsBHVlKHtqWRL8Ja/vEqaF1XPrXoPl5XaTV5HEU7gFM7BgyuowR3UoQEMnuAZXuHNmTgvzrvzsRgtOPnOMfyB8/kDFDSSSQ==</latexit><latexit sha1_base64="mPc2zwzZAYrKhdJpmLzB1+ZSQ/Q=">AAAB9HicbVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sbCIYB6QLGF2MkmGzM6uM3cDYcl32FgoYuvH2Pk3ziZbaOKBgcM593LPnCCWwqDrfjuFtfWNza3idmlnd2//oHx41DRRohlvsEhGuh1Qw6VQvIECJW/HmtMwkLwVjG8zvzXh2ohIPeI05n5Ih0oMBKNoJb8bUhwxKtP7WQ975Ypbdecgq8TLSQVy1Hvlr24/YknIFTJJjel4box+SjUKJvms1E0Mjykb0yHvWKpoyI2fzkPPyJlV+mQQafsUkrn6eyOloTHTMLCTWUiz7GXif14nwcG1nwoVJ8gVWxwaJJJgRLIGSF9ozlBOLaFMC5uVsBHVlKHtqWRL8Ja/vEqaF1XPrXoPl5XaTV5HEU7gFM7BgyuowR3UoQEMnuAZXuHNmTgvzrvzsRgtOPnOMfyB8/kDFDSSSQ==</latexit><latexit sha1_base64="mPc2zwzZAYrKhdJpmLzB1+ZSQ/Q=">AAAB9HicbVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sbCIYB6QLGF2MkmGzM6uM3cDYcl32FgoYuvH2Pk3ziZbaOKBgcM593LPnCCWwqDrfjuFtfWNza3idmlnd2//oHx41DRRohlvsEhGuh1Qw6VQvIECJW/HmtMwkLwVjG8zvzXh2ohIPeI05n5Ih0oMBKNoJb8bUhwxKtP7WQ975Ypbdecgq8TLSQVy1Hvlr24/YknIFTJJjel4box+SjUKJvms1E0Mjykb0yHvWKpoyI2fzkPPyJlV+mQQafsUkrn6eyOloTHTMLCTWUiz7GXif14nwcG1nwoVJ8gVWxwaJJJgRLIGSF9ozlBOLaFMC5uVsBHVlKHtqWRL8Ja/vEqaF1XPrXoPl5XaTV5HEU7gFM7BgyuowR3UoQEMnuAZXuHNmTgvzrvzsRgtOPnOMfyB8/kDFDSSSQ==</latexit><latexit sha1_base64="mPc2zwzZAYrKhdJpmLzB1+ZSQ/Q=">AAAB9HicbVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sbCIYB6QLGF2MkmGzM6uM3cDYcl32FgoYuvH2Pk3ziZbaOKBgcM593LPnCCWwqDrfjuFtfWNza3idmlnd2//oHx41DRRohlvsEhGuh1Qw6VQvIECJW/HmtMwkLwVjG8zvzXh2ohIPeI05n5Ih0oMBKNoJb8bUhwxKtP7WQ975Ypbdecgq8TLSQVy1Hvlr24/YknIFTJJjel4box+SjUKJvms1E0Mjykb0yHvWKpoyI2fzkPPyJlV+mQQafsUkrn6eyOloTHTMLCTWUiz7GXif14nwcG1nwoVJ8gVWxwaJJJgRLIGSF9ozlBOLaFMC5uVsBHVlKHtqWRL8Ja/vEqaF1XPrXoPl5XaTV5HEU7gFM7BgyuowR3UoQEMnuAZXuHNmTgvzrvzsRgtOPnOMfyB8/kDFDSSSQ==</latexit>

Lr
<latexit sha1_base64="QBSykMe5VSqYiA0W3JrEBSccIA0=">AAAB9HicbVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sbCIYB6QLOHuZJIMmZ1dZ2YDYcl32FgoYuvH2Pk3ziZbaOKBgcM593LPnCAWXBvX/XYKa+sbm1vF7dLO7t7+QfnwqKmjRFHWoJGIVDtAzQSXrGG4EawdK4ZhIFgrGN9mfmvClOaRfDTTmPkhDiUfcIrGSn43RDOiKNL7WU/1yhW36s5BVomXkwrkqPfKX91+RJOQSUMFat3x3Nj4KSrDqWCzUjfRLEY6xiHrWCoxZNpP56Fn5MwqfTKIlH3SkLn6eyPFUOtpGNjJLKRe9jLxP6+TmMG1n3IZJ4ZJujg0SAQxEckaIH2uGDViaglSxW1WQkeokBrbU8mW4C1/eZU0L6qeW/UeLiu1m7yOIpzAKZyDB1dQgzuoQwMoPMEzvMKbM3FenHfnYzFacPKdY/gD5/MHESySRw==</latexit><latexit sha1_base64="QBSykMe5VSqYiA0W3JrEBSccIA0=">AAAB9HicbVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sbCIYB6QLOHuZJIMmZ1dZ2YDYcl32FgoYuvH2Pk3ziZbaOKBgcM593LPnCAWXBvX/XYKa+sbm1vF7dLO7t7+QfnwqKmjRFHWoJGIVDtAzQSXrGG4EawdK4ZhIFgrGN9mfmvClOaRfDTTmPkhDiUfcIrGSn43RDOiKNL7WU/1yhW36s5BVomXkwrkqPfKX91+RJOQSUMFat3x3Nj4KSrDqWCzUjfRLEY6xiHrWCoxZNpP56Fn5MwqfTKIlH3SkLn6eyPFUOtpGNjJLKRe9jLxP6+TmMG1n3IZJ4ZJujg0SAQxEckaIH2uGDViaglSxW1WQkeokBrbU8mW4C1/eZU0L6qeW/UeLiu1m7yOIpzAKZyDB1dQgzuoQwMoPMEzvMKbM3FenHfnYzFacPKdY/gD5/MHESySRw==</latexit><latexit sha1_base64="QBSykMe5VSqYiA0W3JrEBSccIA0=">AAAB9HicbVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sbCIYB6QLOHuZJIMmZ1dZ2YDYcl32FgoYuvH2Pk3ziZbaOKBgcM593LPnCAWXBvX/XYKa+sbm1vF7dLO7t7+QfnwqKmjRFHWoJGIVDtAzQSXrGG4EawdK4ZhIFgrGN9mfmvClOaRfDTTmPkhDiUfcIrGSn43RDOiKNL7WU/1yhW36s5BVomXkwrkqPfKX91+RJOQSUMFat3x3Nj4KSrDqWCzUjfRLEY6xiHrWCoxZNpP56Fn5MwqfTKIlH3SkLn6eyPFUOtpGNjJLKRe9jLxP6+TmMG1n3IZJ4ZJujg0SAQxEckaIH2uGDViaglSxW1WQkeokBrbU8mW4C1/eZU0L6qeW/UeLiu1m7yOIpzAKZyDB1dQgzuoQwMoPMEzvMKbM3FenHfnYzFacPKdY/gD5/MHESySRw==</latexit><latexit sha1_base64="QBSykMe5VSqYiA0W3JrEBSccIA0=">AAAB9HicbVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sbCIYB6QLOHuZJIMmZ1dZ2YDYcl32FgoYuvH2Pk3ziZbaOKBgcM593LPnCAWXBvX/XYKa+sbm1vF7dLO7t7+QfnwqKmjRFHWoJGIVDtAzQSXrGG4EawdK4ZhIFgrGN9mfmvClOaRfDTTmPkhDiUfcIrGSn43RDOiKNL7WU/1yhW36s5BVomXkwrkqPfKX91+RJOQSUMFat3x3Nj4KSrDqWCzUjfRLEY6xiHrWCoxZNpP56Fn5MwqfTKIlH3SkLn6eyPFUOtpGNjJLKRe9jLxP6+TmMG1n3IZJ4ZJujg0SAQxEckaIH2uGDViaglSxW1WQkeokBrbU8mW4C1/eZU0L6qeW/UeLiu1m7yOIpzAKZyDB1dQgzuoQwMoPMEzvMKbM3FenHfnYzFacPKdY/gD5/MHESySRw==</latexit>

LineNet
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Fig. 2. The solution overview of LineNet.

(i.e., pink diamonds). More specifically, given a line chart triplet (V,V+,V−), the optimization goal
is to minimize the distance between similar line chart images and maximize the distance between
dissimilar line chart images in the embedding space. In addition, LineNet needs to capture the
inherent visual features of the line chart itself, which benefits the data-level similarity learning while
capturing the image-level similarity. This goal is achieved by LineNet’s autoencoder architecture.
Specifically, the Encoder of LineNet first maps a H -dimensional input line chart image V into an
h-dimensional compact vector representations E = Encoder(V) (E ∈ Rh), where h < H ; the
Decoder then reverses this procedure by reconstructing V̂ = Decoder(E). This learning fashion has
been empirically verified in many domains that embeddings can learn useful latent information [9].
Train LineNet. We first propose a triplets selection algorithm to automatically select a set of
training samples (i.e., a set of triplets). This algorithm can produce a larger number of effective
training samples for training LineNet. We discuss the details in Section 4.3. Furthermore, we
judiciously select a small set of most representative triplets to make the learning process more
effective and efficient. Therefore, we further design a diversified triplets selection algorithm to pick
a set of discriminative triplets from a mini-batch to optimize the learning process. We discuss the
details in Section 5.

3.2 Deploy LineNet
Suppose we have a well-trained LineNet that can map a line chart image V to an embedding vector
E in the embedding space. Naturally, we can use the squared Euclidean distance between Ei and Ej
in the embedding space to compute the similarity between line charts Vi and Vj , which is defined
as: dist(F (Vi ),F (Vj )) = dist(Ei ,Ej ) = | |Ei − Ej | |

2
2 .
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Therefore, once the embedding space is well-prepared, the top-k similarity search of line chart
images can be tackled using k nearest neighbor search algorithms [7] in the embedding space.

As shown in Figure 2(b), given a line chart image query, and a collection of line chart images to
be searched, LineNet’s Encoder first maps all line chart images into a learned embedding space.
Next, it employs the k nearest neighbor search algorithm to directly derive the top-k most similar
results to the query in the embedding space.
Generalize to Other Visualization Types. Although we take the line charts as the exemplar to
investigate the problem of learned data-aware visualization representations for similarity search,
our framework can be extended to support other visualization types such as bar charts, pie charts,
and scatter plots. The key to this extension is measuring data-level similarity between visualization
charts based on their underlying data.
Discussion. In our attempts to capture the similarity between line chart images, we tried two
intuitive solutions. The first solution is to map the representations of a pair of line chart images into
a certain similarity score (i.e., dist(Di ,Dj )) by leveraging a regressor. However, this approach is hard
to train for convergence and leads to low performance. The main reason is that line charts always
have large and complicated feature space, which is rather hard to map the features to a similarity
score accurately. The second one is to maximize the similarity between two representations of a
pair of line chart images by minimizing a contrastive loss function. While this method can optimize
the representations between similar line charts, it is challenging to handle the overall learned
representations across similar and dissimilar line chart, which still results in poor performance.
Please refer to Section 7 for our empirical findings regarding the effectiveness of these solutions

4 THE DESIGN DETAILS OF LINENET
We will first present the architecture of LineNet (Section 4.1). We will then elaborate on the design
details of LineNet (Section 4.2). Finally, we introduce how to select training data (Section 4.3).

4.1 LineNet Architecture
To capture the visual features of line charts, we utilize the autoencoder architecture, a popular
architecture for embedding learning [9, 80], to learn the inherent visual information of line chart
images. We then preserve the data similarity between line chart images with the help of triplet
labels, by leveraging the deep metric learning technique [29, 70].
LineNet Architecture.We design a Vision Transformer-based Triplet Autoencoder architecture
to build LineNet (see Figure 2(a)-(3)). LineNet comprises three identical autoencoders by sharing the
same weights. We adapt the sophisticated Swin Transformer block [48] as the basic unit to build
the Encoder and the symmetric Decoder. We will show the design details of LineNet in Section 4.2.
For training, LineNet takes as input a set of line chart triplets Vt =

{(V1,V+1 ,V
−
1 ), (V2,V+2 ,V

−
2 ), ..., (Vn ,V+n ,V−n )}. For a triplet (Vi ,V+i ,V

−
i ), Encoder first encodes

them into h-dimensional embeddings E, E+, and E−, respectively. Next, the Decoder reconstructs
origin inputs from E, E+, and E− and outputs the reconstructed results (V̂i , V̂

+

i , V̂
−

i ).
Next, we will introduce how LineNet optimizes the above two goals simultaneously.

Learn Inherent Image Similarity. The autoencoder in LineNet is responsible for learning the
most salient visual features of line chart images during training, which can be achieved by the
reconstruction loss [45] naturally.

