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A Brief History of NL2V!S Research
Natural Language to (NL2VIS)

Mainly based on rules or semantic parsing

i+ableau
Tableau Ask Data
Create a bar chart showing the top 5 BE — ==
states with the most confirmed cases ; R BN '
until 2021-03-08 Coxetal., 1STO1 DataTone, UIST'15 Evizeon, TVCG'18 Flowsense,VAST'19 ADVISor, PacificVis'21
2010

(Deep Learing-based)
NL2VIS Timeline

4,000,000 - 2001
—— Articulate, ISSG'10 1BM Eviza, UIST"16 DeepEye, SIGMOD'18 NL4DV, VIs'21

mmmm g 3,000,000 Watson Analytics ﬁ

20210308 California ~ confirmed 3599250 (..‘—“_ §2-°°°’°°°‘ H W) = =F

20210308 Calfornia  deaths 54220 S —) § 1000000 = s . 4
2021-03-08  NewYork  confirmed 1694651 - G o R Mo %

" & Ory; '8y No,: "
20210308  NewYork  deaths 48335 T, 28, % Microsoft Power Bl Q&A
states
Tabular Data (e.g., COVID-19) Natural Language Query Visualization

NL2VIS Advantages:

Y [NL250L] SQLNet, arxiv'17

Y [NL250L] Seq2SQL, arxiv'17
[NLP] Word2Vec. NIPS'13 [NLP] Transformer, NIPS'17 % [NL250OL] IRNet, ACL'19
> Democratizing visualization NLP & NL250L
. . . . . Timeline
o Allowing users to flexibly create visualizations o §'°
. . . . . . [NLP] Seq2Seq, NIPS'14 [NLP] BERT ~ % [NL250L] RAT-SQL, ACL'20
o Very friendly to newbies in data visualization o iiaiT | K [NL250LI TAPAS, ACL20 (Extend BERTS architecur)
> Speeding up the visual data analytics process -

i [NLP]IIELMo ‘

Y [NL250L] SyntaxSQLNet, EMNLP'18
Y [NL250L] TypeSQL, NAACL'18 3

* Deep learning-based solutions
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NL2VIS by Neural Machine Translation

&5 . Eola R

Three problems in NL2VIS:

1. NL2VIS Input and Output: how to process the input and output for model-
friendly learning of advanced deep learning-based models?

2. NL2VIS Dataset: it needs lots of natural language queries and to
train the model.

3. NL2VIS Model: how to design a deep learning model for NL2VIS translation?

Table: COVID-19 in United States
| date [ states | cases |

2021-03-08  California  confirmed 3599250

D 20210308 California  deaths 54220 NL2VIS Model ¢ 400,000
2021-03-08 NewYork confirmed 1694651 "data”: {"url": "US States.csv'}, 5 300000 ?s::nﬁrmed
20210308 NewYork deaths 48335 e § 200000 ® ceaths
Encoder —— Decoder —> "x": {"field": “date”, "type": "date"}, —> @ recovered
Natural Language Query "y": {"field": "number", "type": "quantitative"}, 100000
@ ShoW me the “end of Conﬁrmed, "color": {"field": "cases", "type": "nominal"}, o e 262|
| died, and recovered cases in Utah ) date
Vega-Lite Specification Visualization Result
Chart Templ
. . @ h
Natural Language to (NL2VIS) A Brief History of NL2V/S Research 2@ il VR
Miinly basad o uls or semantc parsing

