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ABSTRACT
Nowadays, various types and large amount of content are
available on the Web. Characterizing the Web content and
predicting its inherent usefulness become important prob-
lems that may benefit many applications such as information
filtering and content recommendation. In this article, we
present a brief review of the existing measurements and the
corresponding prediction methods for Web content utility.
Specially, we focus on three close and widely studied tasks,
i.e., content popularity prediction, content quality predic-
tion, and scientific article impact prediction. While review-
ing the existing work in each of the above three tasks, we
mainly aim to answer the following two fundamental ques-
tions: how to measure the Web content utility, and how to
make the predictions under the measurement. We find that
while the three tasks are closely related, they bear subtle dif-
ferences in terms of prediction urgency, feature extraction,
and algorithm design. After that, we discuss some future
directions in measuring and predicting Web content utility.

1. INTRODUCTION
In recent years, measuring and predicting Web content util-
ity (e.g., popularity, quality, impact, etc.) have attracted
much attention and have potential usefulness in many ap-
plications. For example, by measuring and predicting the
popularity of Web content, we can design more profitable
advertising strategies over the social media; by measuring
and predicting the quality of Web content, we can more eas-
ily identify informative messages from the huge amount of
noisy information; by measuring and predicting the future
impact of research articles, we can better envision the re-
search trends and plan our research roadmaps.

In this article, we briefly review the existing measurements
and the corresponding prediction methods for Web content
utility. Specially, we focus on the following three widely
studied tasks.

• Content popularity prediction. Content popularity pre-
diction is based on the current state of the content,
and the goal is to predict its future popularity after
a relatively long period. Popularity metrics (e.g., the
number of views) are usually available in the social
platforms that host the content. For this task, we sum-
marize the existing methods on general Web content

including text, videos, and images.

• Content quality prediction. The input of content qual-
ity prediction is similar to that of the content popu-
larity prediction. For the output, content quality itself
is a vague concept and different people may have dif-
ferent definitions on it over different social platforms.
Therefore, most existing work either adopts human la-
beling or uses approximate metrics to define quality.
Another difference from content popularity prediction
(which estimates the future popularity) is that con-
tent quality prediction estimates the current quality
of the content. In this article, we mainly summarize
several mainstream content quality prediction prob-
lems including the helpfulness of product reviews, the
credibility of microblog messages, and the quality of
question/answers in question answering sites.

• Scientific article impact prediction. In addition the
above to two general tasks, we review the impact pre-
diction task for a specific type of content, i.e., the sci-
entific articles. Scientific impact is of special interest
to researchers. Similar to content popularity predic-
tion, the impact prediction of scientific articles also
aims to predict the future impact based on the cur-
rent state, although scientific articles usually have a
longer lifecycle than the other types of Web content.

While reviewing the existing work in each of the above three
tasks, we mainly aim at answering two fundamental ques-
tions: how to measure the Web content utility, and how
to make the predictions under the measurement. For the
prediction of Web content utility, we focus on the following
three aspects.

• Prediction time. The first aspect is about when to
make the prediction. Based on the prediction time,
existing work can be divided into three classes, i.e.,
before publication, at publication, and after publica-
tion. Before publication means that the prediction is
made even before the content has been created and
published; at prediction means that the prediction is
made at the moment when the content is published;
after publication means that the prediction is made
after a short period of the publication time.

• Features. Depending on the prediction time, several
types of features/factors may be indicative for the pre-
diction task. For example, when the prediction time
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is before publication, the content creator is the main
factor; when the prediction time is at publication, the
content itself is an indicative factor; when the predic-
tion time is after publication, more context factors may
play important roles.

• Algorithms. The third aspect is about the detailed al-
gorithms used to finish the prediction. Many off-the-
shell data mining algorithms have been used for the
prediction tasks. Additionally, some researchers pro-
pose designed algorithms to better leverage the char-
acteristics of the underlying social platforms.

The rest of this article is organized as follows. Section 2,
Section 3, and Section 4 present the brief review of content
popularity prediction, content quality prediction, and scien-
tific article impact prediction, respectively. Section 5 sum-
marizes the main findings and insights, and discusses some
future directions in measuring and predicting Web content
utility. Section 6 concludes the article.

2. CONTENT POPULARITY PREDICTION
In this section, we briefly review the existing literature for
the popularity measurement and prediction of Web content.

2.1 Content Popularity Measurement
For content popularity, the measurement is relatively agreed.
Most literature uses the view count (i.e., the number of views
by the community users on the content) to measure popu-
larity [74]. Since the view count may exhibit a power-law
distribution in many social platforms, it is usually normal-
ized by existing methods (e.g., [43; 19]). Compared to pre-
dicting view count, some researchers argue that identifying
highly popular content is more meaningful. They find that
a small amount of highly popular content usually dominates
the major popularity views, and thus formulate a classifica-
tion problem to identify such content (e.g., [45; 26]).

In addition to view count, some other metrics such as the
number of votes/comments are also used to measure popu-
larity with the assumption that the view count information
is not always available. In this article, we treat popularity
as view count as it is largely agreed by existing literature,
and leave the discussions about other metrics in Section 3.

2.2 Content Popularity Prediction
Popularity prediction has been studied for many different
types of Web content including videos [26], news [47], mi-
croblogs [39], reviews [79], images [19], codes [84], mobile
apps [96], etc. Based on literature, popularity prediction is
a challenging task due to the following two reasons. First,
many factors are intuitively known to influence content pop-
ularity, and some of these factors are difficult to quantify
(such as the quality of the content, the complex interactions
between users and content, etc.). Second, content popularity
can be affected by many external factors such as a shocking
event in the physical world.

Next, we summarize the existing efforts for content popular-
ity prediction in terms of prediction time, factors/features,
and algorithms.

2.2.1 Prediction Time
For the prediction time, most existing work makes the pre-
diction after a period of the publication time. The basic as-
sumption is that the early popularity is a strong indicator for
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Figure 1: The features for content popularity prediction.

the future popularity. For example, an early practice finds a
strong correlation between the logarithmically transformed
past popularity and current popularity, and proposes to use
the number of views that the Web content receives early af-
ter publication to predict its future popularity [73]. Within
these after publication methods, some of them require fast
predictions as users’ interest may quickly fade (e.g., news),
and some may afford several days to make predictions (e.g.,
videos).

In addition to most existing methods that make the pre-
diction after publication, some methods focus on a harder
problem to predict the popularity at publication time [6].
For example, Khosla et al. [43] use social features (e.g., the
number of friends) and content features both of which are
available at publication time to predict the popularity of
images.

An even harder problem is to predict the popularity before
publication, i.e., when the content is not published yet. This
problem is seldom studied by existing researchers due to the
fact that complex factors (e.g., content features) may affect
the content popularity.

2.2.2 Features
The commonly used features for content popularity predic-
tion are summarized in Fig. 1. Nowadays, Web content is
typically published in social platforms where users can in-
teract with the content and with each other. As shown in
Fig. 1, the popularity of such content can be affected by both
internal features and external features. Here, internal
features indicate those features that can be extracted from
the social platform where the content is published. These
features are based on the interactions between users and
content as well as the interactions between users. As shown
in Fig. 1, we summarize the following four types of internal
features.

• User features. User features indicate the impact of
the content creator. Node-based user features (e.g.,
the account age) are relatively less visited as they are
intuitively less indicative. In contrast, link-based user
features (a.k.a. social features) have been widely ex-
plored [26; 27; 43]. Such features include the number
of friends/followers/subscribers, social influence, etc.

• Content features. Content features are directly ex-
tracted from the content, and they are content-specific.
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For example, language models can be used for text,
representations from deep neural networks can be used
for images [43], and abstract syntax tree features can
be used for codes [84]. Some content features are easy
to extract (e.g., the related tags, the time when the
content is published, the location relevance in the con-
tent [10]), while others need careful design. For exam-
ple, existing research has shown that emotion is one
of the most important drivers for online audience [7;
33]; however, analyzing the emotion in Web content is
a non-trivial task. Other non-trivial content features
include quality, structure, readability, etc.

• Context features. Context features refer to the com-
munity users’ early responses to the content after it is
published. The early popularity is a typical context
feature. In fact, Borghol et al. [9] have studied the
popularity differences among videos that have essen-
tially the same content, and find that the early pop-
ularity is one of the most indicative factor for videos.
Actually, as we will later show in the next subsection,
many existing methods use only this type of features
to predict content popularity. Other used context fea-
tures include the number of views on each monitored
day, the popularity evolution patterns, the number of
comments, the number of favorites, etc.

• Referrer features. Referrer features are related to
the internal recommender systems, the internal search
engine, or the internal social sharing tools of the given
social platform. For example, the popularity can be
dramatically increased if the content is recommended
in the front page [27].

As to external features, they are extracted from outside the
content’s social platform. We divide these features into two
classes.

• Cyber features. Cyber features are from cyber world,
such as the number of incoming links from other social
platforms, the recommendation from general search
engines, etc. Castillo et al. [12] have shown that the
features about a news article on social networks (e.g.,
the number of Facebook shares) are effective in pre-
dicting the popularity of the same article on a news
site.

• Physical features. Physical features are real-world
features with the assumption that the popularity of
some Web content is strongly correlated with real-
world events. However, it is challenging to transfer in-
formation from the physical world to the cyber world.
An existing attempt is by Tsagkias et al. [77] who use
the weather conditions to predict the number of com-
ments for news articles.

For the above features, user features can be extracted be-
fore publication, content features can be extracted at pub-
lication time, and context features and referrer features can
be extracted after publication. For external features (cyber
features and physical features), they could be extracted at
any time point. For example, a news article reporting a hot
event may be popular, and a hot event may also make an
old content popular.

2.2.3 Algorithms
Depending on the target measurements, many off-the-shell
regression (e.g., SVR, linear regression, etc.) and classifi-
cation (e.g., SVM, random forest, etc.) methods have been
used for popularity prediction. Some other algorithms such
as the stochastic process [38; 47], the extremely randomized
ensemble trees [31; 26], and the two-step methods [4; 92] are
also considered by existing literature. Overall, existing al-
gorithms for content popularity prediction are not designed
to fit the underlying social platforms.

2.3 Representatives
Here, we describe some representative popularity prediction
methods.

As a pioneering practice, Szabo and Huberman [73] find a
strong correlation between the logarithmically transformed
past popularity and current popularity, and propose to use
only the popularity value at prediction time as input. Fol-
lowing this work, Pinto et al. [59] find that different videos
(and Web content in general) may have different temporal
patterns in terms of popularity evolution, and they propose
to use the view count in each monitored day before predic-
tion time as features. Further, Ahmed et al. [4] propose to
identify the temporal patterns of popularity evolution, and
use these patterns to predict the future popularity. Spe-
cially, they take a two-step method, where the first step is
to cluster the patterns based on the similarities of features,
and the second step is to model the temporal evolution of
popularity over the clusters. Finally, Yu et al. [92] define
the concept of phase as a continuous time period in which
a video’s popularity has a salient rising or falling trend.
Adding these phase features into the method by Pinto et
al. [59], they achieve further accuracy improvement.

The above four pieces of work use only the context features
(more specifically, the view count from publication time to
prediction time) as input, and they all take a regression set-
ting to predict the future view count of the content. How-
ever, as indicated by Castillo et al. [12], social features and
other context features received in the first ten minutes af-
ter publication can achieve the same performance with the
view count in the first three hours. Therefore, various other
types of features that are useful for fast and accurate pop-
ularity prediction are considered by existing work. For ex-
ample, Figueiredo [26] considers social features and content
features in addition to context features, and formulates a
classification problem to predict different types of popularity
trends. Similarly, Vasconcelos et al. [79] consider social fea-
tures, content features, and context features to predict the
popularity levels1 of micro-reviews (i.e., Foursquare tips);
they formulate both regression and classification problems.