Lr =
1
n

n∑
i=1
(| |Vi − V̂i | |

2
2 + | |V

+
i − V̂

+

i | |
2
2 + | |V

−
i − V̂

−

i | |
2
2) (2)
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<latexit sha1_base64="HMNYiL7vCx/ICr2NECE6XEQgmG4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqtQfVmlt3FyDrxCtIDQo0B9Wv/jBhWYzSMEG17nluaoKcKsOZwFmln2lMKZvQEfYslTRGHeSLQ2fkwipDEiXKljRkof6eyGms9TQObWdMzVivenPxP6+Xmeg2yLlMM4OSLRdFmSAmIfOvyZArZEZMLaFMcXsrYWOqKDM2m4oNwVt9eZ20r+qeW/da17UGKeIowxmcwyV4cAMNuIcm+MAA4Rle4c15dF6cd+dj2VpyiplT+APn8weod4y4</latexit><latexit sha1_base64="HMNYiL7vCx/ICr2NECE6XEQgmG4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqtQfVmlt3FyDrxCtIDQo0B9Wv/jBhWYzSMEG17nluaoKcKsOZwFmln2lMKZvQEfYslTRGHeSLQ2fkwipDEiXKljRkof6eyGms9TQObWdMzVivenPxP6+Xmeg2yLlMM4OSLRdFmSAmIfOvyZArZEZMLaFMcXsrYWOqKDM2m4oNwVt9eZ20r+qeW/da17UGKeIowxmcwyV4cAMNuIcm+MAA4Rle4c15dF6cd+dj2VpyiplT+APn8weod4y4</latexit><latexit sha1_base64="HMNYiL7vCx/ICr2NECE6XEQgmG4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqtQfVmlt3FyDrxCtIDQo0B9Wv/jBhWYzSMEG17nluaoKcKsOZwFmln2lMKZvQEfYslTRGHeSLQ2fkwipDEiXKljRkof6eyGms9TQObWdMzVivenPxP6+Xmeg2yLlMM4OSLRdFmSAmIfOvyZArZEZMLaFMcXsrYWOqKDM2m4oNwVt9eZ20r+qeW/da17UGKeIowxmcwyV4cAMNuIcm+MAA4Rle4c15dF6cd+dj2VpyiplT+APn8weod4y4</latexit><latexit sha1_base64="HMNYiL7vCx/ICr2NECE6XEQgmG4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqtQfVmlt3FyDrxCtIDQo0B9Wv/jBhWYzSMEG17nluaoKcKsOZwFmln2lMKZvQEfYslTRGHeSLQ2fkwipDEiXKljRkof6eyGms9TQObWdMzVivenPxP6+Xmeg2yLlMM4OSLRdFmSAmIfOvyZArZEZMLaFMcXsrYWOqKDM2m4oNwVt9eZ20r+qeW/da17UGKeIowxmcwyV4cAMNuIcm+MAA4Rle4c15dF6cd+dj2VpyiplT+APn8weod4y4</latexit>

V +
1<latexit sha1_base64="cPZBiXbdQqMRbIj00SwSEz2uMbk=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh4LXjxWMG2hjWWznbRLN5uwuxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzwlRwbVz32ymtrW9sbpW3Kzu7e/sH1cOjlk4yxdBniUhUJ6QaBZfoG24EdlKFNA4FtsPx7cxvP6HSPJEPZpJiENOh5BFn1FjJb/W9x4t+tebW3TnIKvEKUoMCzX71qzdIWBajNExQrbuem5ogp8pwJnBa6WUaU8rGdIhdSyWNUQf5/NgpObPKgESJsiUNmau/J3Iaaz2JQ9sZUzPSy95M/M/rZia6CXIu08ygZItFUSaIScjsczLgCpkRE0soU9zeStiIKsqMzadiQ/CWX14lrcu659a9+6tagxRxlOEETuEcPLiGBtxBE3xgwOEZXuHNkc6L8+58LFpLTjFzDH/gfP4A6UqN+Q==</latexit><latexit sha1_base64="cPZBiXbdQqMRbIj00SwSEz2uMbk=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh4LXjxWMG2hjWWznbRLN5uwuxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzwlRwbVz32ymtrW9sbpW3Kzu7e/sH1cOjlk4yxdBniUhUJ6QaBZfoG24EdlKFNA4FtsPx7cxvP6HSPJEPZpJiENOh5BFn1FjJb/W9x4t+tebW3TnIKvEKUoMCzX71qzdIWBajNExQrbuem5ogp8pwJnBa6WUaU8rGdIhdSyWNUQf5/NgpObPKgESJsiUNmau/J3Iaaz2JQ9sZUzPSy95M/M/rZia6CXIu08ygZItFUSaIScjsczLgCpkRE0soU9zeStiIKsqMzadiQ/CWX14lrcu659a9+6tagxRxlOEETuEcPLiGBtxBE3xgwOEZXuHNkc6L8+58LFpLTjFzDH/gfP4A6UqN+Q==</latexit><latexit sha1_base64="cPZBiXbdQqMRbIj00SwSEz2uMbk=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh4LXjxWMG2hjWWznbRLN5uwuxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzwlRwbVz32ymtrW9sbpW3Kzu7e/sH1cOjlk4yxdBniUhUJ6QaBZfoG24EdlKFNA4FtsPx7cxvP6HSPJEPZpJiENOh5BFn1FjJb/W9x4t+tebW3TnIKvEKUoMCzX71qzdIWBajNExQrbuem5ogp8pwJnBa6WUaU8rGdIhdSyWNUQf5/NgpObPKgESJsiUNmau/J3Iaaz2JQ9sZUzPSy95M/M/rZia6CXIu08ygZItFUSaIScjsczLgCpkRE0soU9zeStiIKsqMzadiQ/CWX14lrcu659a9+6tagxRxlOEETuEcPLiGBtxBE3xgwOEZXuHNkc6L8+58LFpLTjFzDH/gfP4A6UqN+Q==</latexit><latexit sha1_base64="cPZBiXbdQqMRbIj00SwSEz2uMbk=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBZBEEoigh4LXjxWMG2hjWWznbRLN5uwuxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzwlRwbVz32ymtrW9sbpW3Kzu7e/sH1cOjlk4yxdBniUhUJ6QaBZfoG24EdlKFNA4FtsPx7cxvP6HSPJEPZpJiENOh5BFn1FjJb/W9x4t+tebW3TnIKvEKUoMCzX71qzdIWBajNExQrbuem5ogp8pwJnBa6WUaU8rGdIhdSyWNUQf5/NgpObPKgESJsiUNmau/J3Iaaz2JQ9sZUzPSy95M/M/rZia6CXIu08ygZItFUSaIScjsczLgCpkRE0soU9zeStiIKsqMzadiQ/CWX14lrcu659a9+6tagxRxlOEETuEcPLiGBtxBE3xgwOEZXuHNkc6L8+58LFpLTjFzDH/gfP4A6UqN+Q==</latexit>

V +
2<latexit sha1_base64="QDv+NbAQSaIk32RBjhgYeqyNUik=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSIIQkmKoMeCF48VTFtoY9lsJ+3SzSbsboQS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dtbWNza3tks75d29/YPDytFxSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4dua3n1BpnsgHM0kxiOlQ8ogzaqzkt/r1x8t+perW3DnIKvEKUoUCzX7lqzdIWBajNExQrbuem5ogp8pwJnBa7mUaU8rGdIhdSyWNUQf5/NgpObfKgESJsiUNmau/J3Iaaz2JQ9sZUzPSy95M/M/rZia6CXIu08ygZItFUSaIScjsczLgCpkRE0soU9zeStiIKsqMzadsQ/CWX14lrXrNc2ve/VW1QYo4SnAKZ3ABHlxDA+6gCT4w4PAMr/DmSOfFeXc+Fq1rTjFzAn/gfP4A6tCN+g==</latexit><latexit sha1_base64="QDv+NbAQSaIk32RBjhgYeqyNUik=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSIIQkmKoMeCF48VTFtoY9lsJ+3SzSbsboQS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dtbWNza3tks75d29/YPDytFxSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4dua3n1BpnsgHM0kxiOlQ8ogzaqzkt/r1x8t+perW3DnIKvEKUoUCzX7lqzdIWBajNExQrbuem5ogp8pwJnBa7mUaU8rGdIhdSyWNUQf5/NgpObfKgESJsiUNmau/J3Iaaz2JQ9sZUzPSy95M/M/rZia6CXIu08ygZItFUSaIScjsczLgCpkRE0soU9zeStiIKsqMzadsQ/CWX14lrXrNc2ve/VW1QYo4SnAKZ3ABHlxDA+6gCT4w4PAMr/DmSOfFeXc+Fq1rTjFzAn/gfP4A6tCN+g==</latexit><latexit sha1_base64="QDv+NbAQSaIk32RBjhgYeqyNUik=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSIIQkmKoMeCF48VTFtoY9lsJ+3SzSbsboQS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dtbWNza3tks75d29/YPDytFxSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4dua3n1BpnsgHM0kxiOlQ8ogzaqzkt/r1x8t+perW3DnIKvEKUoUCzX7lqzdIWBajNExQrbuem5ogp8pwJnBa7mUaU8rGdIhdSyWNUQf5/NgpObfKgESJsiUNmau/J3Iaaz2JQ9sZUzPSy95M/M/rZia6CXIu08ygZItFUSaIScjsczLgCpkRE0soU9zeStiIKsqMzadsQ/CWX14lrXrNc2ve/VW1QYo4SnAKZ3ABHlxDA+6gCT4w4PAMr/DmSOfFeXc+Fq1rTjFzAn/gfP4A6tCN+g==</latexit><latexit sha1_base64="QDv+NbAQSaIk32RBjhgYeqyNUik=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSIIQkmKoMeCF48VTFtoY9lsJ+3SzSbsboQS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dtbWNza3tks75d29/YPDytFxSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4dua3n1BpnsgHM0kxiOlQ8ogzaqzkt/r1x8t+perW3DnIKvEKUoUCzX7lqzdIWBajNExQrbuem5ogp8pwJnBa7mUaU8rGdIhdSyWNUQf5/NgpObfKgESJsiUNmau/J3Iaaz2JQ9sZUzPSy95M/M/rZia6CXIu08ygZItFUSaIScjsczLgCpkRE0soU9zeStiIKsqMzadsQ/CWX14lrXrNc2ve/VW1QYo4SnAKZ3ABHlxDA+6gCT4w4PAMr/DmSOfFeXc+Fq1rTjFzAn/gfP4A6tCN+g==</latexit>

V �
2

<latexit sha1_base64="94ioxrym5/ISUj7a7pfxkiqKFjw=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4sSRF0GPBi8cKpi20sWy2k3bpZhN2N0IJ/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZemAqujet+O2vrG5tb26Wd8u7e/sFh5ei4pZNMMfRZIhLVCalGwSX6hhuBnVQhjUOB7XB8O/PbT6g0T+SDmaQYxHQoecQZNVbyW/3642W/UnVr7hxklXgFqUKBZr/y1RskLItRGiao1l3PTU2QU2U4Ezgt9zKNKWVjOsSupZLGqIN8fuyUnFtlQKJE2ZKGzNXfEzmNtZ7Eoe2MqRnpZW8m/ud1MxPdBDmXaWZQssWiKBPEJGT2ORlwhcyIiSWUKW5vJWxEFWXG5lO2IXjLL6+SVr3muTXv/qraIEUcJTiFM7gAD66hAXfQBB8YcHiGV3hzpPPivDsfi9Y1p5g5gT9wPn8A7diN/A==</latexit><latexit sha1_base64="94ioxrym5/ISUj7a7pfxkiqKFjw=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4sSRF0GPBi8cKpi20sWy2k3bpZhN2N0IJ/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZemAqujet+O2vrG5tb26Wd8u7e/sFh5ei4pZNMMfRZIhLVCalGwSX6hhuBnVQhjUOB7XB8O/PbT6g0T+SDmaQYxHQoecQZNVbyW/3642W/UnVr7hxklXgFqUKBZr/y1RskLItRGiao1l3PTU2QU2U4Ezgt9zKNKWVjOsSupZLGqIN8fuyUnFtlQKJE2ZKGzNXfEzmNtZ7Eoe2MqRnpZW8m/ud1MxPdBDmXaWZQssWiKBPEJGT2ORlwhcyIiSWUKW5vJWxEFWXG5lO2IXjLL6+SVr3muTXv/qraIEUcJTiFM7gAD66hAXfQBB8YcHiGV3hzpPPivDsfi9Y1p5g5gT9wPn8A7diN/A==</latexit><latexit sha1_base64="94ioxrym5/ISUj7a7pfxkiqKFjw=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4sSRF0GPBi8cKpi20sWy2k3bpZhN2N0IJ/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZemAqujet+O2vrG5tb26Wd8u7e/sFh5ei4pZNMMfRZIhLVCalGwSX6hhuBnVQhjUOB7XB8O/PbT6g0T+SDmaQYxHQoecQZNVbyW/3642W/UnVr7hxklXgFqUKBZr/y1RskLItRGiao1l3PTU2QU2U4Ezgt9zKNKWVjOsSupZLGqIN8fuyUnFtlQKJE2ZKGzNXfEzmNtZ7Eoe2MqRnpZW8m/ud1MxPdBDmXaWZQssWiKBPEJGT2ORlwhcyIiSWUKW5vJWxEFWXG5lO2IXjLL6+SVr3muTXv/qraIEUcJTiFM7gAD66hAXfQBB8YcHiGV3hzpPPivDsfi9Y1p5g5gT9wPn8A7diN/A==</latexit><latexit sha1_base64="94ioxrym5/ISUj7a7pfxkiqKFjw=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4sSRF0GPBi8cKpi20sWy2k3bpZhN2N0IJ/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZemAqujet+O2vrG5tb26Wd8u7e/sFh5ei4pZNMMfRZIhLVCalGwSX6hhuBnVQhjUOB7XB8O/PbT6g0T+SDmaQYxHQoecQZNVbyW/3642W/UnVr7hxklXgFqUKBZr/y1RskLItRGiao1l3PTU2QU2U4Ezgt9zKNKWVjOsSupZLGqIN8fuyUnFtlQKJE2ZKGzNXfEzmNtZ7Eoe2MqRnpZW8m/ud1MxPdBDmXaWZQssWiKBPEJGT2ORlwhcyIiSWUKW5vJWxEFWXG5lO2IXjLL6+SVr3muTXv/qraIEUcJTiFM7gAD66hAXfQBB8YcHiGV3hzpPPivDsfi9Y1p5g5gT9wPn8A7diN/A==</latexit>