Create a bar chart showing the top 5 eattas

states with the most confirmed cases Taless Ak s

until 2021-03-08 Bl

- e
NL2VIS Timeline &3
2021-03-08 California confirmed 3599250 Anticulate, 155610 . Eviza, UIST16. DeepEye, SIGMOD 18 r.M,D,V v‘lszv
20210308 California deaths 54220 . - —
2021-03-08 NewYork  confirmed 1694651 S
20210308 NewYork deaths 48335
Tabular Data (e.g., COVID-19) Natural Language Query Visualization
NL2VIS Advantages: P e
e [—— (oo
» Democratizing visualization araiis [z [ e ]
o Allowing users to flexibly create visualizations Timetne | &
o Very friendly to newbies in data visualization e i ‘ s Tapas B 8T
! ; ) asiae
» Speeding up the visual data analytics process !
K Deep learning-based solutions ::::: :x:f‘::;“:"“ 3
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Abstract— Supporting the translation from natural language (NL) query to visualization (NL2VIS) can simplify the creation of data
visualizations because if successful, anyone can generate visualizations by their natural language from the tabular data. The state-
of-the-art NL2VIS approaches (e.g., NL4DV and FlowSense) are based on semantic parsers and heuristic algorithms, which are not
end-to-end and are not designed for supporting (possibly) complex data transformations. Deep neural network powered neural machine
translation models have made great strides in many machine translation tasks, which suggests that they might be viable for NL2VIS as
well. In this paper, we present ncNet, a Transformer-based sequence-to-sequence model for supporting NL2VIS, with several novel
visualization-aware optimizations, including using attention-forcing to optimize the learning process, and visualization-aware rendering
to produce better visualization results. To enhance the capability of machine to comprehend natural language queries, ncNet is also
designed to take an optional chart template (e.g., a pie chart or a scatter plot) as an additional input, where the chart template will be
served as a constraint to limit what could be visualized. We conducted both quantitative evaluation and user study, showing that ncNet
achieves good accuracy in the nvBench benchmark and is easy-to-use.
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Abstract— Supportmg the translation from natural Ianguage (NL) query to visualization (NL2VIS) can simplify the creation of data

C -Ol DC(d C A, dlVOIIC Cdll UCTeldlC C -OI ) l‘ diural 1dlliudlc OIT1 LNEe dDuUldl (dld [1C dlC-
of- the art NL2VIS approaches (e.g., NLADV and FlowSense) are based on semantic parsers and heuristic algorithms, which are not
end-to-end and are not designed for supporting (possibly) complex data transformations. Deep neural network powered neural machine
translation models have made great strides in many machine translation tasks, which suggests that they might be viable for NL2VIS as
well. In this paper, we present ncNet, a Transformer-based sequence-to-sequence model for supporting NL2VIS, with several novel
visualization-aware optimizations, including using attention-forcing to optimize the learning process, and visualization-aware rendering
to produce better visualization results. To enhance the capability of machine to comprehend natural language queries, ncNet is also
designed to take an optional chart template (e.g., a pie chart or a scatter plot) as an additional input, where the chart template will be
served as a constraint to limit what could be visualized. We conducted both quantitative evaluation and user study, showing that ncNet
achieves good accuracy in the nvBench benchmark and is easy-to-use.
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Abstract— Supporting the translation from natural language (NL) query to visualization (NL2VIS) can simplify the creation of data
visualizations because if successful, anyone can generate visualizations by their natural language from the tabular data. The state-
of-the-art NL2VIS approaches (e.g., NLADV and FlowSense) are based on semantic parsers and heuristic algorithms, which are not
end-to-end and are not designed for supporting (possibly) complex data transformations. Deep neural network powered neural machine
translation models have made great strides in many machine translation tasks, which suggests that they might be viable for NL2VIS as

well. In this paper, we present ncNet, a Iransformer-based sequence-to-sequence model for supporting NL2VIS, with several novel
visualization-aware optimizations, including using attention-forcing to optimize the learning process, and visualization-aware rendering
to produce better visualization results. To enhance the capability of machine to comprehend natural language queries, ncNet is also
designed to take an optional chart template (e.qg., a pie chart or a scatter plot) as an additional input, where the chart template will be