Speaking of social features, existing methods have some in-
teresting findings that reveal their importance. For example,
Khosla et al. [43] use both social features and image content
features to predict the normalized view count. One of their
findings is that popularity is difficult to precisely predict
based on image content alone, and social features have a
great influence on the popularity of images. Their methods
do not use context features and referrer features, and thus
can be used at publication time.

Intuitively, there is a tradeoff between the prediction time

1This work actually predicts the number of likes of
Foursquare tips.
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and prediction accuracy. Recently, Figueiredo et al. [28] ex-
plicitly address this tradeoff, and argue that accurate predic-
tions should be made as early as possible (e.g., before users’
interest has exhausted). They take a two-step method of
trend extraction and trend prediction, and formulate multi-
class classification problem for popularity trend prediction.

2.4 Summary
Content popularity may play important roles in many ap-
plications such as media advertising, content caching, and
traffic management. Therefore, understanding what makes
a piece of content popular and being able to predict its fu-
ture popularity have attracted a lot of research interest in
the past few years. Typically, the view count is used as
the popularity measurement, and the main focus of existing
work is on the feature extraction aspect. Overall, we sum-
marize the existing features into internal features and ex-
ternal features, where internal features are more commonly
used. We further divide internal features into four types, in
which user features, content features, and context features
are mostly used.

Although not covered in this article, many other methods
are related to the popularity prediction of Web content. For
example, Anderson et al. [5] propose to predict the long-
lasting value which is defined as the pageviews of a question-
answer thread in community question answering sites; Roy
et al. [65] use transfer learning from the Twitter domain
to the video domain to detect popularity burst; Cheng et
al. [17; 18] propose to predict the phenomenon of large re-
sharing behaviors in social network services; Cha et al. [15]
find that the presence of multiple versions of the same con-
tent tends to limit the popularity of each individual copy;
Lerman et al. [47] propose to predict which articles will get
on the front page. A more thorough survey on these topics
can be found in [74].

3. CONTENT QUALITY PREDICTION
In this section, we briefly review the existing work on the
measurement and prediction of Web content quality.

3.1 Content Quality Measurement
In general, Web content quality is a vague concept, and it is
related to a wide range of concepts like popularity, readabil-
ity, conciseness, trustworthiness, helpfulness, etc. Addition-
ally, content quality is a subjective concept and it depends
on the factors that can be different among different social
platforms. In other words, quality measurement tends to
differ based on the underlying social platforms. In this ar-
ticle, to address the vagueness issue, we put our focus on
the quality measurements that either are labeled by human
annotators or can reflect the community users’ overall opin-
ions; to address the subjectiveness issue, we summarize the
quality measurements on several typical types of social plat-
forms as follows.

• Collaborative content quality. Collaborative con-
tent is the content that can be collaboratively edited
by the registered users. Wikipedia article is a typical
example. In Wikipedia, the quality of collaborative
content is also collaboratively defined. That is, users
can evaluate an article to several quality levels (e.g.,
Featured Article, A-Class, and B-Class) provided by

Wikipedia, and these quality levels serve as the qual-
ity measurement [20].

• Microblog credibility. Rumors or non-credible mes-
sages may spread over microblogs like Twitter and
Weibo, and evaluating the credibility of microblog mes-
sages becomes an important problem. To this end, hu-
man efforts are usually involved to judge if a microblog
message corresponds to a newsworthy event [13; 14].
The official services for identifying rumors may also be
used [88].

• Question and answer quality. Community ques-
tion answering sites such as Yahoo! Answers and Stack
Overflow contain rich knowledge, and thus have at-
tracted much recent attention. There are several types
of measurements for question/answer quality in these
sites. The first one resorts to human annotators to
manually label the question/answer quality [42; 35;
72]; the second one is the so-called questioner satis-
faction, indicating whether an answer is chosen as the
accepted/best answer by the questioner [53; 82; 66;
76]; the third one is based on the votes on the ques-
tions/answers [63; 89; 90; 85].

• Review/comment helpfulness. Reviews in many
product review sites may contain noisy and misleading
information. Therefore, identifying the helpfulness of
the reviews becomes an important task in these sites.
Similarly, it is also important to identify useful com-
ments in social platforms like YouTube, Flickr, and
Digg. To measure the review/comment helpfulness,
the voting information is usually employed. Typically,
the helpfulness is defined as the number of positive
votes divided by the number of total votes [44; 69; 32;
40].

3.2 Content Quality Prediction
As we can see from the above four typical types of content
quality problems, the quality is mainly reflected by either
the community users’ responses or the manual labeling. In
the former case, it usually needs a relatively long time to
accumulate sufficient user responses to accurately assess the
quality. However, it would be more helpful if we can evaluate
the content quality as soon as it is published. In the latter
case, manual labeling is costly and it cannot scale to large
data sets. Consequently, predicting the content quality as
soon as it is published, and predicting with the input of
a small amount of labeling information become necessary
problems.

3.2.1 Prediction Time
The prediction time of quality prediction usually happens
at the publication time. Methods in this category believe
that many quality factors are inherent in the content itself.
Also, these methods usually use human annotators to la-
bel quality. When the community’s overall response is used
as quality measurement, the prediction is usually made after
publication. This is due to the fact that social platforms that
allow users to evaluate the content quality may also provide
other mechanisms where the content quality can be implic-
itly implied. For after publication methods in this category,
the prediction should be made as soon as possible [90]. Al-
though predicting content quality before publication is also
feasible, seldom researchers consider this setting.
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3.2.2 Features
Basically, the features used for content quality prediction
resemble the features for popularity prediction as shown in
Fig. 1. For example, Kim et al. [44] explore content features
including structural features (e.g., the length of reviews),
lexical features (e.g., unigrams), syntactic features (e.g., per-
centage of verbs and nouns), and semantic features (e.g.,
product feature mentions) for review helpfulness prediction.
Based on these content features, Lu et al. [54] further incor-
porate the features from the reviewers. They exploit user
features like the number of past reviews and social features
like the out-degree of the reviewer in the social network.

In addition to the common features, some platform-specific
features have been considered by existing content quality
prediction methods. For example, when evaluating the qual-
ity of collaborative content, review features which are ex-
tracted from the review history of each article can be con-
sidered [20]. These features (e.g., the number of revisions)
are indicative for the maturity and stability of an article.
Additionally, since collaborative content involves many ci-
tations between each other, features can also be extracted
from the citation network. These two types of features are
actually complementary. That is, a mature article should
be stable; however, it may be stable because no one is in-
terested in it (e.g., in-degree) due to its poor quality. For
microblogs, since there are extensive re-sharing behaviors,
the propagation features about these re-sharing paths can
be considered. Examples include the depth of the re-tweet
tree, or the number of initial tweets of a topic [14]. For
community question answering sites, complex relationships
among questioners, answerers, questions, and answers have
been considered [3]. The features like whether the service is
free [35] and authors’ offline reputation [75] are also consid-
ered.

3.2.3 Algorithms
Similar to popularity prediction, many off-the-shell regres-
sion and classification methods (e.g., SVR [41], SVM [69],
neural networks [46]) are used by existing quality prediction
methods.

Based on the characteristics of the underlying social plat-
forms, some advanced algorithms are designed to finish the
prediction task. For example, to predict microblog message
credibility, Gupta et al. [34] propose to propagate credibil-
ity on a constructed network consisting of events, tweets,
and users. One of their basic assumptions is that credi-
ble users tend to provide credible tweets. Similarly, to pre-
dict the quality of questions/answers, Bian et al. [8] propose
to propagate the labels through user-question-answer graph
with the assumption that reputable users tend to give high-
quality questions/answers. These methods are also designed
to tackle the sparsity problem where only a small number of
messages/questions/answers are labeled. In review helpful-
ness prediction, Lu et al. [54] study two methods for incor-
porating social context into the prediction process: either
as features, or as regularization constraints. The proposed
regularization framework may also be used when a small
amount of data is labeled.

3.3 Representatives
Here, we present some representatives.

Collaborative content quality. Dalip et al. [20] use SVR
to estimate the quality of Wikipedia articles. They use con-

tent features and revision features. The content features
include the length, style, readability, and structure of the
article, and the citations between articles. Take structure
as an example. The basic intuition is that a good article
must be organized clearly, and it should provide necessary
references to additional material. Therefore, features like
section count and reference count are extracted. For revision
features which are extracted from the revision history, they
consider features like the discussion count, the review count,
and the number of revisions in the last three months. The
quality measurement is based on users’ ratings, and user rat-
ings are based on the quality criteria defined by Wikipedia
which considers completeness, neutral point-of-view, good
organization, factual accuracy, and provision of references
to relevant sources of information.

Microblog credibility. Castillo et al. [13; 14] propose to
assess the credibility of tweets. They first find some tweets
that are about current hot topics, and then classify them
as credible or non-credible by a group of human annotators.
Next, they formulate a classification problem by considering
a set of features. The considered features include content
features (e.g., twitter-independent features like the length
of a message and the number of positive/negative sentiment
words, and Twitter-dependent features like if the tweet con-
tains a hashtag and if the message is a re-tweet), user fea-
tures (e.g., the accout age, the number of followers, and the
number of followees), as well as propagation features as we
previously mentioned. They show that the way microblog
messages propagate (i.e., propagation features) is indicative
for message credibility.

Question and answer quality. Jeon et al. [42] propose
to use non-textual features to predict answer quality and
incorporate it to improve retrieval performance. The used
features include answerer’s acceptance ratio, answerer’s ac-
tivity level, and answerer’s category specialty. Kernel den-
sity estimation and the maximum entropy approach are used
to handle different types of features, and a stochastic pro-
cess is built to make the prediction. The quality labels are
annotated by humans.

Agichtein et al. [3] propose to predict the quality of both
questions and answers. They use some common features in-
cluding content features and user features. They also extract
several platform-specific features from the user-question-answer
graph. Example platform-specific features include the aver-
age number of answers with references (URLs) given by the
asker of the current question, the average number of positive
votes received by answers written by the asker of the current
question, etc. Finally, they lable the quality of questions and
answers by human annotators, and use stochastic gradient
boosted trees [29] to classify high-quality questions/answers.

Review/Comment helpfulness. Ghose and Ipeirotis [32]
use content features and user features to predict the review
helpfulness. The content features include subjectivity as-
pects and readability aspects. They find that reviews that
have a mixture of objective and subjective sentences are
rated more helpful. The user features consider the users’
performance in previous reviews. They first use positive
votes and negative votes to define quality, and then formu-
late a classification problem by choosing a threshold based
on two human annotators. They adopt the random forest-
based classifiers.

As to comment quality/helpfulness, Momeni et al. [56] pro-
pose to classify useful comments on YouTube and Flickr
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with logistic regression and Naive Bayes. They use content
features and user features. User features describe the users’
posting and social behaviors (e.g., the size of the user’s net-
work). Content features include syntactic, semantic, and
topical features. By human labeling, they show that se-
mantic and topical features are very important for accurate
classification for both Flickr and YouTube.

3.4 Summary
Measuring and predicting the content quality can help to
identify some valuable information from the large amount
of content in social platforms. In this review, we mainly
focus on four types of quality measurement and prediction
settings, i.e., the quality of collaborative articles, the cred-
ibility of microblog messages, the quality of questions and
answers, and the helpfulness of reviews and comments. Dif-
ferent from popularity prediction in the previous section,
content quality is a vague concept and many existing meth-
ods use human annotators to label the quality. However,
human labeling is costly and not scalable. Therefore, com-
munity users’ responses are also widely used as quality. As
to the prediction, some platform-specific features and algo-
rithms are designed by existing methods.

In this section, we only summarize some typical and main-
stream social platforms. Within the covered social plat-
forms, other types of measurements that are related to con-
tent quality have also been studied. In community question
answering sites, examples include the usefulness of questions
(i.e., the possibility that a question would be repeated by
other people) [71], the arrival speed of the best answer [48],
whether a question will be answered [25], site searcher sat-
isfaction (i.e., whether or not the answer satisfies the infor-
mation searcher) [52], and the subjectiveness of questions
and answers [49; 95].