V �
1

<latexit sha1_base64="MzGx3v7Yudis8cqma4LPGrtvMSA=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBiyURQY8FLx4rmLbQxrLZTtqlm03Y3Qgl9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777ZTW1jc2t8rblZ3dvf2D6uFRSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4dua3n1BpnsgHM0kxiOlQ8ogzaqzkt/re40W/WnPr7hxklXgFqUGBZr/61RskLItRGiao1l3PTU2QU2U4Ezit9DKNKWVjOsSupZLGqIN8fuyUnFllQKJE2ZKGzNXfEzmNtZ7Eoe2MqRnpZW8m/ud1MxPdBDmXaWZQssWiKBPEJGT2ORlwhcyIiSWUKW5vJWxEFWXG5lOxIXjLL6+S1mXdc+ve/VWtQYo4ynACp3AOHlxDA+6gCT4w4PAMr/DmSOfFeXc+Fq0lp5g5hj9wPn8A7FKN+w==</latexit><latexit sha1_base64="MzGx3v7Yudis8cqma4LPGrtvMSA=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBiyURQY8FLx4rmLbQxrLZTtqlm03Y3Qgl9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777ZTW1jc2t8rblZ3dvf2D6uFRSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4dua3n1BpnsgHM0kxiOlQ8ogzaqzkt/re40W/WnPr7hxklXgFqUGBZr/61RskLItRGiao1l3PTU2QU2U4Ezit9DKNKWVjOsSupZLGqIN8fuyUnFllQKJE2ZKGzNXfEzmNtZ7Eoe2MqRnpZW8m/ud1MxPdBDmXaWZQssWiKBPEJGT2ORlwhcyIiSWUKW5vJWxEFWXG5lOxIXjLL6+S1mXdc+ve/VWtQYo4ynACp3AOHlxDA+6gCT4w4PAMr/DmSOfFeXc+Fq0lp5g5hj9wPn8A7FKN+w==</latexit><latexit sha1_base64="MzGx3v7Yudis8cqma4LPGrtvMSA=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBiyURQY8FLx4rmLbQxrLZTtqlm03Y3Qgl9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777ZTW1jc2t8rblZ3dvf2D6uFRSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4dua3n1BpnsgHM0kxiOlQ8ogzaqzkt/re40W/WnPr7hxklXgFqUGBZr/61RskLItRGiao1l3PTU2QU2U4Ezit9DKNKWVjOsSupZLGqIN8fuyUnFllQKJE2ZKGzNXfEzmNtZ7Eoe2MqRnpZW8m/ud1MxPdBDmXaWZQssWiKBPEJGT2ORlwhcyIiSWUKW5vJWxEFWXG5lOxIXjLL6+S1mXdc+ve/VWtQYo4ynACp3AOHlxDA+6gCT4w4PAMr/DmSOfFeXc+Fq0lp5g5hj9wPn8A7FKN+w==</latexit><latexit sha1_base64="MzGx3v7Yudis8cqma4LPGrtvMSA=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBiyURQY8FLx4rmLbQxrLZTtqlm03Y3Qgl9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777ZTW1jc2t8rblZ3dvf2D6uFRSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4dua3n1BpnsgHM0kxiOlQ8ogzaqzkt/re40W/WnPr7hxklXgFqUGBZr/61RskLItRGiao1l3PTU2QU2U4Ezit9DKNKWVjOsSupZLGqIN8fuyUnFllQKJE2ZKGzNXfEzmNtZ7Eoe2MqRnpZW8m/ud1MxPdBDmXaWZQssWiKBPEJGT2ORlwhcyIiSWUKW5vJWxEFWXG5lOxIXjLL6+S1mXdc+ve/VWtQYo4ynACp3AOHlxDA+6gCT4w4PAMr/DmSOfFeXc+Fq0lp5g5hj9wPn8A7FKN+w==</latexit>

margin

(b) After learning

V
<latexit sha1_base64="HMNYiL7vCx/ICr2NECE6XEQgmG4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqtQfVmlt3FyDrxCtIDQo0B9Wv/jBhWYzSMEG17nluaoKcKsOZwFmln2lMKZvQEfYslTRGHeSLQ2fkwipDEiXKljRkof6eyGms9TQObWdMzVivenPxP6+Xmeg2yLlMM4OSLRdFmSAmIfOvyZArZEZMLaFMcXsrYWOqKDM2m4oNwVt9eZ20r+qeW/da17UGKeIowxmcwyV4cAMNuIcm+MAA4Rle4c15dF6cd+dj2VpyiplT+APn8weod4y4</latexit><latexit sha1_base64="HMNYiL7vCx/ICr2NECE6XEQgmG4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqtQfVmlt3FyDrxCtIDQo0B9Wv/jBhWYzSMEG17nluaoKcKsOZwFmln2lMKZvQEfYslTRGHeSLQ2fkwipDEiXKljRkof6eyGms9TQObWdMzVivenPxP6+Xmeg2yLlMM4OSLRdFmSAmIfOvyZArZEZMLaFMcXsrYWOqKDM2m4oNwVt9eZ20r+qeW/da17UGKeIowxmcwyV4cAMNuIcm+MAA4Rle4c15dF6cd+dj2VpyiplT+APn8weod4y4</latexit><latexit sha1_base64="HMNYiL7vCx/ICr2NECE6XEQgmG4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqtQfVmlt3FyDrxCtIDQo0B9Wv/jBhWYzSMEG17nluaoKcKsOZwFmln2lMKZvQEfYslTRGHeSLQ2fkwipDEiXKljRkof6eyGms9TQObWdMzVivenPxP6+Xmeg2yLlMM4OSLRdFmSAmIfOvyZArZEZMLaFMcXsrYWOqKDM2m4oNwVt9eZ20r+qeW/da17UGKeIowxmcwyV4cAMNuIcm+MAA4Rle4c15dF6cd+dj2VpyiplT+APn8weod4y4</latexit><latexit sha1_base64="HMNYiL7vCx/ICr2NECE6XEQgmG4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPBi8cWTFtoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8MBVcG9f9dkobm1vbO+Xdyt7+weFR9fikrZNMMfRZIhLVDalGwSX6hhuB3VQhjUOBnXByN/c7T6g0T+SDmaYYxHQkecQZNVZqtQfVmlt3FyDrxCtIDQo0B9Wv/jBhWYzSMEG17nluaoKcKsOZwFmln2lMKZvQEfYslTRGHeSLQ2fkwipDEiXKljRkof6eyGms9TQObWdMzVivenPxP6+Xmeg2yLlMM4OSLRdFmSAmIfOvyZArZEZMLaFMcXsrYWOqKDM2m4oNwVt9eZ20r+qeW/da17UGKeIowxmcwyV4cAMNuIcm+MAA4Rle4c15dF6cd+dj2VpyiplT+APn8weod4y4</latexit>
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margin

Fig. 3. An example of triplet selection for learning.

The intuition behind reconstruction loss Lr is to reduce the reconstruction error with the
constraint of having only limited degrees of freedom available. Therefore, it enforces LineNet to
retain the most representative visual features of the line chart images, which helps to capture the
intrinsic image similarity and at the same time facilitates the learning process of data similarity.
Capture Data Similarity. Although the reconstruction loss can prioritize retaining the most
representative features of the line chart images, but it has little ability to explicitly optimize the
learning process of capturing data similarity among line chart images. Therefore, we adopt the
Triplet Network to tackle this problem.

As shown in Figure 3, the Triplet Network architecture [29, 70, 78] aims at minimizing the
embedding distance between the anchor (e.g., V) and its positive (i.e., similar line charts) ones
(e.g., V+1 ) while maximizing the embedding distance between the anchor and the negative (i.e.,
dissimilar line charts) ones (e.g., V−1 ). This objective can be achieved by the triplet loss [78], which
ensures that the negative sample is farther from the anchor than the positive sample by at least a
margin. The triplet loss Lt for preserving data similarity between line charts is written as below:

Lt =
1
n

n∑
i=1

max{0, β + | |Ei − E+i | |
2
2 − ||Ei − E

−
i | |

2
2} (3)

The triplet loss function Lt indicates that the distance of an anchor-positive pair | |Ei − E+i | |22
should be smaller than an anchor-negative pair | |Ei − E−i | |22 by a certain margin β .

Example 1. As shown in Figure 3(a), Green arrows indicate reducing the distance to the anchor
(blue point) to update the embedding (Fig. 3(b) shows the results), while pink arrows indicate increasing
the distance to the anchor. The triplet (V, V+1 , V

−
1 ) is useful for metric learning because the positive

sample V+1 (i.e., the similar ones) is far from the anchor V while the negative V−1 is close to the anchor,
which violates the margin significantly and leads a large error. Therefore, the V+1 will be pushed close
to the anchor V and the V−1 will be pulled away from V (see Fig. 3(b)) due to the deep metric learning.

Overall Objective and Optimization. According to the above definitions, the final objective
function of LineNet can be formulated by a linear combination:

L = (1 − α)Lr + αLt (4)

where α is a hyper-parameter that balances the contribution of each loss term. The LineNet will be
trained in conjunction with the reconstruction loss and the triplet loss simultaneously.

4.2 Details of LineNet: Vision Transformer
Inspired by the recent advancements of vision transformers in the computer vision commu-
nity [20, 24, 34, 48], we build LineNet based on Swin Transformer [48], which has shown superior
performance on vision tasks recently.
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（a) Design Details of LineNet 
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Fig. 4. The architecture of LineNet.

Swin Transformer Blocks. Swin Transformer Blocks (STB) is inspired by the origin Trans-
former [77], STB introduces a novel local attention and a shifted window mechanism to reduce
computation complexity while improving performance.
As shown in Figure 4(b), STB is composed of layer normalization (LayerNorm), multi-head

self-attention (MSA), and a 2-layer multi-layer perceptron (MLP). Specifically, STB implements
a window-based multi-head self-attention (W-MSA) and a shifted-window-based multi-head self-
attention (SW-MSA) based on the standard multi-head self-attention (MSA) [77]. The former is
responsible for performing the self-attention mechanism inside the local window, while the latter
shifts the windows to capture additional information between neighbor windows. The overall
process of two STB in Figure 4(b) can be summarized as:

Vl
i =W −MSA(LayerNorm(Vl−1

i )) + V
l−1
i

Vl
i = MLP(LayerNorm(Vl

i )) + V
l
i

Vl+1
i = SW −MSA(LayerNorm(Vl

i )) + V
l
i

Vl+1
i = MLP(LayerNorm(Vl+1

i )) + V
l+1
i

Design Details. Figure 4(a) shows the design details of LineNet. In Encoder part, it takes as input
a line chart image (i.e., in the form of an image) with size of 3 × H ×W . Then, the Patch Partition
layer splits the input image into non-overlapping patches with the patch size of 4 × 8. Next, it
treats each image patch as a token and then projects these tokens using a linear embedding layer.
That is the embedding layer embeds each patch to a 4 × 8 × 4 = 128-dimensional features, while
the Reversed Embedding and Reversed Patch Partition layer in Decoder reverses this process. The
projected patched tokens are passed to Swin Transformer blocks to perform the multi-head self
attention computation. After the feature representation learning by the Swin Transformer blocks,
LineNet performs patches merging to generate hidden feature representation. The feature map
resolution increases as the above process repeats. The down-sampling layer is a fully connected
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Algorithm 1: Training Algorithm of LineNet
Input: A training set of line chart images V;
Output: The converged LineNet;

1 for number of training iterations do
2 for N ≤ number of batches do
3 B← get_mini-batch(V);
4 Vt ← triplets_selection(B);
5 LineNet.forward_propagate(Vt );
6 loss← LineNet.loss_computation();
7 LineNet.backward_propagate(loss);

8 return LineNet;

layer with dimensions [H16 ×
W
32 × 4C , h], where h is the dimension of embedding vector. We set the

h as 2048. The symmetric Decoder reverses the procedures of the Encoder.
We implement LineNet model with PyTorch and train using AdamW optimizer [49] with the

learning rate 5.0 × 10−6.
Training Algorithm of LineNet. Based on the overall optimization goal, we train LineNet using
the process shown in Algorithm 1. It first loops over the number of epochs (Lines 1–7). For each
batch (Lines 2-7), it first gets the mini-batch (Line 3) and then selects a set Vt of triplets from
the mini-batch (Line 4), performs forward-propagation (Line 5) to project the embeddings and to
reconstruct the inputs, computes the triplet loss of reconstructed using the Eq. (4) (Line 6), and
then runs backward-propagation to update the model parameters (Line 7).