served as a constraint to limit what could be visualized. We conducted both quantitative evaluation and user study, showing that ncNet
achieves good accuracy in the nvBench benchmark and is easy-to-use.
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Abstract— Supporting the translation from natural language (NL) query to visualization (NL2VIS) can simplify the creation of data
visualizations because if successful, anyone can generate visualizations by their natural language from the tabular data. The state-
of-the-art NL2VIS approaches (e.g., NL4ADV and FlowSense) are based on semantic parsers and heuristic algorithms, which are not
end-to-end and are not designed for supporting (possibly) complex data transformations. Deep neural network powered neural machine
translation models have made great strides in many machine translation tasks, which suggests that they might be viable for NL2VIS as
well. In this paper, we present ncNet, a Transformer-based sequence-to-sequence model for supporting NL2VIS, with several novel
visualization-aware optimizations, including using attention-forcing to optimize the learning process, and visualization-aware rendering
to produce better visualization results. To enhance the capability of machine to comprehend natural language queries, ncNet is also
designed to take an optional chart template (e.q., a pie chart or a scatter plot) as an additional input, where the chart template will be

served as a constraint to limit what could be visualized. We conducted both quantitative evaluation and user study, showing that ncNet
achieves good accuracy in the nvBench benchmark and is easy-to-use.
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DeepEye: Towards Automatic Data Visualization
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. — —— — — - A. B. C. destination | D. departure | E. arrival F.
flbstr act—Data Vlsualizaﬁon 18 lnvalllab[e forexplalnmg the ‘ scheduled ‘carrier city name delay (min) |delay (min) ‘passengers‘

significance of data to people who are visually oriented. The 01-Jan 00:05 | UA New York % 1 193
central task of automatic data visualization is, given a dataset, 01-Jan 04:00 | AA | Los Angeles 0 2 204
to visualize its compelling stories by transforming the data (e.g., 01-Jan 06:13 | MQ | San Francisco 7 -1 96

- . . P— Py 01-Jan 07:33 | OO Atlanta 11 -2 112
selecting attributes, grouping and binning values) and deciding —
the right type of visualization (e.g., bar or line charts). Table I

e present DEEPEYE, a novel system Ior automatic da AN EXCERPT OF FLIGHT DELAY STATISTICS

visualization that tackles three problems: (1) Visualization
recognition: given a visualization, is it “good” or ‘bad”?
(2) Visualization ranking: given two visualizations, which one
is “better”? And (3) Visualization selection: given a dataset,
how to find top-k visualizations? DEEPEYE addresses (1) by
training a binary classifier to decide whether a particular
visualization is good or bad. It solves (2) from two perspectives:
(i) Machine learning: it uses a supervised learning-to-rank
model to rank visualizations; and (ii) Expert rules: it relies
on experts’ knowledge to specify partial orders as rules.
Moreover, a “boring” dataset may become interesting after
data transformations (e.g., binning and grouping), which forms

large search space. We also discuss optimizations to efficientl
compute top-k£ visualizations, for approaching (3). Extensive

experiments verify the effectiveness of DEEPEYE.
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Although (1) and (2) can be quantified formally, by statis-
tical deviations and correlations, respectively, our 55 minutes
thought is to study (3) despite the hardness of quantifying
human perception, because one fundamental request from
users is just to find eye-catching and informative charts. The
bad news is that users have poor choices for (3).

Example 1: Consider a real-world table about flight delay
statistics of Chicago O’Hare International (Jan — Dec,
2015), with an excerpt in Table I (https://www.bts.gov).
Naturally, the Bureau of Transportation Statistics wants to
visualize some valuable insights/stories of the data.

Figure 1 shows sample visualizations DEEPEYE considers



> 5|5 —MES
® Why: #imIENN (HE)
® [NEE=/NMARR
How: EZAH)ldea, BIRXXAMEIERIMNEEFA?
What: ©3CRRR A0 ?
So What: BIFim (GRARBIFH+EWER)
W E2%5%) (Roadmap/Paper Organization) IEME, BEMOUFF SIS

WSIHERWA, JLFREXEREEHFE

B FERFEKRE (T M) BIERF 52 IEE
- ience and Analyti

N 1 THE HONG KONG Data Scien
llAJJ UNIVERSITY OF SCIENCE AND EEE4A
TECHNOLOGY (GUANGZHOU) Information Hub