4. SCIENTIFIC IMPACT PREDICTION
In this section, we put our focus on the measurement and
prediction of the impact of scientific articles.

4.1 Impact Measurement for Scientific Arti
cles

Typically, the impact of a research article is closely related
to the citations of this article, and the study of research
article citations can date back to the 1960s and 1970s [21;
60]. Recently, it attracts attention after the citation count
prediction competition in KDD Cup 2003 [30].

In literature, there are several ways to measure the impact
of scientific articles, which are summarized as follows.

The first measurement is the number of articles that cite
the given article (i.e., citation count). Citation count is a
most straightforward measurement for article impact, and
it is adopted by most existing work (e.g., [86; 81; 16; 70]).
However, as noticed by several researchers, citation count
has several disadvantages. For example, it tends to favor
those aging articles, and it may be quite different in different
fields [57].

The second measurement neglects the actual number of ci-
tations, but focuses on whether the citation count of a given
scientific article is above the average (or above a certain per-
centile). For example, Newman [58; 57] proposes to predict
highly cited articles, and argues that pure citation count
may not be a good indicator for article impact because it is
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Figure 2: The features for scientific article impact predic-
tion.

highly related to publication dates. Compared to citation
count which can be viewed as a regression problem, this
measurement can be viewed as a classification problem.

In addition to the above two measurements, Dong et al.
recently propose to measure the impact of an article based
on whether this article will increase its authors’ h-indices
in the future [22; 23]. This measurement can be seen as a
personalized article impact as it depends on the authors of
the article.

In addition to the above measurements in literature, other
measurements for article impact may also be further studied.
For example, we can consider the downloads of an article,
and ratio between the citations and the downloads, the ci-
tation differences among different fields, etc.

4.2 Impact Prediction for Scientific Articles
Next, we discuss the prediction time, features, and algo-
rithms for scientific article impact prediction.

4.2.1 Prediction Time
Most existing work makes the prediction after publication
time. For scientific articles, predicting their impact is not as
urgent as the popularity/quality prediction of Web content,
as scientific articles have a longer lifecycle than the general
content on social media. For example, Wang et al. [81] make
the citation prediction for an article five or even ten years
after publication.

Next, since the research community is more stable and con-
trolled, the research impact is more predictable than the
content popularity. For example, some existing methods find
that accurate predictions can be made when the prediction
time is at publication or even before publication (e.g. [87;
86]).

4.2.2 Features
The features for article impact prediction are summarized in
Fig. 2. First, the features are extracted from the heteroge-
neous network among authors, articles, and venues. In this
heterogeneous network, authors write articles, articles are
published on venues, and articles can cite each other. Al-
though not explicitly drawn in the figure, authors are also
related to authors (by collaboration or citation) and venues
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(by publishing on the venues).

Rich features can be extracted from the heterogeneous net-
work. We divide these features into node-based features and
link-based features. Authors, articles, and venues all have
some attributes from which node-based features can be ex-
tracted. For example, we can extract the total number of
citations of authors, the topics of articles, and the h-indices
of venues. For link-based features, we can apply PageRank-
like algorithms on the network to achieve the authority of
authors, centrality of venues, etc.

Based on the two types of node-based and link-based fea-
tures, we further divide these features into four classes, i.e.,
author features, venue features, content features, and cita-
tion features.

• Author features. Author features reflect how well
the authors have performed before the publication of
the current article. Intuitively, these features may in-
dicate the future performance of the authors. Typical
example features include author productivity (e.g., the
number of authors’ previous publications), author in-
fluence (e.g., the number of authors’ citations/h-indices),
author sociality (e.g., the number of co-authors), au-
thor authority (e.g., PageRank value on author-author
citation network), and authors diversity (e.g., the re-
search fields that the author publishes).

• Venue features. Venue features indicate the impact
of venues. High-impact venues may attract much at-
tention from related scholars, and thus have a better
chance to be cited. Similar to author features, venue
features can be extracted before publication. Typical
example features include venue influence (e.g., its h-
index and citations), venue centrality (e.g., the PageR-
ank value on venue-venue citation network), and venue
diversity (e.g., the diversity of its articles).

• Content features. Intuitively, the content of the sci-
entific article is a major factor that can affect its im-
pact. To extract content features, topic modeling is
widely used in existing literature. Typical content fea-
tures include content novelty (e.g., the similarity be-
tween the article and its references), content diversity
(e.g., the topical breadth of the article), and content
popularity (e.g., the popularity of content topic).

• Citation features. Finally, when the prediction time
can be lagged after publication, citation features may
be very indicative for the impact prediction of scien-
tific articles. The intuition behind is the richer-get-
richer phenomenon. Here, the citation features are
extracted based on the citations in a time window af-
ter publication. In fact, several researchers propose to
predict the future citations of an article by fitting a
function on the citations during the time window [81;
67]. Other citation features such as the total citations
in the time window and the number of countries citing
the current article in the time window have also been
considered [93].

In addition to the above four classes of features, some re-
searchers claim that they have considered the temporal fea-
tures [87; 86]. Basically, these temporal features are applied
on a recent short-term publication data, and the extracted
features can also be categorized into the above four classes.

4.2.3 Algorithms
Based on the extracted features and the prediction target
(i.e., impact measurement), the next component is the al-
gorithm used to finish the prediction. Depending on the
impact measurement, regression task and classification task
can be formulated. For the regression task, methods such
as linear regression, Gaussian Process regression [62], and
SVR have been considered by existing literature. For the
classification task, existing methods have considered logistic
regression, decision trees, random forest, SVM, etc.

Unlike content quality prediction where platform-specific al-
gorithms are designed, the characteristics of the underlying
author-article-venue network is relatively ignored in terms of
the algorithm level. We will discuss this more in Section 5.

4.3 Representatives
Here, we describe some representative methods for scientific
impact prediction.

As an early practice, Castillo et al. [11] propose to extract
both node-based and link-based author features as well as
the number of citations after publication to predict the fu-
ture citations. They state that their prediction can be done
both before and after publication depending on whether to
include the citation features. They formulate both regres-
sion and classification (top 10% cited articles as successful
articles) problems, and use linear regression and C4.5 deci-
sion trees for them, respectively.

Although Castillo et al. [11] have considered a wide range
of aspects, the extracted features are relatively simple. Yan
et al. [87; 86] create a short-term data and extract con-
tent features, author features, and venue features from this
short-term data as well as the full data. Since they do not
use citation features, their prediction time is at publication
or even before publication (if the content features are not
used). As for prediction algorithm, they formulate a re-
gression problem, and use both CART (classification and
regression tree) and Gaussian Process regression to predict
the citations after five and ten years.

The citation features are also widely used. For example,
Chakraborty et al. [16] add first-year citation as features,
and consider content features, author features, and venue
features. The vary the time when the ground truth value
of impact is computed, and observe the evolution of feature
importance. One of their findings is that content features
seem to have less significance in the initial few years, and be-
come more effective in the later years. This result indicates
that, to some extent, a high-quality article would eventu-
ally gain high impact irrespective of the reputation of the
authors and the publication venue. Following Chakraborty
et al. [16], Singh et al. [70] consider more citation features
such as the number of times an article is cited within the
same article and the number of words within the citation
context. Both Chakraborty et al. [16] and Singh et al. [70]
adopt a two-step regression formulation. That is, they first
use SVM to divide articles into several predefined categories
(based on citation patterns) and then use SVR to predict
citations.

Taking only the citation information after publication as in-
put is also studied. For example, Wang et al. [81] and Shen
et al. [67] propose to mine the citation patterns of each ar-
ticle to predict its future citations. To fit the pattern func-
tion, these methods consider three factors, i.e., preferential

SIGKDD Explorations Volume 19, Issue 2 Page 7



attachment (highly-cited articles are more visible and are
more likely to be cited again), aging (article’s novelty fades),
and fitness (the inherent competitiveness against other arit-
icles).

Recently, Dong et al. [22; 23] propose to infer whether a
given article will increase its authors’ h-indices in the future.
They use content features, author features, and venue fea-
tures, and the prediction time is at publication. In content
features, they further extract some reference features such
as the average citations of the reference articles in the cur-
rent article. They find that authors’ authority on the topic
and the publication venue are key factors for citations.

4.4 Summary
Measuring and predicting the impact of scientific articles
have gained attention in recent years. Overall, we find three
types of measurements for scientific article impact, and cat-
egorize four types of features for two types of tasks. A key
difference from general content popularity/quality predic-
tion is that article’s scientific impact is more predictable
and it can be accurately predicted at or even before pub-
lication. There are some interesting findings from existing
literature. For example, authors’ authority and publication
venue are found to be the key factors for citations, while
content features become more effective as time goes by.

In addition to scientific articles, some researchers propose
to measure and predict the impact of research scholars [2;
24]. For example, h-index is proposed to measure both the
productivity and impact of a research scholar [37]; later,
the differences of disciplines and years are incorporated into
h-index [61]; finally, the number of top-venue publications
and the citations of big-hit publications are also used [24].
Some other researchers propose to measure the quality of
conference/journal venues based on the overall citations of
the venue [55] or the program committee characteristics [97].
Other related directions include recommending research ar-
ticles for potential readers [80], recommending previous ar-
ticles for citation [64], predicting citation relationships [94],
ranking existing research articles [83], summarizing the re-
search articles from multiple scholars viewpoints [1], min-
ing the citation patterns for different articles [68], revealing
the relationships between impact and combination of prior
work [78], etc.

5. DISCUSSIONS AND FUTURE DIRECTIONS
In this section, we discuss some insights and present some
future directions.

Prediction time v.s. prediction accuracy. Intuitively,
there is a tradeoff between prediction time and prediction
accuracy. An illustrative example is shown in Fig. 3. Time
T1 in the figure means before publication. The accuracy is
relatively low as only a small set of features are available
before publication. Time T2 means at publication. At pub-
lication time, some useful features may be extracted from
the published content. The curve means accuracy trend af-
ter publication. Intuitively, the prediction accuracy at time
T4 would be higher than that at time T3, as more infor-
mation is available. However, in many prediction tasks, the
prediction should be made as early as possible, resulting a
tradeoff between prediction accuracy and prediction time.

Based on our review of existing literature, seldom work has
explicitly addressed this tradeoff. There are two reasons.

T1 T2 T3

Accuracy

Prediction time

T4

Figure 3: Prediction time v.s. prediction accuracy.

First, it is difficult to determine the time when the users’ in-
terest is exhausted. Second, experimenting over many time
points would be costly. A possible future direction would be
determining a suitable prediction time for different tasks.
Take popularity prediction as an example. We may find the
time when at least a certain (significant) amount of attention
or a certain percentage of attention has not been received,
especially for those highly popular content.

Learn from each other. The reviewed three tasks (i.e.,
content popularity prediction, content quality prediction,
and scientific article impact prediction) bear some subtle
differences, and they can borrow experiences and ideas from
each other.

First, referrer features and external features have been con-
sidered by popularity prediction. Such features can also be
used for the other prediction tasks. Take the impact pre-
diction of scientific articles as an example. Whether the
article is freely available on the Web and whether the au-
thors have released their codes may also be helpful for the
impact prediction. Second, some platform-specific features
and algorithms are designed for content quality prediction.
These ideas may also work for the other two tasks. Third,
in scientific article impact prediction, the importance of fea-
tures over time has been studied. Based on this study, some
interesting findings have been observed. Similar study can
be applied on the other tasks.

New measurements. For scientific impact, new measure-
ments can be defined. The first direction is to make use
of the popularity information. As mentioned above, we
can consider the ratio between the number of citations and
the number of downloads. The second direction is to add
weights on the citation articles (i.e., the articles that cite
the given article). Instead of pure citation count, we may
define impact as weighted sum/average of the citation arti-
cles where the weight is based on the impact of the citation
article itself. The intuition behind is that a citation from
a high-impact article is more meaningful than that from a
low-impact article. The third direction is to consider path-
way measurements [51]. That is, instead of predicting the
citation count at a given future time point, we can predict
the citation numbers over several years. Such prediction is
capable of visioning the impact trends of articles.