4.3 Training Data: Triplets Selection
To learn data-aware image representations of line charts, we need a large number of labeled
“similar/dissimilar” line chart images to construct the triplet set for feeding LineNet. Instead of
generating triplets through a large number of human annotations, we utilize a set D of underlying
data of a set V of line chart images, from our constructed LineBench (Section 6), to generate a set
of “similar/dissimilar” labels for constructing a set of triplets Vt .
Relevance Measure R(Vi ,Vj ). To form a triplet (V,V+,V−), we need to select a positive sample
V+ relevant to the anchor V and select a negative sample V− dissimilar to V. Thus, we need to
measure relevance between line chart images V+ and V (resp. V− and V). We define the relevance
measure between Vi and Vj by computing their dist on the underlying data Di and Dj of line
charts Li and Lj : R(Vi ,Vj ) = 1 − dist(Di ,Dj ), (Di ,Dj ∈ D).

Therefore, we can utilize the “data-level similarity” measure, i.e., 1 − dist(Di ,Dj ), as a proxy for
the “image-level similarity” of the corresponding line chart images Vi and Vj .

Based on the above discussion, we now introduce how to select a setVt of triplets in a mini-batch
during training.
First, for each sample in a mini-batch, we treat it as an anchor Va . Given an anchor Va , we

first generate a set of candidate positive (resp. negative) samples by computing R(Va ,Vi ) (Vi ∈ V)
on their underlying data. Intuitively, if a positive sample is already close to the anchor (i.e., their
distance on the embedding space is small), then this sample won’t help the training much; otherwise,
if a positive sample has a large distance from the anchor, it is more “informative” and can better
help train the model through back-propagation, and their distance w.r.t. their embeddings will be
closer after training.
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Therefore, we first select a positive sample V+ if its distance to the anchor is the largest
among all candidates. Next, we randomly select a negative sample V− if it satisfies with
dist(F (Va),F (V−)) < β + dist(F (Va),F (V+)), where β is a predefined margin. We then con-
struct a triplet (Va , V+, V−) with an anchor, a similar, and a dissimilar line chart image. For
example, the triplet (V, V+1 , V

−
1 ) in the Figure 3 is a desired triplet. We repeat the above process to

form a set Vt of triplets until all anchors are consumed up. Finally, we use Vt to train LineNet.

5 DIVERSIFIED TRIPLETS SELECTION
In Section 4.3, we have introduced a training data selection method based on the semi-hard triplets
selection strategy [70]. However, this method may not guarantee that the selected triplets are
discriminative and meaningful, which may lead to slow convergence and lower performance.
To alleviate this problem, we exploit a diversified triplets selection strategy to carefully pick a

small set Vt of representative and discriminative triplets from current mini-batch B of training
data. Roughly speaking, we hope that the selected triplets can contain more representative line
chart images. In other words, these triplets can cover the trends and patterns of different line
charts as much as possible. Intuitively, it is beneficial for us to select those line charts with different
trends/patterns from each other (i.e., diversified from each other) to construct a set of triplets used
to train LineNet, which can reduce the number of triplets, improve training efficiency, and get
better performance.
We first introduce some key concepts before we formally introduce the diversified triplets

selection algorithm.
Diversity Measure D(Vi ,Vj ). Conceptually, if the distance between line charts in the embedding
space is large enough, their visual features and patterns should be greatly different from each one.
Hence, we can measure the diversity between line chart images Vi and Vj by computing their
distance in the embedding space, i.e., D(Vi ,Vj ) = dist(F (Vi ),F (Vj )).

If we want to judiciously select a set of diversified triplets, the first step is to pick a set of anchors
that are diversified from each other because the selection of positive/negative samples relies on the
anchors.
Diversified Anchors Selection.We aim to select k diversified anchors to form Va . To this end,
we first randomly pick a sample from B as the seed anchor. Next, we select a new anchor Va from
B \ Va if it satisfies:

Va = argmax
Vi ∈B\Va

∑
Vj ∈Va

D(Vi ,Vj ) (5)

We repeat the above step until k diversified anchors are derived. The intuition behind this is that
we can select a set of anchors far from each other in the embedding space by maximizing the total
distance between all anchors in the embedding space.
Alternatively, since computing the diversified anchors using Eq. (5) is time-consuming, we

propose to use clustering algorithms [25] (e.g., k-means) to cluster the samples in the mini-batch B
into k clusters {C1,C2, ...,Ck }. Next, we randomly pick one point from each cluster Ci to form the
anchor set Va for diversity.

Once the k diversified anchors are selected, we utilize the k anchors as seeds to further select a set
of representative positive/negative samples to construct triplets. We now formulate the diversified
positive/negative samples selection problem as below.
Diversified k Positive/Negative Samples Selection. Given a set of candidate positive (resp.
negative) samples Vp (resp. Vn) with size n to an anchor Va , the diversified k positive (resp.
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negative) samples selection problem aims to pick a set of positive (resp. negative) samples V′p ⊆ Vp
(resp. V′n ⊆ Vn ) with size k such that:

V′p = argmax
Ṽp ⊆Vp, |Ṽp |=k

P(Va , Ṽp ) (6)

V′n = argmax
Ṽn ⊆Vn, |Ṽn |=k

N(Va , Ṽn) (7)

P(Va , Ṽp ) = λ
∑

Vi ∈Ṽp

[R(Vi ,Va) + D(Vi ,Va)] +
2(1 − λ)
k − 1

∑
Vi ,Vj ∈Ṽp

D(Vi ,Vj ) (8)

N(Va , Ṽn) = λ
∑

Vi ∈Ṽn

[(1 − R(Vi ,Va)) + (1 − D(Vi ,Va))] +
2(1 − λ)
k − 1

∑
Vi ,Vj ∈Ṽn

D(Vi ,Vj ) (9)

where λ ∈ [0, 1) is a parameter controlling the trade-off between relevance and diversity, which
can be adjusted. The intuition behind this definition is that we aim to maximize P(Va , Ṽp ) (resp.
N(Va , Ṽn )) so that we can derive a set of relevant and diversified line chart images with relatively
high relevance to the anchor line chart image as well as high diversity. More concretely, the first
two terms of P(Va , Ṽp ) (resp. N(Va , Ṽn )) aim to select the semi-hard triplets [70], while the third
term adjusts the selection process by considering the diversity among positive (resp. negative) line
charts. We scale down the diversity part by 2(1−λ)

k−1 because there are k items in the first two terms
while k (k−1)

2 items in the diversity terms.
Unfortunately, the diversified top-k positive/negative samples selection problem is NP-hard.

Because our problem can be reduced to the NP-hard max-sum dispersion problem [26] when λ = 0.
Therefore, we devise a greedy algorithm to select top-k positive/negative samples effectively

and efficiently, as shown in Algorithm 2 (Lines 9-15). The key idea behind the scenes is that it first
greedily constructs a set Va of diversified anchors. Next, the algorithm incrementally and greedily
selects a positive (resp. negative) sample to diversified results V′p (resp. V′n ).

Diversified Triplets Selection Strategy. Based on the above discussion, we now introduce our
diversified triplets selection algorithm. The pseudo code is shown in Algorithm 2. It takes as input a
mini-batch of line charts B (training data), k for the number of anchors (triplets). First, it clusters the
B into k clusters and pick one random point from each cluster to form the diversified anchor set Va
(Lines 2-5). Next, it iterates each anchor Va to select a set of diversified positive/negative samples to
anchor Va (Lines 6-15). In each loop, it first generates a set of candidate positive/negative samples
based on the precomputed pseudo labels, which is straightforward to perform (Line 7). Next, it
aims at maximizing the Eq. (10) to select a diversified positive sample and to build the positive
samples set V′p incrementally (Lines 9-11). This process will be repeated until k positive samples
are derived. The selection of diversified negative samples is similar, we omit the discussion due to
the space constraint. Finally, it constructs the triplets based on the Va and the selected diversified
positive (resp. negative) set V′p (resp. V′n ) (Line 15). After iterating all anchors in Va , the algorithm
generates a set Vt of diversified triplets to drive the training of LineNet.

P ′(Vi ,Va) = λ[R(Vi ,Va) + D(Vi ,Va)] +
1 − λ
k

∑
Vj ∈V

′
p

D(Vi ,Vj ) (10)

N ′(Vi ,Va) = λ[1 − R(Vi ,Va) + 1 − D(Vi ,Va)] +
1 − λ
k

∑
Vj ∈V

′
n

D(Vi ,Vj ) (11)
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Algorithm 2: DiversifiedTripletsSelection
Input: A mini-batch of line chart B, k ;
Output: A mini-batch of diversified triplets Vt ;
// 1. Diversified k anchors selection

1 Vt ,Va ← ∅, ∅; // Initialize the triplet and anchor set
2 {C1,C2, ...,Ck } ← KmeansClustering(B,k);
3 for Ci in {C1,C2, ...,Ck } do
4 Va ← RandomPick(Ci );
5 Va ← Va ∪ {Va};
// 2. Diversified top-k triplets selection

6 for Va ∈ Va do
// candidate Vp ,Vn generation based on Va

7 Vp ,Vn ← CandidateSampleGeneration(Va );
8 V′p ,V

′
n ← ∅, ∅ ;

// diversified positive samples selection
9 while |V′p | ≤ k do
10 V′p ← argmax

Vi ∈Vp
P ′(Vi ,Va) ;

11 V′p ← V
′
p ∪ {V′p }, Vp ← Vp \ {V′p };

// diversified negative samples selection
12 while |V′n | ≤ k do
13 V′n ← argmax

Vi ∈Vn
N ′(Vi ,Va) ;

14 V′n ← V
′
n ∪ {V′n}, Vn ← Vn \ {V′n};

// Construct diversified triplets
15 Vt ← Vt∪ ConstructTriplets(Va ,V

′
p ,V

′
n);

16 return Vt ;

Overall, our diversified triplets selection strategy will construct a small number of the most
discriminative and informative triplets to drive the model training, improve the training efficiency
and get better performance, which is verified by the experiments (Section 7).

6 LINEBENCH CONSTRUCTION
To facilitate the study of similarity search of line chart visualizations, we need a large-scale line
charts corpus to drive the model training and evaluate the search results. Unfortunately, existing
visualization corpora [23, 31, 32, 38, 56, 57, 81] can not meet our usage scenario because they are
developed for outlier detection, visualization recommendation, etc.

Generally speaking, there are two ways to obtain such a corpus if there is no off-the-peg corpus
that meets our considerations: (1) The first way is to develop a Web Crawler (e.g., Beagle [8]) to
harvest line chart visualizations (e.g., SVG-based, PNG, etc.) from popular visualization communities
(e.g.,D3, Plotly, etc); and (2) The secondway is to collect the source datasets (e.g., time-series datasets)
and generate line chart visualizations based on the collected datasets.
We vote for the latter because line charts directly harvested from the Web usually don’t have

the metadata (D and V) we need. In this paper, we produce a large-scale line chart visualizations
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Table 2. Statistics of LineBench. The column–Dist. of Len. shows the distribution of lengths of line charts.
Datasets #-Rows #-Cols #-Charts Dist. of Len. Sample Patterns of Line Charts

TrafficVol 48,205 10 13,798
12 24 168

Length

0

5,000

C
o
u
n
t

EEG 14,981 15 18,551
64 128 256 512

Length

0

5,000

10,000

C
o
u
n
t

Stocks 1,985 85 25,460
5 10 30 120 365

Length

0

5,000

10,000

C
o
u
n
t

AirQuality 9,358 15 58,127
7 14 30 120 365

Length

0

10,000

20,000

C
o
u
n
t

corpus, namely LineBench. Each line chart L in LineBench has the metadata: the associated source
dataset, the underlying data D for rendering, and the rendered visualization V in the form of an
image.
The construction of LineBench consists of three steps: source datasets collection, line chart

visualization generation (i.e., generate D and V), and line chart similarity labeling.
Table 2 overviews the key characteristics of LineBench.