Abstract— Supporting the translation from natural language (NL) query to visualization (NL2VIS) can simplify the creation of data
visualizations because if successful, anyone can generate visualizations by their natural language from the tabular data. The state-
of-the-art NL2VIS approaches (e.g., NL4DV and FlowSense) are based on semantic parsers and heuristic algorithms, which are not
end-to-end and are not designed for supporting (possibly) complex data transformations. Deep neural network powered neural machine
translation models have made great strides in many machine translation tasks, which suggests that they might be viable for NL2VIS as
well. In this paper, we present ncNet, a Transformer-based sequence-to-sequence model for supporting NL2VIS, with several novel
visualization-aware optimizations, including using attention-forcing to optimize the learning process, and visualization-aware rendering
to produce better visualization results. To enhance the capability of machine to comprehend natural language queries, ncNet is also
designed to take an optional chart template (e.g., a pie chart or a scatter plot) as an additional input, where the chart template will be
served as a constraint to limit what could be visualized. We conducted both quantitative evaluation and user study, showing that ncNet
achieves good accuracy in the nvBench benchmark and is easy-to-use.

1 INTRODUCTION

Natural language interface is a promising interaction paradigm for sim-
plifying the creation of visualizations [32,43, 52]. If successful, even
novices can generate visualizations simply like a Google search. Not
surprisingly, both commercial vendors (e.g., Tableau’s Ask Data [46],
Power BI [2], ThoughtSpot [3], and Amazon’s QuickSight [1]) and aca-
demic researchers [7,13,20,33,34,40,42,45,49,50,57] have investigated
to support the translation from NL queries to visualizations (NL2VIS).
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Abstract— Supporting the translation from natural language (NL) query to visualization (NL2VIS) can simplify the creation of data
visualizations because if successful, anyone can generate visualizations by their natural language from the tabular data. The state-
of-the-art NL2VIS approaches (e.g., NL4DV and FlowSense) are based on semantic parsers and heuristic algorithms, which are not

end-to-end and are not designed for supporting (possibly) complex data transformations. Deep neural network powered neural machine
ranslation models have made great strides in many machine translation tasks, which suggests that they might be viable for NL2VIS as

well. In thi r, we precent neNat  a Tranefarmer-haced ceaiianca-tn-eaniianca mndael for rting NL2VIS, with several novel
el 1 t IS Paper, We PreSRroVTS needs both natural language understanding that uses ma- R support g mavals th severa ove
visualization-aware optir ocess, and visualization-aware rendering

i d better visuali chines to comprehend natural language queries, and translation algo- tural | : Net is al
O produce DEUEr VISUal ;) s to generate targeted visualization using a visualization language. natural language queries, ncet IS also
designed to take an opti al input, where the chart template will be

: Natural language understanding is considered an Al-hard problem [56], £ :
served as a constraint tc ... many intrinsic difficulties such as ambiguity and underspecifica- ation and user study, showing that ncNet

achieves good accuracy jop Many tools from the NLP community, especially based on statisti-
cal phrase-based translation [26] and neural machine translation [4, 10],
have been used to tackle NL2VIS.

The state-of-the-art NL2VIS methods (for example, NL4DV [40] and
FlowSense [57]) are statistical phrase-based translation, which treats
natural language understanding and machine translation as two steps.
They first employ NLP toolkits (for example, NLTK [5], Stanford
CoreNLP [37], and NER [12]) to parse an NL query and produce a
variety of linguistic annotations (for example, parts of speech, named
entities, etc), based on which they then devise algorithms to generate
target visualizations. They are good choices when there are not many
training datasets to train deep learning models.
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Abstract— Supporting the translation from natural language (NL) query to visualization (NL2VIS) can simplify the creation of data
visualizations because if successful, anyone can generate visualizations by their natural language from the tabular data. The state-
of-the-art NL2VIS approaches (e.g., NL4DV and FlowSense) are based on semantic parsers and heuristic algorithms, which are not
end-to-end and are not designed for supporting (possibly) complex data transformations. Deep neural network powered neural machine
translation models have made great strides in many machine translation tasks, which suggests that they might be viable for NL2VIS as