New algorithms. In the algorithm aspect, many exist-
ing methods apply off-the-shell machine learning algorithms
to make the predictions. Here, some advanced algorithms
that take the characteristics of the underlying social plat-
forms into account can be designed. Existing examples in-
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clude Agichtein et al. [3] who construct user-question-answer
graph for the question/answer quality prediction task. How-
ever, their goal is to facilitate the label sparsity problem.
More general methods for improving the prediction accu-
racy when we have enough labels are still needed. Recently,
some efforts have been made towards this direction. For
example, in question answering sites, the question-answer
correlation has been considered to improve prediction accu-
racy [91]; in scientific research filed, the differences between
different research domains have been considered [50].

Another future direction is to view the problem as a pre-
diction problem on a data stream. Web content can be
generated in a rapid speed. Therefore, a future direction
is to design online algorithms that can efficiently make the
predictions.

Additionally, some authors argue that the relative ranking
rather than the actual value is more important [36]. How-
ever, they still use actual value as the prediction target.
Here, pair-wised prediction target such as the learning to
rank methods can be considered.

Beyond Web content. In this article, we focus on the
measurement and prediction of Web content utility, where
we define Web content as any individual item (in the form
of text, image, or video) available on a web site in which
a certain level of interest can be reflects by the community
users. In addition to measuring and predicting on an indi-
vidual item, we may also consider to predict the popularity
or the research impact of a certain topic. Considering the
fact the advertising usually choose a set of nodes, predict-
ing the popularity of a given set of content nodes is also
potentially useful.

6. CONCLUSIONS
In this article, we have reviewed the existing literature for
the measurement and prediction of Web content. Specially,
we focus on three tasks, i.e., content popularity prediction,
content quality prediction, and scientific article impact pre-
diction. We analyze the measurement definition, the pre-
diction time, the extracted features, and the employed al-
gorithms for each task. Finally, we identify the connections
and differences between these three tasks, and discuss some
future possible directions.
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ABSTRACT 

For user-friendliness, many software systems offer progress 
indicators for long-duration tasks. A typical progress indicator 
continuously estimates the remaining task execution time as well 
as the portion of the task that has been finished. Building a 
machine learning model often takes a long time, but no existing 
machine learning software supplies a non-trivial progress 
indicator. Similarly, running a data mining algorithm often takes a 
long time, but no existing data mining software provides a non-
trivial progress indicator. In this article, we consider the problem 
of offering progress indicators for machine learning model 
building and data mining algorithm execution. We discuss the 
goals and challenges intrinsic to this problem. Then we describe 
an initial framework for implementing such progress indicators 
and two advanced, potential uses of them, with the goal of 
inspiring future research on this topic. 
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1. INTRODUCTION 

 

 
Figure 1. A determinate progress indicator for file 

downloading. 
 
Progress indicators (see Fig. 1) are desired for long-duration 

tasks and widely used in software systems [49]. There are two 
types of progress indicators: indeterminate and determinate [5]. 
An indeterminate progress indicator like looped animation shows 
that the task is running, but gives no hint on when the task will 
finish. In contrast, a determinate progress indicator continuously 
estimates the remaining task execution time and/or the portion of 
the task that has been finished. This helps users better use their 
time. Frequently, even a rough estimate of the remaining task 
execution time can benefit users [8]. In human-computer 
interaction, a standard rule of thumb is that each task taking more 
than 10 seconds needs a determinate progress indicator [50, 
Chapter 5.5]. Also ideally, each task taking between two to 10 

seconds should have an indeterminate progress indicator [5]. So 
far, sophisticated, determinate progress indicators have been 
designed for automatic machine learning model selection [41, 46] 
and built for database queries [11, 37, 43-45], program 
compilation [42], static program analysis [38], subgraph queries 
[77], and MapReduce jobs [47, 48]. Besides making the software 
more user friendly, determinate progress indicators can also help 
with workload management [42, 45, 59]. In the rest of the paper, 
we focus on determinate progress indicators, unless indicated 
otherwise. 

 

1.1 Determinate progress indicators are 
needed for machine learning model building 

As evidenced by multiple user requests, determinate progress 
indicators are desired for machine learning model building [1, 35] 
that typically takes a long time. On a modern computer, two days 
are needed to train the Practice Fusion diabetes classification 
competition’s champion model [58] on 9,948 patients with 133 
features. The average model building time is often several orders 
of magnitude longer than 10 seconds. It is unlikely to drop 
significantly in the foreseeable near future, although computers 
keep becoming faster. In fact, in many applications, model 
building time is increasing for two reasons. First, to obtain higher 
model accuracy, people keep developing more and more complex 
models such as deep neural networks with many hidden layers and 
ensembles of many base models. Model building time tends to 
grow with model complexity. Second, in the big data era, large 
data sets are commonly seen. Model building time often grows 
superlinearly with the training set size. 

To reduce the entry bar to using machine learning, computer 
scientists and statisticians have developed multiple open source 
software tools integrating many machine learning algorithms. 
These tools include Weka [75], scikit-learn [55], RapidMiner, R, 
and KNIME [32]. With these tools in hand, more and more 
domain experts like healthcare researchers with limited machine 
learning knowledge start to build machine learning models by 
themselves. This reflects the industry trend of citizen data 
scientists, where an organization equips its talent with tools to 
perform deep analytics [26]. Frequently, these lay users 
significantly underestimate the time needed for building a model. 
If no determinate progress indicator is offered during the long 
period when a model is being built, they could mistakenly think 
that the tool has stopped working and become frustrated and/or 
discouraged from using it again. Just providing an indeterminate 
progress indicator like the one in Weka is insufficient for solving 
this problem. 

SIGKDD Explorations Volume 19, Issue 2 Page 13



 

 

In areas like healthcare, model generalization needs to be done 
frequently. It is a major reason causing domain experts with 
limited machine learning knowledge to build machine learning 
models by themselves, often for the first time in their life. In 
model generalization, a previously developed model needs to be 
rebuilt on a new data set (e.g., from a different healthcare system), 
possibly with new features. Frequently, the model rebuilding cost 
differs considerably from the original model building cost, as the 
data set’s content affects model building cost. In this case, the 
user may know the original model building time, if it was reported 
by the people who developed the original model. But, this 
knowledge provides limited help for mitigating the problem 
mentioned above. 

The situation becomes worse when lay users try to select 
machine learning algorithms and hyper-parameter values via 
multiple iterations, rather than using the default ones provided by 
a machine learning software tool. Many algorithms exist. Each 
algorithm has one or more hyper-parameters that a tool user needs 
to manually set before building a machine learning model. An 
example hyper-parameter is the number of hidden layers in a deep 
neural network. Different combinations of algorithms and hyper-
parameter values often impact model accuracy by 40% or more 
[71] and model building cost by several orders of magnitude [80]. 
According to the “no free lunch” theorem [76], no single 
combination performs well on model accuracy for every modeling 
problem. Instead, the good choice of the combination varies by 
the specific modeling problem. To find a combination that can 
produce good model accuracy, a tool user typically needs to try 
many combinations and build one model per combination. A lay 
user often conducts this trial via random search, which is effective 
for selecting algorithms and hyper-parameter values [7]. Yet, if no 
determinate progress indicator is provided to give some hint on 
model building time, a lay user could be puzzled when 
experiencing vastly varying model building time across different 
combinations. This could cause the user to have low confidence in 
the tool and be unwilling to use it again. 

Besides being useful for lay users, progress indicators for 
machine learning model building are also useful for computing 
experts. Progress indicators can help users better plan their time. 
In addition, progress indicators have other advanced, potential 
uses, such as load management and automatic administration 
described in Section 5. 

 

1.2 No current machine learning software 
supplies a non-trivial progress indicator 

Despite the need for determinate progress indicators for 
machine learning model building, to the best of our knowledge, no 
existing machine learning software supplies a non-trivial progress 
indicator and no technique has been published for supporting it. 
Similarly, running a data mining algorithm frequently takes a long 
time. But, no existing data mining software provides a non-trivial 
progress indicator and no technique has been published for 
supporting it, although it is desired. 

For certain machine learning algorithms, some software offers 
trivial progress indicators for model building, e.g., by showing the 
number of decision trees that have been built in a random forest 
[62], the number of training epochs completed for a neural 
network [35], or the objective function’s value reached [1] over 
time. Although such progress indicators are better than nothing, 
they cover limited algorithms and are too coarse for many 
purposes. During model training, the number of rounds needed for 

going through the training set is frequently unknown beforehand, 
and each round can take a long time. 

Another way to offer a trivial progress indicator is to use an 
existing method to predict a machine learning model’s building 
time before model building starts [15, 59-61, 63, 68]. If the model 
building task is predicted to take t seconds and has run for t 
seconds, the remaining time is projected to be t-t seconds. 
Although better than nothing, such a trivial progress indicator 
tends to be rather inaccurate for two reasons. First, the predicted 
model building time is usually inaccurate. Second, the computer 
load may vary greatly due to other concurrently running tasks. 
Even if accurate on an unloaded computer, the predicted time may 
differ considerably from the actual model building time on a 
loaded computer. 
 

1.3 Our contributions 
In this paper, we consider the problem of offering non-trivial, 

determinate progress indicators for machine learning model 
building and data mining algorithm execution. We present the 
challenges intrinsic to this problem, an initial framework for 
implementing such progress indicators, two advanced, potential 
uses of them, and an initial framework for implementing their use. 
We hope this paper will stimulate future research on this topic. 

The rest of the paper is organized as follows. Section 2 
discusses related work. Section 3 mentions the goals of progress 
indicators for machine learning model building and data mining 
algorithm execution. Section 4 presents an initial framework for 
implementing such progress indicators. Section 5 describes two 
advanced, potential uses of them and an initial framework for 
implementing their use. We conclude in Section 6. 
 

2. RELATED WORK 
Progress indicators 

The human-computer interaction community has done much 
work on progress indicators [5, 8, 49, 50]. As mentioned in the 
introduction, sophisticated progress indicators have been designed 
or built for several types of tasks [11, 37, 38, 41-45, 47, 48, 77]. 
Yet, none of the work has addressed machine learning model 
building or data mining algorithm execution. Since different types 
of tasks have differing properties, the techniques developed in 
prior work [11, 38, 41-45, 47, 48, 77] cannot be used directly for 
machine learning model building or data mining algorithm 
execution. 
 
Predicting job runtime 

Researchers have done much work on predicting machine 
learning model building time [15, 59-61, 63, 68] and the runtime 
of a computer program [20, 25, 29, 65, 74], an iterative algorithm 
on graph data [57], and an algorithm for solving a combinatorial 
optimization problem [30]. The predicted model building time is 
often inaccurate and may differ considerably from the actual 
model building time on a loaded computer. Continuous 
refinement of predicted model building time is unavailable, but is 
required by progress indicators. Also, compared to general 
program execution, machine learning model building and data 
mining algorithm execution have their own characteristics, and 
hence more accurate cost models can be built for them. This will 
boost the precision of the progress indicator’s estimates. 

Researchers have developed techniques for predicting the 
runtime of a database query [22] and a program [39, 64, 66, 67] 
on a loaded computer cluster in a high-performance computing 
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Progress Indicator

 Support vector machine 

Elapsed time  16 min 7 sec 
Estimated time left  43 min 50 sec (25% done) 
Estimated cost  361,187 U 
Model building speed  103 U/sec Cancel

center-like environment. These techniques, such as making 
prediction based on the user id, cannot well handle machine 
learning model building and data mining algorithm execution. The 
load on such a computer cluster has different characteristics from 
that in a typical environment (e.g., on a computer in the user’s 
office), where a machine learning model is built or data mining 
algorithm is executed. Also, these techniques usually ignore 
hyper-parameters, whose values can greatly impact machine 
learning model accuracy and building cost [63, 75], as well as 
data mining results and algorithm execution cost. Like the case 
with machine learning, many data mining algorithms have hyper-
parameters. Two example hyper-parameters for association rule 
mining are the minimum thresholds on support and confidence. 
For the same reason as hyper-parameters, the advanced, potential 
uses of progress indicators for machine learning model building 
and data mining algorithm execution are more involved and 
require more complex supporting techniques than those of 
progress indicators for database queries [45]. 
 