Datasets Collection. We aim to collect the datasets for generating line charts with the following
characteristics: (1) the datasets should be produced from real-world scenarios, and (2) the datasets
should come from different domains (e.g., stocks market, etc).

Based on the above observations and prior work in similarity search on time-series data [60, 73,
74], we collect four real-world datasets from the well-known UCI repository [6].
(1) TrafficVol [3] collects the hourly traffic volume of Interstate 94 Westbound monitoring by the
station 301 from 2012 to 2018.
(2) EEG [2] is a dataset that contains 14 EEG signals collected from a continuous EEG measurement
with a duration of 117 seconds, along with an attribute indicating the eye state.
(3) Stocks [5] contains a collection of indicators such as stock prices from the NASDAQ stock
market. The dataset spans the time period from 2010 to 2017.
(4) AirQuality [1] has 9,358 records of hourly averaged responses from an array of 5 metal oxide
chemical sensors embedded in an Air Quality Chemical Multisensor Device from 2004/03 to 2005/02.
Line Chart Visualizations Generation. Next, we visualize good line charts with two steps based
on the above datasets:
(1) Query Generation. Given a dataset, we need to generate a set of good queries Q for line charts.
The line chart queries should sufficiently describe the intrinsic characteristics (e.g., typical patterns)
of the source dataset. Next, we execute each query Q over dataset to obtain its underlying data D,
which is used for rendering the line chart visualization V.
(2) Visualization Rendering. We need to visualize the underlying data D to obtain its line chart
visualizationV. The visual encodings of visualizationV should be close to the real user’s preferences.

ForQuery Generation, we use three complementary approaches to generate a large number of
line chart queries. First, we utilize the off-the-shelf visualization recommendation tools [41, 62] to
generate a set of good line chart queries on the dataset. Second, inspired by Peax [42] andQetch [60],
we also adopt a segmentation-based method to split the time-series data into a set of overlapping
windows with a fixed length l . These windows are indeed the line chart queries. The length l of
a window can be determined by the scenarios of the dataset. For example, for the Stocks dataset,
we can set the length as 5 to show its exchange performance of 5 consecutive days. Third, we
invite four visualization practitioners to manually explore each dataset and write a set of queries to
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visualize the line chart. The four practitioners have expertise in data analysis/visualization and
over three years of experience in Python, Tableau, Vega-Lite, Matplotlib, and Seaborn. We combine
the queries generated by the above methods and remove the duplicate queries to form our queries
set. Next, we execute each query to obtain the underlying data D for the line chart, and thus we
have a set of underlying data used for rendering the line chart visualizations.

For Visualization Rendering, we use the popular line chart visualization grammars, i.e., Vega-Lite,
Matplotlib, and Seaborn, to render the line chart visualization V based on the underlying data D.
We collect a set of popular visual encodings (e.g., color, shape, and size) from the visualization
communities (e.g., Vega-Lite Example Gallery) in conjunction with some visual encodings identified
by Kim and Heer [36]. Therefore, we have a set of visualization grammars and visual encodings
available that can be used to generate line chart visualizations in various styles. Finally, for each
line chart underlying data D, we randomly combine visualization grammars and visual encodings
to render its visualization V. As shown in Table 2, we generate 13, 798 line chart visualizations for
the TrafficVol dataset. It contains three lengths of line charts to show the trend of the traffic volume
in the past 12 hours, 24 hours, and 168 hours (i.e., 7 days). Table 2 shows some patterns of the line
chart data for each dataset.

So far, we produce a large-scale line chart visualizations corpus, namely LineBench. As shown in
Table 2, LineBench has 13,798, 18,551, 25,460, and 58,127 line chart visualizations (115,936 in total)
for TrafficVol, EEG, Stocks, and AirQuality datasets, respectively. For each line chart L, it has the
metadata: the underlying data for rendering D, and the rendered visualization V.
Line Chart Visualizations Similarity Labeling. The last step is to create the similarity labels
between any pair of line chart visualizations for the evaluation of the search performance. There
are 115,936 visualizations in LineBench, the number of pairwise similarity comparisons is 115, 9362,
which is too large to generate pairwise similarity labels for all candidates. Therefore, we only
produce similarity labels for a small set of visualizations, which are treated as the testing queries to
evaluate the performance of the similarity search.

Firstly, we randomly sample 100 line chart visualizations from each dataset as the testing queries.
For each line chart visualization Li , we compute dist(Di ,Dj ) using the DTW and ED distance to
find a set Li of candidates that are similar to the query Li . More concretely, the candidate set Li
consists of top-200 similar results measured by DTW and ED distance, respectively, and thus we
generate 400 similarity candidates for each query. Finally, we remove the duplicate candidates.

Next, we conduct crowdsourcing study [10, 12] to produce the ground truth from the candidates.
We recruit in total 2,869 workers from a crowdsourcing platform MTurk [4]. The workers should
have the number of HITs approved ≥ 10, 000 and had ≥ 95% HIT approval rating. We next design a
HIT task for the similarity judgments. Each HIT is comprised of ten judgments, and each judgment
has a query and a possibly similar line chart visualization. We ask the workers to judge whether the
two line chart visualizations are similar with five choices: {very similar, similar, neutral, dissimilar,
very dissimilar}. We assign each HIT to three workers and use the majority voting to aggregate
the results. Finally, we aggregate a set of ground truth for each query visualization. We have 100
testing queries (i.e., the query line chart visualizations) for each dataset, and each testing query has
averagely ∼132 similar line charts (i.e., ground truth).

7 EXPERIMENT
7.1 Experimental Settings

Methods.We evaluate the following methods:
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Table 3. Experimental datasets – LineBench

Datasets Training Testing
Training Validation #-Queries Repository

TrafficVol 6,899 1,380 100 5,519
EEG 9,274 1,855 100 7,421
Stocks 12,730 2,546 100 10,184
AirQuality 29,063 5,813 100 23,251

(1) LineNet (ours) follows the implementation and triplet selection strategy we introduced in
Section 4.

(2) LineNet+ (ours) enhances LineNet by devising a diversified triplet selection strategy we
introduced in Section 5.

(3) Qetch [60, 61] is a query-by-sketch system for finding desired patterns of a time series
database, by measuring the data-level similarity. Qetch designs a matching algorithm by
tolerating distortions when performing similarity search on time-series data (https://github.
com/dtl-nyuad/qetch).

(4) Zenvisage [73] is a visual query system for searching similar line charts to a given query,
by measuring the data-level similarity. The similarity algorithm accepts the data points (i.e.,
the underlying data) of line charts as input. We use the source code (segmentation and
MVIP-based matching algorithms) to perform the evaluation (http://zenvisage.github.io/).
Note that we only report the best results for the above two methods.

(5) V-CNN [43]. We follow a recent study [43] about visualization retrieval to adapt the ResNet-
50 [27] for searching similar line charts. V-CNN considers the visualization-level similarity.

(6) Regressor-based Method extracts features of a pair of line chart images by an encoder and
maps them into similarity scores. We use the same Swin Transformer Blocks as LineNet to
build the model.

(7) Siamese-based Method optimizes the representations between similar line chart images
based on a contrastive loss function [35] to reflect their similarity. We also use the same Swin
Transformer Blocks as LineNet to implement the model.

(8) Peax [42] is a feature-based system for interactive visual pattern search on sequential data,
by measuring the data-level similarity. It first extracts features of the data, and based on
which involves users to interactively label similarity candidates to train a classifier. Finally,
the classifier returns similar results to a query after training.

Note that Zenvisage, Qetch, and Peax take the underlying data D of line charts as input for
similarity search, while the rest of the methods take the visualization (i.e., in the form of images) V
of line charts as input.
Environment. All algorithms are implemented by Python 3.6. The neural networks are imple-
mented using Pytorch. All experiments are conducted on a Ubuntu server with 80 cores of Intel(R)
Xeon(R) Gold 6242R CPU @ 3.10GHz and 256GB RAM.
Datasets. We use LineBench to evaluate all methods. For training and testing, we split LineBench
into non-overlapping training, validation, and testing set, as shown in Table 3. We use the training
set of each dataset to train LineNet, LineNet+, V-CNN, Regressor and Siamese-based methods,
respectively. Note that crowd-sourced similarity labels in LineBench can be used to test all methods.

Evaluation Metrics. We aim to compare the performance of top-k similarity search of line charts.
Following previous studies [86, 87] in the top-k similarity search, we use the following metrics:
(1) The P@k metric is widely used to measure howmany ground truth are captured by top-k search
results. We use P@10 to evaluate how many ground truths are captured by the top-10 results.
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(a) TrafficVol (b) EEG

P@10 R10@100 P@10 R10@100

P@10 R10@100 P@10 R10@100

(c) Stocks (d) AirQuality

Fig. 5. Comparison with the state of the art.

(2) The Rt@k metric is used to measure the top-t ground truths that are covered by the top-k search
results. Specifically, we take R10@100 to show how many top-10 ground truths are captured by the
top-100 search results returned by models.

The closer P@10 and R10@100 are to 1, the better the performance of the top-k similarity search.

7.2 Experimental Results

Exp-1: Comparison with the State of the art.We use the 400 testing queries from four datasets
in Table 3 to compare LineNet and LineNet+ against state-of-the-art methods. For these 400 testing
queries, we use the crowd-sourced ground truth, which is measured through human perception, to
evaluate all methods, as introduced in Section 6. We conduct similarity search with each testing
query in LineBench’s searching repository (Table 3). We follow the user study procedure and
instruction of Peax [42] to invite six experts with various backgrounds (e.g., visualization and
database) to participate in our user study. Next, we randomly sample 10 testing queries and the
corresponding search repository from four datasets, respectively. We then ask participants to
interact with Peax to perform the similarity search based on the queries.

Finally, we compute the average P@10 and R10@100 for all testing queries and methods. Figure 5
reports the experimental results. We make the following observations.
(1) LineNet and LineNet+ significantly outperform state-of-the-art methods in four datasets in

terms of P@10 and R10@100. The result is expected because LineNet and LineNet+ incorpo-
rate the underlying data and rendered images of line charts to holistically and accurately
measure the similarity.

(2) LineNet+ achieves better performance than LineNet. For example, LineNet+ achieves an
average 0.8075 in terms of the P@10 metric, which outperforms LineNet by 4%. This result
shows the effectiveness of the diversified triplets selection strategy.

(3) The third observation is that the methods (i.e., Zenvisage and Qetch) of calculating similarity
based on underlying data D are better than V-CNN of computing similarity solely by image
features. This result validates our discussion in the introduction that relying only on visual
features of line charts is difficult to achieve good performance for searching similar line
charts. Our methods (i.e., LineNet and LineNet+) consider both the underlying data and
visualization features of line charts during training, which can learn a more comprehensive
similarity measure for line charts.
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(a) Train on (D2, D3, D4), Test on D1 (b) Train on (D1, D3, D4), Test on D2

P@10 R10@100 P@10 R10@100

P@10 R10@100 P@10 R10@100

(c) Train on (D1, D2, D4), Test on D3 (d) Train on (D1, D2, D3), Test on D4

Fig. 6. Overall generalization ability. TrafficVol (D1), EEG (D2), Stocks (D3), AirQuality (D4).

(4) Qetch and Zenvisage achieve better results than Peax on the TrafficVol and Stocks in terms
of P@10, while their performance significantly degrades on the AirQuality. The main reason
is that Qetch and Zenvisage may fail to handle the similarity search on some datasets with
specific trends and patterns, while the feature-based methods (i.e., LineNet, LineNet+, Peax)
are more stable.

(5) The Regressor-based method does not work well because it is rather hard to accurately
compute the similarity score from the large and complicated feature space of line charts
based on a regressor. The Siamese-based method is better than Regressor but still fails to
learn good representations across similar and dissimilar line charts.

(6) The interactive similarity search method Peax outperforms V-CNN, Regressor-based and
Siamese-based methods. It shows that user feedback is important in the similarity search. In
addition, Peax achieves competitive results compared with Zenvisage and Qetch in term of
R10@100. This indicates that incorporating user feedback in searches helps to find ground
truths accurately.

Overall, the above results show the effectiveness of our approaches – LineNet and LineNet+.
Exp-2: Evaluation on Generalization Ability. In this set of experiments, we train and test
LineNet and LineNet+ across different dataset domains to evaluate the generalization ability and
compare with baselines. Specifically, given four dataset domains (TrafficVol, EEG, Stocks, and
AirQuality), we evaluate the generalization ability by training LineNet, LineNet+, Peax, V-CNN,
Regressor, and Siamese on three of the four domains and testing on the rest one, respectively. We
use the same testing queries as Exp-1 to test their performance on each unseen testing dataset,
respectively. Note that since Zenvisage andQetch adopt data-based similarity algorithms, we report
their best results. Figure 6 and Figure 7 show the results.
Figure 6 shows the overall generalization ability of all methods in terms of the average P@10

and R10@100 metrics. For example, Figure 6(a) reports the result of all methods trained on EEG,
Stocks, and AirQuality datasets while testing on the TrafficVol dataset.
We make the following observations based on Figure 6.