ell. In this paper, we present ncNet, a Transformer-based sequence-to-sequence model for supporting NL2VIS, with several novel
isualization-aware optimizations, including using attention-forcing to optimize the learning process, and visualization-aware rendering

o produce better visualization results. To enhance the capability of machine to comprehend natural language queries, ncNet is also
designeg ak ha h3 iti inout. where the cha '
served as a constraint to limit what could  we present ncNet!, an end-to-end solution using a Transformer- 8Nd User study, showing that ncNet

achieves good accuracy in the nvBench | based sequence-to-sequence (seq2seq) model, which translates an NL
query to a visualization. It adopts self-attention to generate a rich repre-

) C dil ODLO[d CI10]d C. d DIC Of d D0 dl dll dUCHLIO[ ] d CI1DId /\ D C

sentation (high dimensional vectors) of the input, ncNet enables smart

visualization inference (e.g., guessing the missing column, selecting a

chart type, etc).
Besides making smarter inferences, a system can obtain more infor-
mation (or “hint”) from the user, by either obtaining a one-shot hint
from the user or iteratively requiring more information (a.k.a. conver-
sational systems) [6]. The hint can be of various formats, such as NL
queries, tables, chart templates, with one main criterion to be easy-to-
use. We propose to use chart templates as additional hints, where a
user can specify the output to be a pie chart or a scatter plot with a
simple click. In practice, chart templates have been widely used in all
commercial products, including Tableau, Excel, Google Sheets, and
so on. Due to the flexibility of the seq2seq model, we just treat the
selected chart template C as another sequence, together with the NL
query N and the dataset D as the input X.
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Abstract— Supporting the translation from natural language (NL) query to visualization (NL2VIS) can simplify the creation of data
visualizations because if successful, anyone can generate visualizations by their natural language from the tabular data. The state-
of-the-art NL2VIS approaches (e.g., NLADV and FlowSense) are based on semantic parsers and heuristic algorithms, which are not
end-to-end and are not designed for supporting (possibly) complex data transformations. Deep neural network powered neural machine
translation models have made great strides in many machine translation tasks, which suggests that they might be viable for NL2VIS as
well. In this paper, we present ncNet, a Transformer-based sequence-to-sequence model for supporting NL2VIS, with several novel
visualization-aware optimizations, including using attention-forcing to optimize the learning process, and visualization-aware rendering
to produce better visualization results. To enhance the capability of machine to comprehend natural language queries, ncNet is also
designed to take an optional chart template (e.g., a pie chart or a scatter plot) as an additional input, where the chart template will be
served as a constraint to limit what could be visualized. We conducted both quantitative evaluation and user study, showing that ncNet |
achieves good accuracy in the nvBench benchmark and is easy-to-use.  Contributions. In this work, we make several contributions, including:

» proposing ncNet, a Transformer-based [53] seq2seq model for
supporting NL2VIS;

* presenting a novel visualization-grammar, namely Vega-Zero,
with the main purpose to simplify the NL2VIS translation using
neural machine translation techniques. Moreover, transforming it
to other visualization languages are straightforward;

* enhancing ncNet by allowing the user to select a chart template,
which will be used to improve the translation accuracy;

 devising two optimization techniques: attention forcing for in-
corporating pre-defined domain knowledge and visualization-
aware translation for better final visualization generation; and

IERE A ) A R « demonstrating that ncNet can well support NL2VIS with several

UNIVERSITY OF SCIENCE AND EEIEA . . "
el || e use cases, as well as conducting a quantitative study.
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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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Learned Data-aware Image Representations of Line Charts
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(a) Inputs for model training: line chart imagesV and underlying data D

Similarity Search of Line Chart Images
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‘ embeddings using LineNet
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in the embedding space