Complexity analysis 

For building a machine learning model or running a data 
mining algorithm, much work has been done on providing the 
time complexity and theoretical bounds on the number of rounds 
needed for going through the training/data set [2, 70]. This 
information is insufficient for offering progress indicators and 
gives no estimate of model building or algorithm execution time 
on a loaded computer. Time complexity often excludes lower 
order terms and coefficients, which are needed for estimating 
model building or algorithm execution cost. The number of 
rounds needed depends on data properties. The theoretical bounds 
on it ignore data properties and are usually loose [54]. To support 
progress indicators, the estimated number of rounds needs to be 
periodically refined as model building or algorithm execution 
progresses. 
 
Providing job runtime guarantee 

In Section 5, we use progress indicators to facilitate automatic 
administration so that a machine learning model building or data 
mining algorithm execution job is likely to finish by a user-
specified deadline. Real-time systems provide runtime guarantees 
for short jobs that usually finish within sub-seconds [34]. The 
techniques used there do not apply to model building and 
algorithm execution jobs, which take much longer to run. 

Hu et al. [27] developed an approach that returns partial or 
approximate query results to provide runtime guarantees for 
database queries. Unlike our automatic administration approach in 
Section 5, that approach makes no attempt to adjust computing 
resources allocated to the query to meet the deadline. 

In a cloud computing environment, many techniques have been 
developed for providing runtime guarantees for database queries 
[12, 52, 53, 78] and MapReduce-like jobs [14, 16, 21, 24, 31, 56, 
72, 73], e.g., by estimating the number of computers that need to 
be allocated to a query/job for it to be likely to finish by a user-
specified deadline. For the query/job, these techniques typically 
require using statistics collected from either its prior executions or 
first running it on many sample instances of the input data, do not 
continuously refine its estimated execution cost, and are not 
specifically designed and suitable for machine learning model 
building and data mining algorithm execution. In particular, none 
of these techniques considers changing the machine learning or 
data mining algorithm’s hyper-parameter values to meet the 
deadline. Frequently, a model building or algorithm execution job 

is run for the first time, with no statistics available from its prior 
executions [72]. Running the job on many sample instances of the 
input data takes much time, causing an undesirable, long delay 
before any arrangement for job execution (e.g., on resource 
allocation) can be suggested. The initially estimated model 
building or algorithm execution cost is usually inaccurate and may 
differ considerably from the actual one. Properly changing hyper-
parameter values often greatly reduces model building cost 
without much degradation of model accuracy. Sometimes, 
properly changing hyper-parameter values both reduces model 
building cost and boosts model accuracy. Given a fixed amount of 
computing resources, a model building job may not finish by the 
deadline even if all resources are given to the job. In this case, 
reallocating resources cannot help meet the deadline, but changing 
hyper-parameter values often can. Our automatic administration 
approach in Section 5 is specifically designed for machine 
learning model building and data mining algorithm execution jobs, 
requires no statistics from prior executions of the job, can suggest 
arrangements for job execution immediately after the job starts 
running, continuously refines the estimated job execution cost, 
and considers changing hyper-parameter values to meet the 
deadline. 
 
Minimizing machine learning model building time 

On a computer cluster, Huang et al. [28] developed an approach 
to find a near-optimal memory configuration to finish building a 
machine learning model as soon as possible. The approach offers 
no guarantee on model building time. 

 

3. PROGRESS INDICATORS’ GOALS 
In this section, we discuss the goals of progress indicators for 

machine learning model building. The case with data mining 
algorithm execution is similar. Fig. 2 provides an example of the 
kind of progress indicator desired for model building. The 
interface is continuously updated. It displays the elapsed time, 
estimated remaining model building time, estimated percentage of 
the model building task that has been done, estimated model 
building cost, and current model building speed. Both the 
estimated model building cost and current model building speed 
are quantified by U. U is an abstract quantity depicting one unit of 
work and defined in Section 4. 
 
 
 
 
 
 
 
 
 
 

Figure 2. A progress indicator for machine learning model 
building. 

 
An ideal progress indicator should fulfill the following four 

goals [42, 43]: 
(1) Continuously revised estimates: At any moment, for any 

information displayed to users, the progress indicator should 
provide an estimate based on all information available about 
the computer and model building task at that moment. The 
estimate should be continuously revised based on more 
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accurate information about the task and changes in model 
building speed. 

(2) Acceptable pacing: The progress indicator’s update rate 
should be sufficiently high for users to see a smooth display, 
but not be too high to overburden the user interface or users. 

(3) Minimal overhead: The progress indicator should have little 
impact on model building efficiency. 

(4) Maximal functionality: Many machine learning algorithms 
exist, each with one or more hyper-parameters. The progress 
indicator should support many algorithms and give useful 
information for each hyper-parameter value combination of a 
supported algorithm. 

 

4. A FRAMEWORK FOR IMPLEMENTING 
PROGRESS INDICATORS 

In this section, we present an initial framework for 
implementing progress indicators for machine learning model 
building and data mining algorithm execution. Our key idea is as 
follows. During machine learning model building, we collect 
various statistics like the number of data instances and number of 
model building iterations that have been processed. As a model is 
being built, more accurate information of the model building task 
becomes available. We use this information to continuously revise 
the estimated model building cost. We keep monitoring the model 
building speed defined as the number of Us processed per second. 
At any moment, the remaining model building time is estimated 
as the estimated remaining model building cost divided by the 
observed current model building speed. Periodically, the progress 
indicator displays to users the latest estimates. The case with data 
mining algorithm execution is similar. 

Section 4.1 discusses how to select the work unit U and convert 
it to time. Section 4.2 describes how to initially estimate the costs 
of building a machine learning model and running a data mining 
algorithm, and continuously refine the estimates. Section 4.3 
presents how to monitor machine learning model building and 
data mining algorithm execution speeds. Section 4.4 discusses 
how to handle distributed and parallel computing. 
 

4.1 Selecting U and converting to time 
The following discussion focuses on machine learning model 

building. The case with data mining algorithm execution is 
similar. As described in Section 3, both the estimated model 
building cost and current model building speed are quantified by 
the abstract unit U. Each U depicts one unit of work. We 
intentionally make the statement vague and general, as several 
viable ways exist for defining U. The main requirements on the 
definition are: (1) we can estimate how many Us it will take to 
build the model, and (2) we can go from Us to estimated time, 
about which users tend to care most. CPU (central processing 
unit) cycles, I/Os (inputs/outputs), and a weighted combination of 
them are all potential candidates for U. 

Similar to the approach Luo et al. [43] used and for simplicity, 
we set U to be one data instance when data are in the form of a set 
of data instances. As a rough proxy for CPU cycles and I/Os, this 
is easy to measure. The cost of building a machine learning model 
is the total number of data instances that need to be processed 
counting repeated processing. For instance, if we need to go 
through the training set r rounds to build the model, each training 
instance is counted r times. When data are in the form of 
sequences of observations, such as in the case of a hidden Markov 
model, we set U to be one observation. The cost of building a 

model is the total number of observations that need to be 
processed counting repeated processing. How to refine U’s 
definition to improve the estimates without incurring excessive 
overhead is an interesting area for future work. 

Before model building starts, we compute an initial estimate of 
the model building cost. Before offering its first estimate of the 
remaining model building time, the progress indicator watches for 
some time to see how quickly Us are processed. As model 
building progresses, the conversion factor from U to time will 
change based on the observed current model building speed. 
 

4.2 Initially estimating the costs of building a 
machine learning model and running a data 
mining algorithm, and continuously refining 
the estimates 

Many machine learning and data mining algorithms exist. Often, 
multiple implementation methods exist for an algorithm [2, 75]. 
This paper’s goal is not to cover all algorithms and 
implementation methods. Instead, our goal is to provide a 
framework and illustrate at a high level that it is feasible to 
support progress indicators for machine learning model building 
and data mining algorithm execution. In this section, we select 
several commonly used algorithms. For each algorithm, we 
choose one typical implementation method described in Alpaydin 
et al. [2, 4] and present the high-level idea of how to initially 
estimate the model building or algorithm execution cost and 
continuously refine the estimate. Before discussing how to handle 
each individual algorithm, we first describe a general technique 
useful for handling multiple algorithms. 
 
4.2.1 A general technique useful for handling multiple 
algorithms 

The following discussion focuses on machine learning model 
building. The case with data mining algorithm execution is 
similar. For many machine learning algorithms, building a model 
takes multiple iterations. An example of an iteration is to go 
through the training set once. To estimate the model building cost, 
we need to estimate both the number of needed iterations and each 
iteration’s cost. Before model building starts, we obtain an initial 
estimate of each iteration’s cost based on the training set size. If 
the initial estimate tends to be inaccurate, as model building 
progresses, we regularly use the observed, previous iterations’ 
costs to refine each subsequent iteration’s estimated cost. For 
instance, starting from the second iteration, we estimate each 
subsequent iteration’s cost as the observed average cost of all 
previous iterations. 

Frequently, the goal of doing iterations is to minimize the value 
of an objective function like negative log-likelihood and the 
number of misclassifications. We keep iterating until the objective 
function’s value meets a pre-defined convergence condition. The 
number of needed iterations is unknown beforehand. In this case, 
before model building starts, we can conduct meta-learning to 
obtain an initial estimate of the number of needed iterations. For a 
machine learning algorithm, meta-learning uses historical data 
from model building on previous data sets to train a predictive 
model. The predictive model forecasts the number of needed 
iterations based on a data set’s feature values and the algorithm’s 
hyper-parameter values. Meta-learning was used before to predict 
model building time [15, 59-61, 63, 68]. 
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The objective function’s value decreases, whereas the rate of 
decrease typically drops over iterations (Fig. 3). Starting from 
when a fixed number (e.g., 4) of iterations are done, we have 
accumulated some information on the objective function’s value 
over time. If the initial estimate of the number of needed iterations 
tends to be inaccurate, we regularly use this information to refine 
the estimate. More specifically, we use an inverse power law 
function of the form f(n)=a+bn-c [19] to model the objective 
function’s value over iterations. Here, n denotes the number of 
iterations, b>0, and c>0. The inverse power law function was used 
before to model the relationship between model accuracy and 
training set size [19]. In our case, the inverse power law function 
is re-fitted periodically to project the objective function’s value 
over iterations. The projection is used to estimate when the 
objective function’s value will meet the pre-defined convergence 
condition, based on which we refine the estimated number of 
needed iterations. For a machine learning algorithm, if the inverse 
power law function cannot fit the objective function well, we 
perform modeling using another monotonically decreasing 
function like g(n)=a+bn-c+dn-e, where b>0, c>0, d>0, e>0, and 
c≠e [54]. 

 

 
Figure 3. An objective function’s value over iterations. 

 
Next, we discuss how to handle individual machine learning 

and data mining algorithms one by one. 
 
4.2.2 Handling supervised machine learning 
algorithms 
Naive Bayes, linear discriminant analysis, linear 
regression 

Training a naive Bayes classifier requires going through the 
training set once. The model building cost in U = the number of 
training instances. The cases with linear discriminant analysis and 
linear regression are similar. 
 
Logistic regression, lasso regression 

Building a logistic regression model requires multiple iterations, 
each going through the training set once. Each iteration’s cost in 
U = the number of training instances. We use the technique in 
Section 4.2.1 to estimate the number of needed iterations. The 
case with lasso (least absolute shrinkage and selection operator) 
regression is similar. 
 
Decision tree 

We consider the common case of using a univariate, binary 
decision tree. During tree building, we track the number of 

training instances reaching each internal node of the tree. When 
we reach the node, if this number is larger than a pre-determined 
threshold (e.g., 2,000), we use this number to refine the estimated 
cost of building the sub-tree rooted at the node. If this number is 
no larger than the pre-determined threshold, we can build the sub-
tree and know its actual building cost quickly without incurring 
any estimation overhead. 