(1) Compared to the best results in Figure 5, the performance of all learning-based methods
degrades to varying degrees. Although the performance of all methods drops in the gener-
alization test, LineNet and LineNet+ still outperform the other methods, especially other
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Fig. 7. Detailed generalization (LineNet+).

Table 4. Ablation studies on TrafficVol dataset.

Methods Overall Results Generalization
P@10 R10@100 P@10 R10@100

LineNet-D 0.74 0.69 0.49 0.38
LineNet-V 0.11 0.09 0.10 0.07
LineNet 0.79 0.70 0.73 0.63

learning-based methods, because our solution is equipped with more effective learning
framework and training strategy.

(2) LineNet+ outperforms LineNet because LineNet+ is equipped with a sophisticated diversified
triplets selection strategy that can help the model better capture the most representative
features of the line chart images, which is beneficial to the generalization ability.

In addition, we also study how well our method trained on one dataset can generalize to other
datasets. Figure 7 shows the P@10 metric across different training datasets and testing datasets of
our method. For example, LineNet+ trained on the training set of TrafficVol can achieve a P@10
score of 0.65 on the testing set of Stocks. We make the following observations based on Figure 7.

(1) Figure 7 shows that the P@10 score of our method indeed drops on the generalization test
but still keeps good performance. The generalization ability on EEG dataset is acceptable
because EEG is a domain-specific dataset with complex data patterns and trends.

(2) Compared with Figure 6, we can see that our method achieves better results by including
more training datasets. It suggests that we can include as many datasets (from different
domains) as possible in the training set to enhance the generalization ability.

Exp-3: Ablation Studies on Loss Functions. We conduct this set of ablation studies to evaluate
the effects of loss functions of LineNet. Specifically, we investigate two variants of LineNet: (1)
LineNet-D: a variant with the triplet loss only. (2) LineNet-V: a variant with the reconstruction
loss only. We evaluate the overall performance (similar to Exp-1) and the overall generalization
ability (similar to Exp-2) of two variants and compare with LineNet, which is equipped with both
reconstruction and triplet loss.

Table 4 reports the results with the following insights.

(1) LineNet-D achieves better performance than LineNet-V since LineNet-D explicitly learns the
data similarity between line charts based on the line chart triplets. However, its generalization
is poor.

(2) Similar to V-CNN, LineNet-V works poorly on overall test because it is hard to learn useful
representations of line charts solely based on the image features. However, the performance of
LineNet-V drops less than LineNet-D on the generalization test. The reason is that LineNet-V
aims at retaining the most representative visual features of the line charts, which helps to
improve the generalization ability across line charts from multiple domains.

(3) LineNet with reconstruction and triplet loss together achieves the best result both on overall
and generalization tests. This result is expected because LineNet learns data-aware image
representations of line charts based on reconstruction and triplet loss.
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(b) EEG(a) TrafficVol
Fig. 8. By varying the parameter α .

(a) Efficiency on TrafficVol (b) Effectiveness on TrafficVol

Fig. 9. Efficiency and effectiveness of model training.

Exp-4: Parameters for Trade-off Data and Visual Similarity. This set of experiments aims to
analyze the effect of the parameter α for trade-off the data and visual similarity based on Eq. (4).
Specifically, we set the range of values of α to [0.1, 0.25, 0.5, 0.75, 0.9]. Figure 8 shows the results
on TrafficVol and EEG datasets.
(1) We can see that LineNet generally performs better with a larger α . However, it does not

achieve the best results if only data-level similarity is considered (i.e., LineNet-D in Table 4).
(2) When varying α , LineNet performs well and is stable. It indicates that LineNet is insensitive

to α when α ranges from 0.1 to 0.9.

Exp-5: Efficiency and Effectiveness of Model Training. We study the efficiency and effective-
ness of model training.
Efficiency of Training. Figure 9(a) shows LineNet and LineNet+ can converge after about 8 hours,
while it takes about 13 and 10 hours to train Regressor-based and Siamese-base methods, respec-
tively. Overall, the training time of our model is acceptable because once the model is well trained,
our model can be used off-the-shelf for searching similar line charts. Furthermore, the performance
of LineNet+ grows very fast at the beginning, reaching competitive results after about 4 hours of
training. The reason is that LineNet+ carefully picks a small set of representative triplets based
on the diversified triplets selection strategy and will be trained on these representative training
data first. Therefore, the diversified triplets selection strategy can reduce the amount of training
data, improve training efficiency, and achieve better performance simultaneously. Specifically, the
diversified triplets selection algorithm takes about 3.71s per batch to select the triplets, which is
only 10.2% of the running time of each batch.
Effectiveness of Training. Figure 9(b) shows that LineNet+ and LineNet converge with about 73k
triplets, indicating that ourmodel can successfully capture data and visual similarity with a relatively
small amount of training triplets. Specifically, we can observe that LineNet+ achieves competitive
performance only with 20k triplets since it is trained based on a small set of representative triplets.
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Fig. 10. Search efficiency.
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<latexit sha1_base64="1HODWC0V3Tv1mohibBwe6cbORoM=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMtiNy4r2Ae0Q7mTpm1oJjMmmUIZ+h1uXCji1o9x59+YaWehrQcCh3Pu5Z6cIBZcG9f9dgobm1vbO8Xd0t7+weFR+fikpaNEUdakkYhUJ0DNBJesabgRrBMrhmEgWDuY1DO/PWVK80g+mlnM/BBHkg85RWMlvxeiGVMUaX3e9/rlilt1FyDrxMtJBXI0+uWv3iCiScikoQK17npubPwUleFUsHmpl2gWI53giHUtlRgy7aeL0HNyYZUBGUbKPmnIQv29kWKo9SwM7GQWUq96mfif103M8NZPuYwTwyRdHhomgpiIZA2QAVeMGjGzBKniNiuhY1RIje2pZEvwVr+8TlpXVc+teg/XldpdXkcRzuAcLsGDG6jBPTSgCRSe4Ble4c2ZOi/Ou/OxHC04+c4p/IHz+QOg2pH9</latexit><latexit sha1_base64="1HODWC0V3Tv1mohibBwe6cbORoM=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMtiNy4r2Ae0Q7mTpm1oJjMmmUIZ+h1uXCji1o9x59+YaWehrQcCh3Pu5Z6cIBZcG9f9dgobm1vbO8Xd0t7+weFR+fikpaNEUdakkYhUJ0DNBJesabgRrBMrhmEgWDuY1DO/PWVK80g+mlnM/BBHkg85RWMlvxeiGVMUaX3e9/rlilt1FyDrxMtJBXI0+uWv3iCiScikoQK17npubPwUleFUsHmpl2gWI53giHUtlRgy7aeL0HNyYZUBGUbKPmnIQv29kWKo9SwM7GQWUq96mfif103M8NZPuYwTwyRdHhomgpiIZA2QAVeMGjGzBKniNiuhY1RIje2pZEvwVr+8TlpXVc+teg/XldpdXkcRzuAcLsGDG6jBPTSgCRSe4Ble4c2ZOi/Ou/OxHC04+c4p/IHz+QOg2pH9</latexit><latexit sha1_base64="1HODWC0V3Tv1mohibBwe6cbORoM=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMtiNy4r2Ae0Q7mTpm1oJjMmmUIZ+h1uXCji1o9x59+YaWehrQcCh3Pu5Z6cIBZcG9f9dgobm1vbO8Xd0t7+weFR+fikpaNEUdakkYhUJ0DNBJesabgRrBMrhmEgWDuY1DO/PWVK80g+mlnM/BBHkg85RWMlvxeiGVMUaX3e9/rlilt1FyDrxMtJBXI0+uWv3iCiScikoQK17npubPwUleFUsHmpl2gWI53giHUtlRgy7aeL0HNyYZUBGUbKPmnIQv29kWKo9SwM7GQWUq96mfif103M8NZPuYwTwyRdHhomgpiIZA2QAVeMGjGzBKniNiuhY1RIje2pZEvwVr+8TlpXVc+teg/XldpdXkcRzuAcLsGDG6jBPTSgCRSe4Ble4c2ZOi/Ou/OxHC04+c4p/IHz+QOg2pH9</latexit><latexit sha1_base64="1HODWC0V3Tv1mohibBwe6cbORoM=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMtiNy4r2Ae0Q7mTpm1oJjMmmUIZ+h1uXCji1o9x59+YaWehrQcCh3Pu5Z6cIBZcG9f9dgobm1vbO8Xd0t7+weFR+fikpaNEUdakkYhUJ0DNBJesabgRrBMrhmEgWDuY1DO/PWVK80g+mlnM/BBHkg85RWMlvxeiGVMUaX3e9/rlilt1FyDrxMtJBXI0+uWv3iCiScikoQK17npubPwUleFUsHmpl2gWI53giHUtlRgy7aeL0HNyYZUBGUbKPmnIQv29kWKo9SwM7GQWUq96mfif103M8NZPuYwTwyRdHhomgpiIZA2QAVeMGjGzBKniNiuhY1RIje2pZEvwVr+8TlpXVc+teg/XldpdXkcRzuAcLsGDG6jBPTSgCRSe4Ble4c2ZOi/Ou/OxHC04+c4p/IHz+QOg2pH9</latexit> C2

<latexit sha1_base64="CKlGTJYpAsCmaP75xMzBH87vLt4=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclZki6LLYjcsK9gHtUO6kaRuayYxJplCGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniAXXxnW/nY3Nre2d3cJecf/g8Oi4dHLa0lGiKGvSSESqE6BmgkvWNNwI1okVwzAQrB1M6pnfnjKleSQfzSxmfogjyYecorGS3wvRjCmKtD7vV/ulsltxFyDrxMtJGXI0+qWv3iCiScikoQK17npubPwUleFUsHmxl2gWI53giHUtlRgy7aeL0HNyaZUBGUbKPmnIQv29kWKo9SwM7GQWUq96mfif103M8NZPuYwTwyRdHhomgpiIZA2QAVeMGjGzBKniNiuhY1RIje2paEvwVr+8TlrViudWvIfrcu0ur6MA53ABV+DBDdTgHhrQBApP8Ayv8OZMnRfn3flYjm44+c4Z/IHz+QOiXpH+</latexit><latexit sha1_base64="CKlGTJYpAsCmaP75xMzBH87vLt4=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclZki6LLYjcsK9gHtUO6kaRuayYxJplCGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniAXXxnW/nY3Nre2d3cJecf/g8Oi4dHLa0lGiKGvSSESqE6BmgkvWNNwI1okVwzAQrB1M6pnfnjKleSQfzSxmfogjyYecorGS3wvRjCmKtD7vV/ulsltxFyDrxMtJGXI0+qWv3iCiScikoQK17npubPwUleFUsHmxl2gWI53giHUtlRgy7aeL0HNyaZUBGUbKPmnIQv29kWKo9SwM7GQWUq96mfif103M8NZPuYwTwyRdHhomgpiIZA2QAVeMGjGzBKniNiuhY1RIje2paEvwVr+8TlrViudWvIfrcu0ur6MA53ABV+DBDdTgHhrQBApP8Ayv8OZMnRfn3flYjm44+c4Z/IHz+QOiXpH+</latexit><latexit sha1_base64="CKlGTJYpAsCmaP75xMzBH87vLt4=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclZki6LLYjcsK9gHtUO6kaRuayYxJplCGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniAXXxnW/nY3Nre2d3cJecf/g8Oi4dHLa0lGiKGvSSESqE6BmgkvWNNwI1okVwzAQrB1M6pnfnjKleSQfzSxmfogjyYecorGS3wvRjCmKtD7vV/ulsltxFyDrxMtJGXI0+qWv3iCiScikoQK17npubPwUleFUsHmxl2gWI53giHUtlRgy7aeL0HNyaZUBGUbKPmnIQv29kWKo9SwM7GQWUq96mfif103M8NZPuYwTwyRdHhomgpiIZA2QAVeMGjGzBKniNiuhY1RIje2paEvwVr+8TlrViudWvIfrcu0ur6MA53ABV+DBDdTgHhrQBApP8Ayv8OZMnRfn3flYjm44+c4Z/IHz+QOiXpH+</latexit><latexit sha1_base64="CKlGTJYpAsCmaP75xMzBH87vLt4=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclZki6LLYjcsK9gHtUO6kaRuayYxJplCGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniAXXxnW/nY3Nre2d3cJecf/g8Oi4dHLa0lGiKGvSSESqE6BmgkvWNNwI1okVwzAQrB1M6pnfnjKleSQfzSxmfogjyYecorGS3wvRjCmKtD7vV/ulsltxFyDrxMtJGXI0+qWv3iCiScikoQK17npubPwUleFUsHmxl2gWI53giHUtlRgy7aeL0HNyaZUBGUbKPmnIQv29kWKo9SwM7GQWUq96mfif103M8NZPuYwTwyRdHhomgpiIZA2QAVeMGjGzBKniNiuhY1RIje2paEvwVr+8TlrViudWvIfrcu0ur6MA53ABV+DBDdTgHhrQBApP8Ayv8OZMnRfn3flYjm44+c4Z/IHz+QOiXpH+</latexit>