(b) Inputs for similarity search: line chart imagesV

Fig. 2. The solution overview of LineNet.
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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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tomiin 5 DIVERSIFIED TRIPLETS SELECTION
et In Section 4.3, we have introduced a training data selection method based on the semi-hard triplets
T selection strategy [70]. However, this method may not guarantee that the selected triplets are

41 LineNet Architecture d1scr1m1nat1ve and meamngful which mav lead to slow convergence and lower performance

4.2 Details of LineNet: Vision Transform:

4.3 Training Data: Triplets Selection

5 Diversified Triplets Selection ]

6 LineBench Construction

S u _— the selected tr1plets can contaln more representatlve 11ne
1 Experimental Settings

72 Experimental Resuits chart images. IiOEISHINOIAS] these triplets can cover the trends and patterns of different line
et essaes of L Crars charts as much as possible. Iililliliifiglii it is beneficial for us to select those line charts with different
ol trends/patterns from each other (i.e., diversified from each other) to construct a set of triplets used
T to train LineNet, which can reduce the number of triplets, improve training efficiency, and get

better performance.

VeGSO SomeEIontepS MeforeTeoRTRlIyINNoNNeS the diversified triplets

selection algorithm.
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negative) samples selection problem aims to pick a set of positive (resp. negative) samples V|, C V),
(resp. V;, € V,,) with size k such that:

VnCVn, [Vnl=k

AT LUIE S RS

Algorithm 2: DiversifiedTripletsSelection

Input: A mini-batch of line chart B, k;

Vy= argmax P(Ve,Vy) (6)
Vo Vp Tplok B Output: A mini-batch of diversified triplets V;
V= argmax N(V,V,) 7)

// 1. Diversified k anchors selection

PVaTp) =2 ) [R(Vi V) + DIV, Vo)) + % 3 Dav) ® 1 V;,V, « 0,0;// Initialize the triplet and anchor set
VeV, ViV, eV, .
v zj(:;\) 2 {C1,Cy, ..., Cr} « KmeansClustering(B, k);
N(Va, V) =2 ) [ =R(Vi,Va)) + (1 = D(V;, V)] + DV, V) ;
VZ;, k=1 v,‘gévn 3 for C; in {Cy,Cs, ...,Cr} do
where A € [0, 1) is a parameter controlling the trade-off between relevance and diversity, which 4 Va < Random Ple(Ci);
can be adjusted. The intuition behind this definition is that we aim to maximize P(Va,‘?p) (resp. .
N(Va,¥,)) so that we can derive a set of relevant and diversified line chart images with relatively 5 L Va A Va U {Va }’
high relevance to the anchor line chart image as well as high diversity. More concretely, the first . . . .
two terms of P(V4, V) (resp. N(V4, V) aim to select the semi-hard triplets [70], while the third // 2. Dive rsified tOp'k trlplets selection
term adjusts the selection process by considering the diversity among positive (resp. negative) line
charts. We scale down the diversity part by 3(% because there are k items in the first two terms 6 fOl' Va € Va do
while ¥ jtems in the diversity terms. // candidate V,,V, generation based on V,
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 A = 0. 7 Vp, Vn — Cand|datesampleceneratlon(Va);
Therefore, we devise a greedy algorithm to select top-k positive/negative samples effectively V/ V, 0 0 .
and efficiently, as shown in Algorithm 2 (Lines 9-15). The key idea behind the scenes is that it first 8 p>n «— 0,03
greedily constructs a set V, of diversified anchors. Next, the algorithm incrementally and greedily H - et .
selects a positive (resp. negative) sample to diversified results V}, (resp. V},). /7 diversified pOSIthe Samples selection
Diversified Triplets Selection Strategy. Based on the above discussion, we now introduce our 9 While |VII, | < k do
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 10 VP — arg max P (Vl s Va) H
B into k clusters and pick one random point from each cluster to form the diversified anchor set V, Vi GVP
(Lines 2-5). Next, it iterates each anchor V/, to select a set of diversified positive/negative samples to , , , ,
anchor V,, (Lines 6-15). In each loop, it first generates a set of candidate positive/negative samples 11 VP — VP U {VP }, Vp — Vp \ {VP },
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 / / d iversiﬁed negative sam ples selection
samples set V), 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 12 Whlle |V n | < k dO
the space constraint. Finally, it constructs the triplets based on the V, and the selected diversified V/ N/ ViV, :
positive (resp. negative) set V7, (resp. V) (Line 15). After iterating all anchors in Vg, the algorithm 13 n ¢ argmax ( i a) s
generates a set V, of diversified triplets to drive the training of LineNet. VeV,
’ ’ ’ 7.
, 1-2 14 Vn (_VnU{Vn}’Vn (_Vn\{vn}’
P'(Vi,Va) = A[R(Vi, Va) + D(Vi, Vo) + * Z D(V:,V;) (10) —
ViV // Construct diversified triplets
, 1-2 .
N'(Vi,Va) = A1 = R(Vi,Va) + 1= D(Vi, Vo)) + TVZ; D(Vi, V)) (1) 15 V: <« VU ConstructTrlpIets(Va,V;,,V;,);
J€Vn L
16 return V;;