A decision tree’s building cost depends on how balanced the 
tree is. A decision tree is often reasonably, even if not perfectly, 
balanced [30]. We use this as a heuristic in estimating tree 
building cost. Initially before tree building starts, we estimate the 
tree building cost by assuming that the tree is perfectly balanced. 
When reaching an internal node of the tree during tree building, if 
needed, we refine the estimated cost of building the sub-tree 
rooted at the node by assuming that the sub-tree is perfectly 
balanced. 

The tree building cost has three components: one for inspecting 
every feature at each internal node of the tree to decide the test 
function to be used at the node, one for splitting all training 
instances reaching each internal node into two partitions based on 
the test function used at the node, and one for pruning the tree 
after it is formed. Based on the tree’s hierarchical structure, the 
first two components can be estimated in a recursive way. 

We estimate the cost of inspecting each feature at an internal 
node of the tree as follows. To inspect a categorical feature, we 
need to go through all training instances reaching the node once. 
The corresponding cost in U = the number of these training 
instances. To inspect a numerical feature, we need to sort all 
training instances reaching the node. The sorting cost is estimated 
using the method described in our prior work [44]. 

To split all training instances reaching an internal node of the 
tree into two partitions, we need to go through these training 
instances once. The corresponding cost in U = the number of these 
training instances. 

The cost of pruning the tree is estimated as the number of data 
instances in the pruning set multiplied by a factor. The factor is 
projected via meta-learning. 
 
Decision stump 

The case with decision stump is similar to that with decision 
tree. A decision stump is a one-level decision tree. Its building 
cost has two components: one for inspecting every feature at the 
root node of the tree to decide the test function to be used at the 
node, and another for splitting all training instances into two 
partitions based on the test function used at the node. 
 
Random forest 

A random forest is an ensemble of decision trees. The cost of 
building a random forest = the sum of the cost of building each 
tree in the random forest. During the process of building a tree, we 
use the method described above to continuously refine the 
estimated cost of building the tree, considering the factors that (1) 
a fixed fraction of all training instances are used to build the tree, 
(2) a fixed fraction of all features are inspected at each internal 
node of the tree, and (3) no pruning is needed for building the tree. 
When building the i-th (i≥2) tree, we estimate the cost of building 
each subsequent tree as the observed average cost of building each 
of the previous i-1 trees. 
 
Neural network 
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A neural network is trained in epochs. Each epoch requires 
going through all training instances once, with a cost in U = the 
number of training instances. 

 
Support vector machine 

Training a support vector machine requires solving a convex 
optimization problem. The training cost depends on which 
optimization algorithm is used to solve the problem [9]. The 
optimization algorithm runs in multiple iterations. To estimate the 
optimization algorithm’s execution cost, we need to estimate both 
the number of needed iterations and each iteration’s cost, possibly 
using a technique similar to that in Section 4.2.1. Due to such 
optimization algorithms’ complex nature [9], figuring out how to 
do this exactly needs non-trivial future work. 
 
Voting, bagging, and Adaboost 

For voting, the final model is an ensemble of multiple models. 
The cost of building the final model = the sum of the cost of 
building each individual model. The cases with bagging and 
Adaboost are similar. For bagging, we need to consider that each 
individual model is built using a fixed fraction of all training 
instances. 

 
Expectation-maximization, hidden Markov model, 
Kalman filter, and chain-structured graphical model 

Using the expectation-maximization algorithm to train a hidden 
Markov model takes multiple iterations. Each iteration goes 
through every sequence of observations in the training set for F 
passes (either forward or backward), where F is a known constant. 
We use the technique in Section 4.2.1 to estimate the number of 
needed iterations. Each iteration’s cost in U = F × the total length 
of all sequences of observations in the training set. Alternatively, 
we consider the factor that the average CPU cost of going through 
an observation varies across passes. During model building, we 
collect statistics on and continuously revise our estimate of the 
average CPU cost of going through an observation for every pass. 
In estimating the model building cost, we give differing weights 
to an observation in different passes accordingly. The cases with 
Kalman filter and chain-structured graphical models like linear-
chain conditional random field are similar. 
 
4.2.3 Handling unsupervised machine learning 
algorithms 
k-means clustering 

Building a k-means clustering model takes multiple iterations, 
each going through the training set once. We use the technique in 
Section 4.2.1 to estimate the number of needed iterations. Each 
iteration’s cost in U = the number of training instances. 

 
4.2.4 Handling data mining algorithms 
Association rule mining 

We first consider using the Apriori algorithm [3] to mine 
frequent itemsets and subsequently association rules. The Apriori 
algorithm runs in multiple iterations, each going through the data 
set once. The j-th iteration identifies all frequent j-itemsets, each 
with j items. By setting U to be one transaction, each iteration’s 
cost in U = the number of transactions in the data set. 

 Before running the Apriori algorithm, we conduct meta-
learning to obtain an initial estimate of the number of needed 
iterations. As j increases, the support of a frequent j-itemset tends 

to decrease. During algorithm execution, one possible way to 
refine the estimated number of needed iterations is to use a 
monotonically decreasing function like that used in Section 4.2.1 
to model the dependency of the median support of all frequent j-
itemsets on j. The number of needed iterations is estimated based 
on when the projected median support drops below the required 
minimum support threshold. 

Next, we consider using the frequent pattern (FP)-growth 
algorithm [23] to mine frequent itemsets and subsequently 
association rules. The FP-growth algorithm runs in three steps. In 
step 1, we go through the data set once to identify all frequent 
items. In step 2, we go through the data set once to build an FP-
tree T for the whole data set. In step 3, for each frequent item I in 
T, we construct I’s conditional pattern base BI from T and build a 
conditional FP-tree TI for BI in a way similar to that of steps 1 and 
2. BI corresponds to all of the transactions in the data set 
containing I. After TI is built, we form a conditional pattern base 
and a conditional FP-tree for each frequent item in TI recursively, 
until the formed conditional FP-tree contains a single path. 

Both step 1’s cost in U and step 2’s cost in U = the number of 
transactions in the data set. Initially, we estimate step 3’s cost in U 
as the number of transactions in the data set multiplied by a factor. 
The factor is projected via meta-learning. After finishing step 2, 
we know every frequent item I in the FP-tree T and the size of I’s 
conditional pattern base BI. We use this information to refine the 
estimated cost of recursively processing BI in step 3, and re-
compute step 3’s estimated cost as the sum of the estimated costs 
of recursively processing BI over every I. During recursive 
processing of BI in step 3, we refine the processing’s estimated 
cost if BI’s size is larger than a pre-determined threshold (e.g., 
500). If BI’s size is no larger than the pre-determined threshold, 
we can finish recursively processing BI and know the processing’s 
actual cost quickly without incurring any estimation overhead. 

 

4.3 Monitoring machine learning model 
building and data mining algorithm execution 
speeds 

The following discussion focuses on machine learning model 
building. The case with data mining algorithm execution is 
similar. The progress indicator converts U to time based on what 
is observed as model building progresses. At all times, we track 
the amount of model building work in Us that has been completed 
in the past K seconds. K is a pre-determined number like 10. The 
current model building speed is estimated as the average model 
building speed in the past K seconds. K should be reasonably large 
to reduce the impact of temporary fluctuations. Also, K should not 
be too large to cause the computed model building speed to differ 
considerably from the actual one. 

 

4.4 Handling distributed and parallel 
computing 

The discussion so far focuses on sequential execution of 
machine learning and data mining algorithms. In the big data era, 
large data sets are common. To build a machine learning model or 
run a data mining algorithm on a large data set in reasonable time, 
we often need to do distributed or parallel computing, e.g., on a 
computer cluster [6, 79]. There, multiple processing elements are 
used to do the work concurrently, each handling a portion of the 
work. Two examples of a processing element are a computer and 
a CPU core. To support progress indicators in this case, we 
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designate one processing element as the master one. Each 
processing element periodically sends the latest statistics, 
including its progress, on its portion of the work to the master 
processing element. The master processing element aggregates the 
statistics from all processing elements and computes the overall 
estimates to be displayed to users. In particular, the remaining 
model building or algorithm execution time is estimated based on 
the processing element that will finish its portion of the work last 
among all processing elements. When estimating model building 
or algorithm execution costs, we consider both computation and 
communication costs and model the objective function’s value’s 
dependency on the number of processing elements in a way 
similar to that in Pan et al [54, 69, 72]. If a processing element 
fails, we re-compute the model building or algorithm execution 
cost by factoring in the cost of redoing the part of the job 
originally scheduled on this processing element. 

 

5. ADVANCED, POTENTIAL USES OF 
PROGRESS INDICATORS 

In this section, we describe two advanced, potential uses of 
progress indicators for machine learning model building and data 
mining algorithm execution, as well as an initial framework for 
implementing these two uses. We focus on machine learning 
model building. The case with data mining algorithm execution is 
similar. 
 

5.1 Load management 
Suppose that multiple machine learning models are being built 

on the same computer or computer cluster. For some reason, the 
execution of some model building tasks needs to be blocked so 
that other models can be built faster. Using the estimates provided 
by progress indicators in a way similar to that in Luo et al. [45], 
we can add a load management function into the machine learning 
software to help decide which tasks should be blocked. 

 

5.2 Automatic administration 
Sometimes, the user of a machine learning software tool needs 

or would like to finish building a machine learning model within a 
certain amount of time, such as 30 minutes or two hours. Two 
examples of such a scenario are as follows: 
(1) Model building is iterative and involves explorations. The 

user starts from an initial set of features. If it yields low 
model accuracy, the user considers adding new features to 
boost accuracy. Each iteration requires building one or more 
models. To expedite the iteration process, the user often 
wants to quickly build a model on a given set of features and 
have a rough estimate of its potential. This helps the user 
decide the most effective way to spend his/her time. If the 
current set of features looks promising, the user may switch 
to fine-tuning the machine learning algorithm and/or its 
hyper-parameter values without further changes of the 
features. Otherwise, if the current set of features looks 
unpromising, the user may keep checking new features, 
increase the amount of historical data used (e.g., from one to 
two years), change the dependent variable to make it easier 
to predict (e.g., from making predictions six months in 
advance to making predictions two months in advance) [33], 
or conclude that the data set contains insufficient information 
for reaching high model accuracy. In the last case, the user 
can move on to another modeling problem rather than keep 
wasting time, effort, and resources on the current one [36]. 

(2) In an Internet company, new problems keep coming up on a 
daily basis, e.g., because of customer behavior change or a 
new event’s occurrence. When a new problem arises, e.g., in 
fraud detection, an engineer of the company often needs to 
figure out and deploy a solution to it as quickly as possible to 
minimize potential business loss. If the solution involves 
using a model, the engineer needs to build the model quickly, 
possibly on a large data set. Even if the engineer is a machine 
learning expert and has built models on the same large data 
set for similar problems before, he/she may have no good 
estimate of model building time for the new problem 
himself/herself. To handle the new problem, the engineer 
often needs to use a new machine learning algorithm and/or 
new hyper-parameter values. This can change model building 
cost by one or more orders of magnitude. Even if the 
deadline is not tight, there is still a limit on when the 
engineer should finish model building. Moreover, building a 
model on a large data set consumes a lot of computing 
resources and incurs a high cost correlated with model 
building time. Even in a rich Internet company, the engineer 
often has a limited budget for model building and would 
appreciate a tool that can facilitate budget control. 