C3
<latexit sha1_base64="mdWp8wVhXZkn9bjpy5eLZMruqcY=">AAAB9HicbVBNTwIxFHyLX4hfqEcvjcTEE9lVEz0SuXjERJAENqRbHtDQ7a5tl4Rs+B1ePGiMV3+MN/+NXdiDgpM0mcy8lzedIBZcG9f9dgpr6xubW8Xt0s7u3v5B+fCopaNEMWyySESqHVCNgktsGm4EtmOFNAwEPgbjeuY/TlBpHskHM43RD+lQ8gFn1FjJ74bUjBgVaX3Wu+yVK27VnYOsEi8nFcjR6JW/uv2IJSFKwwTVuuO5sfFTqgxnAmelbqIxpmxMh9ixVNIQtZ/OQ8/ImVX6ZBAp+6Qhc/X3RkpDradhYCezkHrZy8T/vE5iBjd+ymWcGJRscWiQCGIikjVA+lwhM2JqCWWK26yEjaiizNieSrYEb/nLq6R1UfXcqnd/Vand5nUU4QRO4Rw8uIYa3EEDmsDgCZ7hFd6cifPivDsfi9GCk+8cwx84nz+j4pH/</latexit><latexit sha1_base64="mdWp8wVhXZkn9bjpy5eLZMruqcY=">AAAB9HicbVBNTwIxFHyLX4hfqEcvjcTEE9lVEz0SuXjERJAENqRbHtDQ7a5tl4Rs+B1ePGiMV3+MN/+NXdiDgpM0mcy8lzedIBZcG9f9dgpr6xubW8Xt0s7u3v5B+fCopaNEMWyySESqHVCNgktsGm4EtmOFNAwEPgbjeuY/TlBpHskHM43RD+lQ8gFn1FjJ74bUjBgVaX3Wu+yVK27VnYOsEi8nFcjR6JW/uv2IJSFKwwTVuuO5sfFTqgxnAmelbqIxpmxMh9ixVNIQtZ/OQ8/ImVX6ZBAp+6Qhc/X3RkpDradhYCezkHrZy8T/vE5iBjd+ymWcGJRscWiQCGIikjVA+lwhM2JqCWWK26yEjaiizNieSrYEb/nLq6R1UfXcqnd/Vand5nUU4QRO4Rw8uIYa3EEDmsDgCZ7hFd6cifPivDsfi9GCk+8cwx84nz+j4pH/</latexit><latexit sha1_base64="mdWp8wVhXZkn9bjpy5eLZMruqcY=">AAAB9HicbVBNTwIxFHyLX4hfqEcvjcTEE9lVEz0SuXjERJAENqRbHtDQ7a5tl4Rs+B1ePGiMV3+MN/+NXdiDgpM0mcy8lzedIBZcG9f9dgpr6xubW8Xt0s7u3v5B+fCopaNEMWyySESqHVCNgktsGm4EtmOFNAwEPgbjeuY/TlBpHskHM43RD+lQ8gFn1FjJ74bUjBgVaX3Wu+yVK27VnYOsEi8nFcjR6JW/uv2IJSFKwwTVuuO5sfFTqgxnAmelbqIxpmxMh9ixVNIQtZ/OQ8/ImVX6ZBAp+6Qhc/X3RkpDradhYCezkHrZy8T/vE5iBjd+ymWcGJRscWiQCGIikjVA+lwhM2JqCWWK26yEjaiizNieSrYEb/nLq6R1UfXcqnd/Vand5nUU4QRO4Rw8uIYa3EEDmsDgCZ7hFd6cifPivDsfi9GCk+8cwx84nz+j4pH/</latexit><latexit sha1_base64="mdWp8wVhXZkn9bjpy5eLZMruqcY=">AAAB9HicbVBNTwIxFHyLX4hfqEcvjcTEE9lVEz0SuXjERJAENqRbHtDQ7a5tl4Rs+B1ePGiMV3+MN/+NXdiDgpM0mcy8lzedIBZcG9f9dgpr6xubW8Xt0s7u3v5B+fCopaNEMWyySESqHVCNgktsGm4EtmOFNAwEPgbjeuY/TlBpHskHM43RD+lQ8gFn1FjJ74bUjBgVaX3Wu+yVK27VnYOsEi8nFcjR6JW/uv2IJSFKwwTVuuO5sfFTqgxnAmelbqIxpmxMh9ixVNIQtZ/OQ8/ImVX6ZBAp+6Qhc/X3RkpDradhYCezkHrZy8T/vE5iBjd+ymWcGJRscWiQCGIikjVA+lwhM2JqCWWK26yEjaiizNieSrYEb/nLq6R1UfXcqnd/Vand5nUU4QRO4Rw8uIYa3EEDmsDgCZ7hFd6cifPivDsfi9GCk+8cwx84nz+j4pH/</latexit>

C4
<latexit sha1_base64="TR6TuoNF/T5+oGC9L815i6Jr4KA=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMtiNy4r2Ae0Q7mTpm1oJjMmmUIZ+h1uXCji1o9x59+YaWehrQcCh3Pu5Z6cIBZcG9f9dgobm1vbO8Xd0t7+weFR+fikpaNEUdakkYhUJ0DNBJesabgRrBMrhmEgWDuY1DO/PWVK80g+mlnM/BBHkg85RWMlvxeiGVMUaX3ev+6XK27VXYCsEy8nFcjR6Je/eoOIJiGThgrUuuu5sfFTVIZTwealXqJZjHSCI9a1VGLItJ8uQs/JhVUGZBgp+6QhC/X3Roqh1rMwsJNZSL3qZeJ/Xjcxw1s/5TJODJN0eWiYCGIikjVABlwxasTMEqSK26yEjlEhNbanki3BW/3yOmldVT236j1cV2p3eR1FOINzuAQPbqAG99CAJlB4gmd4hTdn6rw4787HcrTg5Dun8AfO5w+lZpIA</latexit><latexit sha1_base64="TR6TuoNF/T5+oGC9L815i6Jr4KA=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMtiNy4r2Ae0Q7mTpm1oJjMmmUIZ+h1uXCji1o9x59+YaWehrQcCh3Pu5Z6cIBZcG9f9dgobm1vbO8Xd0t7+weFR+fikpaNEUdakkYhUJ0DNBJesabgRrBMrhmEgWDuY1DO/PWVK80g+mlnM/BBHkg85RWMlvxeiGVMUaX3ev+6XK27VXYCsEy8nFcjR6Je/eoOIJiGThgrUuuu5sfFTVIZTwealXqJZjHSCI9a1VGLItJ8uQs/JhVUGZBgp+6QhC/X3Roqh1rMwsJNZSL3qZeJ/Xjcxw1s/5TJODJN0eWiYCGIikjVABlwxasTMEqSK26yEjlEhNbanki3BW/3yOmldVT236j1cV2p3eR1FOINzuAQPbqAG99CAJlB4gmd4hTdn6rw4787HcrTg5Dun8AfO5w+lZpIA</latexit><latexit sha1_base64="TR6TuoNF/T5+oGC9L815i6Jr4KA=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMtiNy4r2Ae0Q7mTpm1oJjMmmUIZ+h1uXCji1o9x59+YaWehrQcCh3Pu5Z6cIBZcG9f9dgobm1vbO8Xd0t7+weFR+fikpaNEUdakkYhUJ0DNBJesabgRrBMrhmEgWDuY1DO/PWVK80g+mlnM/BBHkg85RWMlvxeiGVMUaX3ev+6XK27VXYCsEy8nFcjR6Je/eoOIJiGThgrUuuu5sfFTVIZTwealXqJZjHSCI9a1VGLItJ8uQs/JhVUGZBgp+6QhC/X3Roqh1rMwsJNZSL3qZeJ/Xjcxw1s/5TJODJN0eWiYCGIikjVABlwxasTMEqSK26yEjlEhNbanki3BW/3yOmldVT236j1cV2p3eR1FOINzuAQPbqAG99CAJlB4gmd4hTdn6rw4787HcrTg5Dun8AfO5w+lZpIA</latexit><latexit sha1_base64="TR6TuoNF/T5+oGC9L815i6Jr4KA=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMtiNy4r2Ae0Q7mTpm1oJjMmmUIZ+h1uXCji1o9x59+YaWehrQcCh3Pu5Z6cIBZcG9f9dgobm1vbO8Xd0t7+weFR+fikpaNEUdakkYhUJ0DNBJesabgRrBMrhmEgWDuY1DO/PWVK80g+mlnM/BBHkg85RWMlvxeiGVMUaX3ev+6XK27VXYCsEy8nFcjR6Je/eoOIJiGThgrUuuu5sfFTVIZTwealXqJZjHSCI9a1VGLItJ8uQs/JhVUGZBgp+6QhC/X3Roqh1rMwsJNZSL3qZeJ/Xjcxw1s/5TJODJN0eWiYCGIikjVABlwxasTMEqSK26yEjlEhNbanki3BW/3yOmldVT236j1cV2p3eR1FOINzuAQPbqAG99CAJlB4gmd4hTdn6rw4787HcrTg5Dun8AfO5w+lZpIA</latexit>

(b) Learned embedding space(a) Initialized embedding space

C2
<latexit sha1_base64="CKlGTJYpAsCmaP75xMzBH87vLt4=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclZki6LLYjcsK9gHtUO6kaRuayYxJplCGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniAXXxnW/nY3Nre2d3cJecf/g8Oi4dHLa0lGiKGvSSESqE6BmgkvWNNwI1okVwzAQrB1M6pnfnjKleSQfzSxmfogjyYecorGS3wvRjCmKtD7vV/ulsltxFyDrxMtJGXI0+qWv3iCiScikoQK17npubPwUleFUsHmxl2gWI53giHUtlRgy7aeL0HNyaZUBGUbKPmnIQv29kWKo9SwM7GQWUq96mfif103M8NZPuYwTwyRdHhomgpiIZA2QAVeMGjGzBKniNiuhY1RIje2paEvwVr+8TlrViudWvIfrcu0ur6MA53ABV+DBDdTgHhrQBApP8Ayv8OZMnRfn3flYjm44+c4Z/IHz+QOiXpH+</latexit><latexit sha1_base64="CKlGTJYpAsCmaP75xMzBH87vLt4=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclZki6LLYjcsK9gHtUO6kaRuayYxJplCGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniAXXxnW/nY3Nre2d3cJecf/g8Oi4dHLa0lGiKGvSSESqE6BmgkvWNNwI1okVwzAQrB1M6pnfnjKleSQfzSxmfogjyYecorGS3wvRjCmKtD7vV/ulsltxFyDrxMtJGXI0+qWv3iCiScikoQK17npubPwUleFUsHmxl2gWI53giHUtlRgy7aeL0HNyaZUBGUbKPmnIQv29kWKo9SwM7GQWUq96mfif103M8NZPuYwTwyRdHhomgpiIZA2QAVeMGjGzBKniNiuhY1RIje2paEvwVr+8TlrViudWvIfrcu0ur6MA53ABV+DBDdTgHhrQBApP8Ayv8OZMnRfn3flYjm44+c4Z/IHz+QOiXpH+</latexit><latexit sha1_base64="CKlGTJYpAsCmaP75xMzBH87vLt4=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclZki6LLYjcsK9gHtUO6kaRuayYxJplCGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniAXXxnW/nY3Nre2d3cJecf/g8Oi4dHLa0lGiKGvSSESqE6BmgkvWNNwI1okVwzAQrB1M6pnfnjKleSQfzSxmfogjyYecorGS3wvRjCmKtD7vV/ulsltxFyDrxMtJGXI0+qWv3iCiScikoQK17npubPwUleFUsHmxl2gWI53giHUtlRgy7aeL0HNyaZUBGUbKPmnIQv29kWKo9SwM7GQWUq96mfif103M8NZPuYwTwyRdHhomgpiIZA2QAVeMGjGzBKniNiuhY1RIje2paEvwVr+8TlrViudWvIfrcu0ur6MA53ABV+DBDdTgHhrQBApP8Ayv8OZMnRfn3flYjm44+c4Z/IHz+QOiXpH+</latexit><latexit sha1_base64="CKlGTJYpAsCmaP75xMzBH87vLt4=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclZki6LLYjcsK9gHtUO6kaRuayYxJplCGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniAXXxnW/nY3Nre2d3cJecf/g8Oi4dHLa0lGiKGvSSESqE6BmgkvWNNwI1okVwzAQrB1M6pnfnjKleSQfzSxmfogjyYecorGS3wvRjCmKtD7vV/ulsltxFyDrxMtJGXI0+qWv3iCiScikoQK17npubPwUleFUsHmxl2gWI53giHUtlRgy7aeL0HNyaZUBGUbKPmnIQv29kWKo9SwM7GQWUq96mfif103M8NZPuYwTwyRdHhomgpiIZA2QAVeMGjGzBKniNiuhY1RIje2paEvwVr+8TlrViudWvIfrcu0ur6MA53ABV+DBDdTgHhrQBApP8Ayv8OZMnRfn3flYjm44+c4Z/IHz+QOiXpH+</latexit>