Proc. ACM Manag. Data, Vol. 1, No. 1, Article 88. Publication date: May 2023.
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Diversified Triplets Selection Strategy. Based on the above discussion, we now introduce our

Algorithm 2: DiversifiedTripletsSelection
Input: A mini-batch of line chart B, k;
Output: A mini-batch of diversified triplets V;
// 1. Diversified k anchors selection
1 V., V,; « 0,0;// Initialize the triplet and anchor set

diversified triplets selection algorithm. It takes as input a 2 {C1,Cy, ..., Cc} — KmeansClustering(B, k);
mini-batch of line charts B (training data), k for the number of anchors (triplets). First, it clusters the 3 for ‘C,i in {gl’ gz’ - _CI’:(}C“)"
4 o < RandomPick(C;);
B into k clusters and pick one random point from each cluster to form the diversified anchor set V,, s |V, eV, UV}
(BRSSIZES). Next, it iterates each anchor V,, to select a set of diversified positive/negative samples to // 2. Diversified top-k triplets selection
anchor V, (Bili8SIBRIS). In each loop, it first generates a set of candidate positive/negative samples 6 for/‘;a € Vj. jot vy Ly
based on the precomputed pseudo labels, which is straightforward to perform (Line 7). Next, it , VP};: ('_Zzn d?;iafeg::;?eg :ne?:fio:(r;,a;
aims at maximizing the Eq. (10) to select a diversified positive sample and to build the positive s | V,,V, < 0,0;
samples set V, incrementally {IiiSSISIIN This process will be repeated until k positive samples / /hfii"e{;iﬁedlf‘;s‘“"e samples selection
. . . 'l <
are derived. The selection of diversified negative samples is similar, we omit the discussion due to oy 1‘; l(_ larg e PIVLV,):
the space constraint. Finally, it constructs the triplets based on the V, and the selected diversified v GS’?V,} VeV
positive (resp. negative) set V/ (resp. V/) —After iterating all anchors in V, the algorithm " A SR S S
. P . n _ L. . // diversified negative samples selection
generates a set V, of diversified triplets to drive the training of LineNet. 12 | while |V < k do
13 V; « argmax N'(V;,V,) ;
Viev,
14 B V, <V, Uu{V,},V, «V,\{V.}
< L p— oy // Construct diversified triplets
MREEE, BIFREHRIHET R o L v v

16 return V;;
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Algorithm 2: GSS: GREEDYSUBGRAPHSELECTION

Input: An ERG G(V,E,w), k 2 < k < |V|);
Output: Subgraph G(V, E);

1 Bz < 0; Collection of vertex set C < null;

2 for each v in V do m[v] < null ;