To the best of our knowledge, no existing machine learning 
software provides guarantees for machine learning model building 
time. Using the estimates provided by progress indicators, we can 
add an automatic administration function into the machine 
learning software. The user inputs his/her desired, soft deadline. 
Then the function lists one or more representative arrangements, if 
any, as its suggestions. Adopting any of these suggestions will 
make model building likely to finish by the user-specified 
deadline. To help the user know his/her options, multiple 
suggestions are provided whenever possible to illustrate the range 
of feasible arrangements. Each suggestion is accompanied by an 
estimated financial cost of task execution as well as an estimated 
remaining model building time by adopting the suggestion, is of 
one of two types (allocating more resources and changing hyper-
parameter values), and is adjusted from time to time based on the 
latest estimates provided by the progress indicator. The financial 
cost of task execution is estimated based on the allocated 
computing resources and projected model building time. Each 
suggestion on adjusting hyper-parameter values is accompanied 
by an estimated change in the resulting model’s accuracy by 
adopting the suggestion. Suggestions on allocating more resources 
have no impact on model accuracy. Since changing hyper-
parameter values can affect model accuracy, we let the user 
decide which suggestion to adopt rather than automatically adopt 
a suggestion for him/her without obtaining his/her consent first. 

In the following discussion, unless indicated otherwise, we 
assume that when the automatic administration function is 
invoked, the user of the machine learning software tool has 
already specified an arrangement, including the resources 
allocated to the machine learning model building task, the 
machine learning algorithm, and its hyper-parameter values. Also, 
the progress indicator shows that the task is not going to finish by 
the deadline desired by the user. The case that the user wants to 
directly obtain suggestions from the automatic administration 
function without first fully inputting his/her own arrangement can 
be handled similarly. 

We use two types of suggestions. 
 
5.2.1 The first type of suggestion 
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The first type of suggestion is on allocating more resources to 
the remaining part of the machine learning model building task. 
To increase the degree of parallel processing, more cores of a 
CPU or more computers in a computer cluster are allocated to the 
task. For example, the decision trees remaining to be built in a 
random forest are constructed concurrently via multi-threading 
rather than sequentially in a single thread. When invoking the 
automatic administration function, the user specifies the 
maximum resources, such as the maximum number of computers, 
that can be used [53, 72]. This poses an upper bound on the 
resources that a suggestion of the first type can recommend using. 
 
5.2.2 The second type of suggestion 
Overview 

The second type of suggestion is on changing the machine 
learning algorithm’s hyper-parameter values. This type of 
suggestion is particularly useful for lay users with limited 
machine learning knowledge. Many lay users are unaware that 
different hyper-parameter values can impact the cost of building a 
machine learning model by several orders of magnitude. These 
users frequently specify, e.g., in random search [7], inappropriate 
hyper-parameter values that lead to excessively long model 
building time. To make the machine learning software more user 
friendly, we can let the software’s automatic administration 
function be proactive. When the function detects that a model’s 
estimated building cost is excessively large both in absolute value 
and in relationship to the data set size, the function automatically 
prompts the user to reconsider the hyper-parameter values, 
without the user having to explicitly invoke the function 
himself/herself. We use a pre-determined constant as the threshold 
for deciding whether a model’s estimated building cost is 
excessively large in absolute value. For each algorithm, using 
historical data from model building on previous data sets, we fit a 
function describing the relationship between reasonable model 
building costs and the data set size. We multiply the value 
computed by the function by a constant factor as the threshold for 
deciding whether a model’s estimated building cost is excessively 
large in relationship to the current data set’s size. 

The automatic administration function will suggest value 
changes only for the hyper-parameters whose values can 
potentially have a large impact on model building cost. Based on 
its value’s potential impact on model building cost, we categorize 
each hyper-parameter into one of the following two types: 
(i) For a hyper-parameter of the first type, its value typically has 

little or no impact on model building cost. An example of 
such a hyper-parameter is the seed of the random number 
generator in a neural network. 

(ii) For a hyper-parameter of the second type, its value can 
potentially have a large impact on model building cost. The 
second type includes two classes: 
(a) In the first class, for each possible direction of value 

change like value increase, changing the hyper-
parameter’s value along the direction will always 
increase or decrease model building cost, depending on 
the specific direction. An example of such a hyper-
parameter is the number of decision trees in a random 
forest. Increasing the number of decision trees will 
always increase the cost of building the random forest. 

(b) In the second class, changing the hyper-parameter’s 
value along a particular direction can either increase or 
decrease model building cost, depending on the specific 
data set used. An example of such a hyper-parameter is 

the  in a support vector machine with a Gaussian radial 
basis function kernel. As shown in Reif et al. [63], 
increasing ’s value can either increase or decrease the 
cost of training the support vector machine, depending 
on the specific data set used. 

The automatic administration function will suggest value 
changes only for hyper-parameters of the second type. For a 
hyper-parameter in the first class of the second type, the suggested 
change is always along the specific, known direction that will 
decrease model building cost. 
 
Our desired goals of suggesting changes to hyper-
parameter values 

When suggesting changes to the machine learning algorithm’s 
hyper-parameter values, we strive to make every suggestion fulfill 
the following four goals whenever possible: 
(1) Affecting minimal number of hyper-parameters: The 

suggested changes should affect the values of as few hyper-
parameters as possible. Ideally, only one hyper-parameter is 
impacted. 

(2) Minimal change to the hyper-parameter value: When a 
hyper-parameter is affected, the suggested change to its value 
should be as small as possible. The first two goals try to 
preserve the hyper-parameter values specified by the user as 
much as possible. This helps increase the chance that the user 
will adopt the suggestion. 

(3) Minimal decrease of model accuracy: Hyper-parameter 
values impact both model accuracy and building cost. The 
suggested changes to hyper-parameter values should not 
significantly degrade the resulting model’s accuracy. 

(4) Considering reusing the results that have already been 
computed: Changing hyper-parameter values does not 
necessarily mean that the model has to be re-built from 
scratch. In estimating the remaining model building time by 
adopting the suggested changes to hyper-parameter values, 
we should consider the possibility of reusing the results that 
have been computed so far and continuing the model 
building process. 

 
Implementation techniques to fulfill the first three 
goals 

When computing the list of suggestions on changing the 
machine learning algorithm’s hyper-parameter values, we initially 
consider that each suggestion changes a single hyper-parameter’s 
value. We conduct meta-learning to project both the resulting 
model’s accuracy and building cost by adopting a suggestion. For 
each hyper-parameter whose value can potentially have a large 
impact on model building cost, we consider making the smallest 
change to its value, which causes the model building task’s 
estimated completion time to be no later than the user-specified 
deadline. If such a change in value exists, we keep it as a 
suggestion if the model accuracy projected using it is not lower 
than that projected using the current hyper-parameter values by 
more than a pre-determined threshold, such as 2%. 

A modeling problem includes both the problem specification 
and the data set used. Our meta-learning approach uses historical 
data from building models for other modeling problems, as well 
as data from the user’s prior trials of building models for the 
current modeling problem. The latter provides information on the 
current modeling problem and is given a higher weight than the 
former. To check whether a prior trial of the user and the current 
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model building task handle the same modeling problem, we 
compare the file names, numbers of data instances, and numbers 
of features of the data sets, as well as the names of the dependent 
variables used in them. Such a comparison will not ensure 100% 
accuracy for the check, but can be quickly done with reasonably 
good accuracy. In this way, we avoid detailed comparisons of data 
set contents, which can be costly to do on large data sets. 

After going through every hyper-parameter whose value can 
potentially have a large impact on model building cost, if we have 
obtained at least one feasible suggestion on changing a hyper-
parameter’s value, we stop the process of computing suggestions 
on changing hyper-parameter values and display the obtained 
suggestions. Otherwise, if changing a single hyper-parameter’s 
value is insufficient for finishing model building by the user-
specified deadline, we continue to consider that each suggestion 
changes two hyper-parameters’ values simultaneously. If that is 
still insufficient for finishing model building by the deadline, we 
continue to consider that each suggestion changes three hyper-
parameters’ values simultaneously, and so on. 

For tasks such as scheduling machine learning model building 
jobs [59] and automatic machine learning model selection [10, 17, 
18, 40, 68], meta-learning has been used before to predict model 
accuracy and building time. There, no constraint is put on the 
hyper-parameter value combinations selected for testing. In 
comparison, in our case of suggesting changes to hyper-parameter 
values, we prefer the suggested combinations to be as close to the 
one specified by the user as possible. 
 
Implementation technique to fulfill the fourth goal 

Recall that only the hyper-parameters whose values can 
potentially have a large impact on model building cost are of 
interest to the automatic administration function. To fulfill the 
fourth goal mentioned above, we categorize each hyper-parameter 
of interest into one of the following three types based on the 
degree to which, after changing the hyper-parameter’s value to cut 
model building cost, we can reuse the results that have been 
computed so far and continue the model building process: 
(i) For a hyper-parameter of the first type, if we change its value 

to cut model building cost, we can reuse all of the results that 
have been computed so far and continue the model building 
process. For example, if we decrease the number of decision 
trees in a random forest, we can reuse all of the decision trees 
that have been formed so far and continue to build the 
random forest. As another example, if we decrease the 
number of training epochs in a neural network, we can reuse 
all of the results computed in the prior epochs and continue 
to train the neural network. 

(ii) For a hyper-parameter of the second type, if we change its 
value to cut model building cost, we can reuse possibly only 
part of the results that have been computed so far and 
continue the model building process. One example of such a 
hyper-parameter is the minimal number of data instances at 
every leaf node in a decision tree. When we increase this 
number from nold to nnew, if a specific leaf node has already 
been formed and contains fewer than nnew data instances, we 
can keep merging this leaf node with its sibling nodes until 
the merged node includes at least nnew data instances. 
Alternatively, we can keep this leaf node as it is and only 
require the leaf nodes remaining to be formed to each include 
at least nnew data instances. 

(iii) For a hyper-parameter of the third type, if we change its 
value to cut model building cost, we would need to re-build 

the model from scratch. Two examples of such a hyper-
parameter are the kernel and regularization constant C used 
in a support vector machine. 

In estimating the remaining model building time by adopting 
the suggested changes to hyper-parameter values, if all suggested 
changes happen to hyper-parameters of the first two types, we 
consider the factor of reusing all or part of the results that have 
been computed so far and continuing the model building process. 
If all suggested changes happen to hyper-parameters of the first 
type, we can reuse all of the results that have been computed so 
far. If at least one of the suggested changes happens to a hyper-
parameter of the second type, we can reuse part of the results that 
have been computed so far. 
 
5.2.3 Additional details 

Besides the two types of suggested changes mentioned above, 
we can also make suggestions that each include changes of both 
types. Moreover, the two types of suggested changes mentioned 
above do not touch the machine learning algorithm chosen by the 
user. If just making such changes is insufficient for finishing 
model building by the user-specified deadline, we could also 
suggest the user to change the algorithm. Since this is a large 
change that may make the user feel uncomfortable, we should 
make such suggestions with great caution, possibly as a last resort. 

Usually, our estimated cost of building a machine learning 
model is imprecise. Each time we change the arrangement based 
on which the model is built, we incur an overhead that is often 
non-trivial. Thus, we may not always be able to repeatedly change 
the arrangement to make up the imprecision in cost estimation. To 
increase the chance that model building can finish by the deadline 
despite the imprecision, we use a slack factor like s=1.2 and the 
approach in Ferguson et al [16, 31]. When computing potential 
arrangements, we divide the amount of time available for building 
the model by the deadline by s. This gives some buffer to address 
the imprecision. 

Typically, CPU is the bottleneck for machine learning model 
building. If the machine learning software is run on a computer 
cluster with more than one type of computers, we need to consider 
the computer heterogeneity in suggesting resource allocation. One 
way to do this is to pre-construct a mapping between the 
computing speeds of different types of computers via profiling. 
Alternatively, we can use more advanced techniques similar to 
those in Delimitrou et al [13]. 