C3
<latexit sha1_base64="mdWp8wVhXZkn9bjpy5eLZMruqcY=">AAAB9HicbVBNTwIxFHyLX4hfqEcvjcTEE9lVEz0SuXjERJAENqRbHtDQ7a5tl4Rs+B1ePGiMV3+MN/+NXdiDgpM0mcy8lzedIBZcG9f9dgpr6xubW8Xt0s7u3v5B+fCopaNEMWyySESqHVCNgktsGm4EtmOFNAwEPgbjeuY/TlBpHskHM43RD+lQ8gFn1FjJ74bUjBgVaX3Wu+yVK27VnYOsEi8nFcjR6JW/uv2IJSFKwwTVuuO5sfFTqgxnAmelbqIxpmxMh9ixVNIQtZ/OQ8/ImVX6ZBAp+6Qhc/X3RkpDradhYCezkHrZy8T/vE5iBjd+ymWcGJRscWiQCGIikjVA+lwhM2JqCWWK26yEjaiizNieSrYEb/nLq6R1UfXcqnd/Vand5nUU4QRO4Rw8uIYa3EEDmsDgCZ7hFd6cifPivDsfi9GCk+8cwx84nz+j4pH/</latexit><latexit sha1_base64="mdWp8wVhXZkn9bjpy5eLZMruqcY=">AAAB9HicbVBNTwIxFHyLX4hfqEcvjcTEE9lVEz0SuXjERJAENqRbHtDQ7a5tl4Rs+B1ePGiMV3+MN/+NXdiDgpM0mcy8lzedIBZcG9f9dgpr6xubW8Xt0s7u3v5B+fCopaNEMWyySESqHVCNgktsGm4EtmOFNAwEPgbjeuY/TlBpHskHM43RD+lQ8gFn1FjJ74bUjBgVaX3Wu+yVK27VnYOsEi8nFcjR6JW/uv2IJSFKwwTVuuO5sfFTqgxnAmelbqIxpmxMh9ixVNIQtZ/OQ8/ImVX6ZBAp+6Qhc/X3RkpDradhYCezkHrZy8T/vE5iBjd+ymWcGJRscWiQCGIikjVA+lwhM2JqCWWK26yEjaiizNieSrYEb/nLq6R1UfXcqnd/Vand5nUU4QRO4Rw8uIYa3EEDmsDgCZ7hFd6cifPivDsfi9GCk+8cwx84nz+j4pH/</latexit><latexit sha1_base64="mdWp8wVhXZkn9bjpy5eLZMruqcY=">AAAB9HicbVBNTwIxFHyLX4hfqEcvjcTEE9lVEz0SuXjERJAENqRbHtDQ7a5tl4Rs+B1ePGiMV3+MN/+NXdiDgpM0mcy8lzedIBZcG9f9dgpr6xubW8Xt0s7u3v5B+fCopaNEMWyySESqHVCNgktsGm4EtmOFNAwEPgbjeuY/TlBpHskHM43RD+lQ8gFn1FjJ74bUjBgVaX3Wu+yVK27VnYOsEi8nFcjR6JW/uv2IJSFKwwTVuuO5sfFTqgxnAmelbqIxpmxMh9ixVNIQtZ/OQ8/ImVX6ZBAp+6Qhc/X3RkpDradhYCezkHrZy8T/vE5iBjd+ymWcGJRscWiQCGIikjVA+lwhM2JqCWWK26yEjaiizNieSrYEb/nLq6R1UfXcqnd/Vand5nUU4QRO4Rw8uIYa3EEDmsDgCZ7hFd6cifPivDsfi9GCk+8cwx84nz+j4pH/</latexit><latexit sha1_base64="mdWp8wVhXZkn9bjpy5eLZMruqcY=">AAAB9HicbVBNTwIxFHyLX4hfqEcvjcTEE9lVEz0SuXjERJAENqRbHtDQ7a5tl4Rs+B1ePGiMV3+MN/+NXdiDgpM0mcy8lzedIBZcG9f9dgpr6xubW8Xt0s7u3v5B+fCopaNEMWyySESqHVCNgktsGm4EtmOFNAwEPgbjeuY/TlBpHskHM43RD+lQ8gFn1FjJ74bUjBgVaX3Wu+yVK27VnYOsEi8nFcjR6JW/uv2IJSFKwwTVuuO5sfFTqgxnAmelbqIxpmxMh9ixVNIQtZ/OQ8/ImVX6ZBAp+6Qhc/X3RkpDradhYCezkHrZy8T/vE5iBjd+ymWcGJRscWiQCGIikjVA+lwhM2JqCWWK26yEjaiizNieSrYEb/nLq6R1UfXcqnd/Vand5nUU4QRO4Rw8uIYa3EEDmsDgCZ7hFd6cifPivDsfi9GCk+8cwx84nz+j4pH/</latexit>
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Fig. 11. Visualizations of learned embeddings.

Exp-6: Search Efficiency.We now study the search efficiency of our methods and the competitive
baseline–Qetch. Figure 10 shows the experimental results.
Impact of lengths of line charts. As shown in Figure 10(a), we vary the lengths of line charts, i.e., the
number of data points in a line chart, to compute the latency of getting top-100 results on the EEG
dataset. With the increase in lengths, the overall runtimes significantly increase for Qetch because
of the increase in the number of comparisons in a line chart’s segmentations by Qetch. In contrast,
LineNet is not sensitive to this factor because the efficiency of top-k similarity search is limited by
the dimension of the embedding vector and the cost of nearest neighbor search.
Impact of the number of line charts.We study the search scalability of LineNet by varying the num-
ber of line charts to be retrieved. Figure 10(b) shows the evaluation results of finding top-100 results
in the EEG dataset. Although the overall runtime for LineNet and Qetch grows linearly with the
number of line charts, the gap between LineNet and Qetch is large. Overall, LineNet is efficient
enough to support the similarity search of line charts.
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Fig. 12. Case study on LineBench (EEG dataset).

Exp-7: Visualizations of the Learned Embeddings Space. To verify whether the learned rep-
resentation is discriminative, we use the t-SNE [76] tool to visualize the distribution of line chart
visualizations’ embeddings generated by LineNet, on the Stocks dataset. Since directly plotting the
entire dataset is too cluttered, we use 100 random samples for plotting. We compute the embeddings
of these 100 line chart visualizations by the initialized LineNet (i.e., before training) and the trained
LineNet (i.e., after training), respectively.
Figure 11(a) shows the distribution of line chart visualizations in their initialized embedding

space. We can observe that most of the points are scattered. Figure 11(b) depicts the distribution
of line chart visualization embeddings learned by LineNet. We also zoom in on the space and
show the corresponding line charts in Figure 11(c). It clearly shows that visually similar line chart
visualizations are closer together in the embedding space, while dissimilar line charts are farther from
each other in the embedding space.

Exp-8: Case Study. In this group of experiments, we show some testing cases used in the previous
quantitative evaluation and conduct an additional case study using real-world cases.
Case study on LineBench. Figure 12 shows the top-5 results to the query line chart of different
methods on the EEG dataset. Note that we redraw the line chart using Vega-Lite for a better
representation. Overall, all methods are able to find similar results to the query but may fall short
of capturing some discriminative features of line charts in some cases.

We make the following observations based on Figure 12.
(1) Zenvisage and Qetch can retrieve a set of similar line charts based on the distance metric on

the underlying data. However, not all results are visually similar to the line-chart query.
(2) V-CNN solely relies on the visual features of the image to measure the image-level similarity

and fails to capture the fine-grained similarity between line charts.
(3) Compared to Zenvisageand Qetch, Peax outperforms them in measuring the similarity

of line charts based on underlying data, thanks in part to Peax’s innovative approach of
incorporating user feedback during the search process.

(4) Our method outperforms competitive baselines by incorporating underlying data and visual-
ization characteristics during the training step. This idea enables our method to successfully
identify a list of candidate line charts that exhibit fine-grained similarity to the query.

Case study on real-world application scenarios.We apply LineNet, trained by TrafficVol dataset, to
search similar line chart images to the query image in the wild. We plan to compare the performance
of LineNet against Google Image Search and Bing Image Search to gain more insights. We harvest 2
line chart images from Plotly Gallery (https://plotly.com/python/time-series/) as the query images.
Next, we upload each query line chart image to Google Image Search and Bing Image Search and
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Fig. 13. Case study on real cases.

harvest the top-50 similar images, respectively. Then, we take these images as the search repository
and use the same query to perform the similarity search using LineNet.

Figure 13 shows the top-5 search results to the query. We make the following observations.
(1) All methods can retrieve a subset of similar line chart images to the query. However, Google

and Bing Image Search return some “bad” cases among the top-5 results. For example, top-2
results from Bing are very dissimilar to theQuery#1. The results are reasonable since Bing
and Google are not optimized for searching similar line chart images. LineNet works better
in this task because our method captures fine-grained features of the query line chart.

(2) LineNet can retrieve similar line chart images in the wild, which is a complementary approach
to the existing image search system.

8 RELATEDWORK
8.1 Similarity Measures of Line Charts
Similarity measures for measuring the similarity between line charts have been extensively stud-
ied [9, 17, 18, 21, 33, 44, 73, 74, 80]. These measures can be broadly divided into two categories:
data-based and feature-based similarity measures.
Data-based similarity measures. This line of research aims to quantify the “similarity” by
computing the distance between the underlying data D of line charts. Dynamic Time Warping
(DTW) [17] and Euclidean Distance (ED) [21] are the two most widely used measures. Ding et al.
[17] empirically found DTW is one of the systematically best distance measures, which is also
observed from data mining and visualization communities [37, 60, 67, 85, 88]. In addition, there are
also some tail-made distance-based algorithms that are developed to fix distortion errors [60] or
improve search efficiency [73, 74].
Feature-based similarity measures. Piecewise Aggregate Approximation (PAA) [33] and Sym-
bolic Aggregate approXimation (SAX) [44] are popular and effective methods that can discretize
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time-series data into a set of symbolic features used to measure the similarity. Recently, repre-
sentation learning [9, 13, 14, 46, 47, 65, 84] has been demonstrated its superior ability in learning
discriminative features of time-series data [42, 80]. LineNet falls into this category.

8.2 Similarity Search of Line Charts
There are two lines of work to conduct similar line charts search either based on the underlying
data D (data-level similarity) [28, 40, 42, 60, 61, 68, 73, 74] or according to the rendered line chart
visualization V (visualization-level similarity a.k.a. image-level similarity) [30, 43, 64, 69].
Data-level similarity search of line charts utilizes D to measure data-level similarity between
line charts based on data-based or feature-based similarity measures [28, 40, 42, 60, 61, 68, 73, 74, 80].
Data-based similarity measures. Generally speaking, these tools [28, 60, 61, 68, 73, 74] take as input
the data Dq of the query line chart and the data D = {D1,D2, ...,Dn} of candidate line charts. Next,
they equip tailor-made similarity algorithms in conjunction with existing distance functions to
compute the similarity between Dq and Di ∈ D. Finally, these tools return a list of most similar
line charts to the query Dq , and then render as visualizations to users.
Feature-based similarity measures. The second category [42, 80] leverages deep learning techniques
to capture more reliable features from theD to facilitate the similarity search. For example, Peax [42]
employs a convolutional autoencoder to learn the representations from the D and then trains a
classifier to interactively find the similar line charts to the Dq . Our proposal utilizes deep represen-
tation learning to extract discriminative features for measuring the similarity between line charts.
One of the key benefits of our approach is that it only relies on the rendered images V and does
not require the underlying data D at query time. This important feature significantly extends the
scope of use scenarios and enhances the practicality of our approach.
Visualization-level similarity search of line charts measure the visualization-level similarity
between line charts by leveraging the techniques of representation learning [30, 43, 64, 69]. For
example, Li et al. [43] propose to retrieve perceptually similar visualizations by giving priority
to the structure information (e.g., the color, the opacity, and the stroke width of the element)
of visualizations derived from the Scalable Vector Graphic (SVG), while our method pays more
attention to the underlying data of the line chart visualizations (i.e., data-aware visualization
similarity). Moreover, Li et al. [43] only support visualizations in the format of Scalable Vector
Graphic (SVG), but fall short of supporting the most common formats type–raster graphics [8, 43],
while our method can naturally support both vector and raster graphics.

9 CONCLUSION
We present LineNet, a novel Vision Transformer-based Triplet Autoencoder framework that can
learn useful representations of line charts to holistically measure the data-level and image-level
similarity of line charts. We further propose a diversified triplets selection strategy to optimize the
training process and achieve better performance. We also construct a large-scale line chart corpus
LineBench to support the task of similarity search. Extensive quantitative evaluations and case
studies verify the effectiveness of LineNet.
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