3 G(V,E,b) < EstimatedBenefit(G(V, £,w));

4 Sort £ by b in descending order;
5 for each edge (v,v") in £ do

6 if m[v] = m[v'] = null then

7 Add {v,v'} to C; / Case I

8 mlv]  {v,v'}; m[v'] + {v,v'};

9 continue ; (a) ERG with Weight G(V, €, w) (b) ERG with Benefit G(V, £, b) (c) Gy (d) Go

10 | if m[v] =null then .k =4 f

11 | Vf < U; V¢ < v’y // Case 2 Iteration 1 2 3 4 5 6 7

12 else Edge (v,v") | (B,E)| (B,C) | (D,F) (G,H) (A,E) (G, 1) G,))

13 | g < v v < v; // Case 3 _ (B,C,E} | {B,C,E} |{A,B,C,E} {A,B,C,E} | {A,B,C,E}

Collection C |{B, E}/{B,C,E}

14 Add vy into mv]; {D,F} {D,F}{G,H}{D,F}{G,H}{D,F} {G,H,I}/{D, F} {G, H,]I,J}

15 m[vf] « m[vt]; 6 6 6 4] N2 4T D2 41 22 N /5
16 if |m[vt]| = k then Subgraph G % iﬁ ipgi iﬁ)ig 5[ Ts ; DAS 5
17 Get the G'(V', E’) induced by vertices in m[v]; 2l /6 2| /6 2| /6 4

18 B < sum of the benefit of all edges in G'(V', E'); .

19 if B >ulis’,,wgC then ¢ ( ) (e) Iterating Edges Phase

20 G(V,E) + G'(V', E'); Fig. 7. Example of CQG Selection

21 Bma:c — B;

2 for each vertex u in G'(V', E') do m[u] + null;

- e AR
» return G(V, E); S EER uiaﬂﬂfﬁu;, AT 1§18
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8T 4E Related Work

ging on two heterogeneous datasets. Li et al.
(2015) proposed a coupled sequence labeling mo-
del which could directly learn and infer two _he- :
terogeneous annotations. Chao et al. (2015) also b i -
utilize multiple corpora using coupled sequence la-
beling model. These methods adopt the shallow RREZ
classifiers. therefore suffering from the problem of 2

defining shared features.

8 Related Works Our proposed models use deep neural networks,

which can easily share information with hidden

There are many works on exploiting heterogene- shared layers. Chen et al. (2016) also adopted

ous annotation data to improve various NLP tasks. neural network models for exploiting heterogene- FoH 3

Jiang et al. (2009) proposed a stacking-based mo- ous annotations based on neural multi-view model, P

AT dgl which COl}ld traﬁn a model f(?f_ ks specific de- which can be regarded as a simplified version of g H R
ey sired annotation criterion by utilizing knowledge our proposed models by removing private hidden
from corpora with other heterogeneous annotati- layers. A

-T—’VF ons. Sun and Wan (2012) proposed a structure- Unlike the above models, we design three

based stacking model to reduce the approximation sharing-private architectures and keep shared layer

s which makes Use obsruciured fealures such to extract criterion-invariance features by introdu-

I~ % _zZ_ as sub-words. These models are unidirectional aid

ik _ind also suffer from error propagation problem.

Qiu et al. (2013) used multi-tasks learning fra-
mework to improve the performance of POS tag-

cing adversarial training. Moreover, we fully ex-
ploit eight corpora with heterogeneous segmenta-
tion criteria to model the underlying shared infor-
mation.
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HRANAE

- BREBEEFI:
1. Novel Problem: #riolg, LHEEX—1MERBFhCIM
2. Novel Method: f#RIH/Fhio)REBYFT#FB BT E
3. Nice Story: #FHIE{E. I3 ARVESE . Zi5M45E
4. Nice Presentation: HFRREM ., HEIER (BREEMELR HIL/HEHEIR)

* ﬁi‘-h%é;u .

1.  0Ild school problem, with simple combination of existing methods

2. Worse Presentation: writing, figures

3. Experiment: without strong baselines, inappropriate settings
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