 

6. CONCLUSIONS 
Machine learning model building and data mining algorithm 

execution are often time consuming, particularly on large data 
sets. This paper presents an initial framework for supporting 
progress indicators for the two tasks, as well as two advanced, 
potential uses of such progress indicators. Much research is 
needed to refine the framework, implement progress indicators for 
various machine learning and data mining algorithms, work out 
the details of the supporting techniques for the two advanced uses 
of progress indicators, and investigate additional advanced uses of 
progress indicators. We hope this paper can provoke future 
research on this topic. Many techniques described in this paper 
can be extended to implement progress indicators for long-
duration tasks of data pre-processing, feature selection, and 
running iterative analytics [57], artificial intelligence, natural 
language processing, combinatorial optimization [30], and 
numerical optimization [51] algorithms, as well as to support 
advanced uses of those progress indicators. 
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Ten years after we initially proposed them [43-45], progress 
indicators for database queries were put into the commercial 
product of Microsoft SQL Server database management system 
[37]. Machine learning model building and data mining algorithm 
execution have a recursive nature. Consequently, on the same 
amount of data, they often run several orders of magnitude more 
slowly and have a greater need for progress indicators than 
database query execution. Once implementation techniques are 
fully worked out, we would expect progress indicators for 
machine learning model building and data mining algorithm 
execution to provide more value and have faster commercial 
adoption than progress indicators for database queries. 
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ABSTRACT
Dialogue systems have attracted more and more attention.
Recent advances on dialogue systems are overwhelmingly
contributed by deep learning techniques, which have been
employed to enhance a wide range of big data applications
such as computer vision, natural language processing, and
recommender systems. For dialogue systems, deep learning
can leverage a massive amount of data to learn meaningful
feature representations and response generation strategies,
while requiring a minimum amount of hand-crafting. In this
article, we give an overview to these recent advances on di-
alogue systems from various perspectives and discuss some
possible research directions. In particular, we generally di-
vide existing dialogue systems into task-oriented and non-
task-oriented models, then detail how deep learning tech-
niques help them with representative algorithms and finally
discuss some appealing research directions that can bring
the dialogue system research into a new frontier.

1. INTRODUCTION
To have a virtual assistant or a chat companion system with
adequate intelligence has seemed illusive, and might only
exist in Sci-Fi movies for a long time. Recently, human-
computer conversation has attracted increasing attention
due to its promising potentials and alluring commercial val-
ues. With the development of big data and deep learn-
ing techniques, the goal of creating an automatic human-
computer conversation system, as our personal assistant or
chat companion, is no longer an illusion. On the one hand,
nowadays we can easily access “big data” for conversations
on the Web and we might be able to learn how to respond
and what to respond given (almost) any inputs, which greatly
allows us to build data-driven, open-domain conversation
systems between humans and computers. On the other
hand, deep learning techniques have been proven to be effec-
tive in capturing complex patterns in big data and have pow-
ered numerous research fields such as computer vision, nat-
ural language processing and recommender systems. Hence,
a large body of literature has emerged to leverage a mas-
sive amount of data via deep learning to advance dialogue
systems in many perspectives.

According to the applications, dialogue systems can be roughly
categorized into two groups – (1) task-oriented systems and
(2) non-task-oriented systems (also known as chat bots).
Task-oriented systems aim to assist the user to complete

NLU
Dialogue State 

Tracking

NLG Policy learning

May I know 

your name ?

I am Robot.

Figure 1: Traditional Pipeline for Task-oriented Systems.

certain tasks (e.g. finding products, and booking accommo-
dations and restaurants). The widely applied approaches to
task-oriented systems are to treat the dialogue response as a
pipeline as shown in Figure 1. The systems first understand
the message given by human, represent it as a internal state,
then take some actions according to the policy with respect
to the dialogue state, and finally the action is transformed
to its surface form as a natural language. Though language
understanding is processed by statistical models, most de-
ployed dialogue systems still use manual features or hand
crafted rules for the state and action space representations,
intent detection, and slot filling. This not only makes it ex-
pensive and time-consuming to deploy a real dialogue sys-
tem, but also limits its usage to other domains. Recently,
many algorithms based on deep learning have been devel-
oped to alleviate those problems by learning feature rep-
resentations in a high dimensional distributed fashion and
achieve remarkable improvements in these aspects. In ad-
dition, there are attempts to build end-to-end task-oriented
dialogue systems, which can expand the state space repre-
sentation in the traditional pipeline systems and help gener-
alize dialogues outside the annotated task-specific corpora.

Non-task-oriented systems interact with human to provide
reasonable responses and entertainment. Typically, they fo-
cus on conversing with human on open domains. Though
non-task-oriented systems seem to perform chit-chat, it dom-
inates in many real word applications. As revealed in [98],
nearly 80% utterances are chi-chat messages in the online
shopping scenario and handling those queries is closely re-
lated to user experiences. In general, two major approaches
have been developed for non-task-oriented systems – (1)
generative methods such as sequence-to-sequence models,
which generate proper responses during the conversation;
and (2) retrieval-based methods, which learn to select re-
sponses from the current conversation from a repository.
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Sentence show restaurant at New York tomorrow
Slots O O O B-desti I-desti B-date
Intent Find Restaurant
Domain Order

Table 1: An Illustrative Example of Natural Language Rep-
resentation.

The recent development of big data and deep learning tech-
niques has greatly advanced both task-oriented and non-
oriented dialogue systems, which has encouraged a huge
amount of deep learning based researches in dialogue sys-
tems. In this article, we aim to (1) give an overview about
dialogue systems especially recent advances from deep learn-
ing; and (2) discuss possible research directions. The re-
maining of the article is organized as follows. We review
task-oriented dialogue systems including pipeline and end-
to-end methods in Section 2. In Section 3, we first introduce
neural generative methods including popular models and hot
research topics; and then detail the retrieval-based methods.
In Section 4, we conclude the work with discussions on some
research directions.

2. TASK-ORIENTED DIALOGUE SYSTEMS
Task-oriented dialogue systems have been an important branch
of spoken dialogue systems. In this section, we will review
pipeline and end-to-end methods for task-oriented dialogue
systems.

2.1 Pipeline Methods
The typical structure of a pipeline based task-oriented dia-
logue system is demonstrated in Figure 1. It consists of four
key components:

• Language understanding. It is known as natural lan-
guage understanding (NLU), which parses the user ut-
terance into predefined semantic slots.

• Dialogue state tracker. It manages the input of each
turn along with the dialogue history and outputs the
current dialogue state.

• Dialogue policy learning. It learns the next action
based on current dialogue state.

• Natural language generation (NLG). It maps the se-
lected action to its surface and generates the response.

In the following subsections, we will give more details about
each component with the state-of-the art algorithms.

2.1.1 Language Understanding
Given an utterance, natural language understanding maps
it into semantic slots. The slots are pre-defined according to
different scenarios. Table 1 illustrates an example of natural
language representation, where “New York” is the location
specified as slot values, and the domain and intent are also
specified, respectively. Typically, there are two types of rep-
resentations. One is the utterance level category, such as
the user’s intent and the utterance category. The other is
the word-level information extraction such as named entity
recognition and slot filling.

An intent detection is performed to detect the intent of a
user. It classifies the utterance into one of the pre-defined

intents. Deep learning techniques have been successively
applied in intent detection [10; 73; 99]. In particular, [19]
used convolutional neural networks (CNN) to extract query
vector representations as features for query classification.
The CNN-based classification framework also resembled [22]
and [64]. Similar approaches are also utilized in category or
domain classification.

Slot filling is another challenging problem for spoken lan-
guage understanding. Unlike intent detection, slot filling is
usually defined as a sequence labeling problem, where words
in the sentence are assigned with semantic labels. The in-
put is the sentence consisting of a sequence of words, and the
output is a sequence of slot/concept IDs, one for each word.
[11] and [10] used deep belief networks (DBNs), and achieved
superior results compared to CRF baselines. [41; 102; 56;
100] applied RNN for slot filling. The semantic representa-
tion generated by NLU is further processed by the dialogue
management component. A typical dialogue management
component includes two stages – dialogue state tracking and
policy learning.

2.1.2 Dialogue State Tracking
Tracking dialogue states is the core component to ensure
a robust manner in dialog systems. It estimates the users
goal at every turn of the dialogue. A dialogue state Ht de-
notes the representation of the dialogue session till time t.
This classic state structure is commonly called slot filling
or semantic frame. The traditional methods, which have
been widely used in most commercial implementations, of-
ten adopt hand-crafted rules to select the most likely re-
sult [17]. However, these rule-based systems are prone to
frequent errors as the most likely result is not always the
desired one [88].

A statistical dialog system maintains a distribution over
multiple hypotheses of the true dialog state, facing with
noisy conditions and ambiguity [104]. In Dialog State Track-
ing Challenge (DSTC) [87; 86], the results are in the form of
a probability distribution over each slot for each turn. A va-
riety of statistical approaches, including robust sets of hand-
crafted rules [80], conditional random fields [28; 27; 53],
maximum entropy models [85] and web-style ranking [88]
have emerged in Dialog State Tracking Challenge (DSTC)
shared tasks.

Recently, [20] introduced deep learning in belief tracking.
It used a sliding window to output a sequence of probabil-
ity distributions over an arbitrary number of possible val-
ues. Though it was trained in one domain, it can be easily
transferred to new domains. [48] developed multi-domain
RNN dialog state tracking models. It first used all the data
available to train a very general belief tracking model, and
then specialized the general model for each domain to learn
the domain-specific behavior. [49] proposed a neural belief
tracker (NBT) to detect the slot-value pairs. It took the
system dialogue acts preceding the user input, the user ut-
terance itself, and a single candidate slot-value pair which it
needs to make a decision about, as input, and then iterated
over all candidate slot-value pairs to determine which ones
have just been expressed by the user.

2.1.3 Policy learning
Conditioned on the state representation from the state tracker,
the policy learning is to generate the next available system
action. Either supervised learning or reinforcement learn-
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ing can be used to optimize policy learning [9]. Typically,
a rule-based agent is employed to warm-start the system
[98]. Then, supervised learning is conducted on the ac-
tions generated by the rules. In online shopping scenario,
if the dialogue state is “Recommendation”, then the “Rec-
ommendation” action is triggered, and the system will re-
trieve products from the product database. If the state is
“Comparison”, then the system will compare target prod-
ucts/brands[98]. The dialogue policy can be further trained
end-to-end with reinforcement learning to lead the system
making policies toward the final performance. [9] applied
deep reinforcement learning on strategic conversation that
simultaneously learned the feature representation and dia-
logue policy, the system outperformed several baselines in-
cluding random, rule-based, and supervised-based methods.

2.1.4 Natural Language Generation
The natural language generation component converts an ab-
stract dialogue action into natural language surface utter-
ances. As noticed in [68], a good generator usually relies on
several factors: adequacy, fluency, readability, and variation.

Conventional approaches to NLG typically perform sentence
planning. It maps input semantic symbols into the inter-
mediary form representing the utterance such as tree-like
or template structures, and then converts the intermediate
structure into the final response through the surface realiza-
tion [77; 69].

[81] and [82] introduced neural network-based (NN) approaches
to NLG with a LSTM-based structure similar with RNNLM
[42]. The dialogue act type and its slot-value pairs are trans-
formed into a 1-hot control vector and is given as the addi-
tional input, which ensures that the generated utterance rep-
resents the intended meaning. [81] used a forward RNN gen-
erator together with a CNN reranker, and backward RNN
reranker. All the sub-modules are jointly optimized to gen-
erate utterances conditioned by the required dialogue act.
To address the slot information omitting and duplicating
problems in surface realization, [82] used an additional con-
trol cell to gate the dialogue act. [72] extended this ap-
proach by gating the input token vector of LSTM with the
dialogue act. It was then extended to the multi-domain
setting by multiple adaptation steps [83]. [110] adopted
an encoder-decoder LSTM-based structure to incorporate
the question information, semantic slot values, and dialogue
act type to generate correct answers. It used the attention
mechanism to attend to the key information conditioned on
the current decoding state of the decoder. Encoding the di-
alogue act type embedding, the neural network-based model
is able to generate variant answers in response to different
act types. [14] also presented a natural language genera-
tor based on the sequence-to-sequence approach that can
be trained to produce natural language strings as well as
deep syntax dependency trees from input dialogue acts. It
was then extended with the preceding user utterance and
responses [13]. It enabled the model entraining (adapting)
to users ways of speaking, which provides contextually ap-
propriate responses.

2.2 End-to-End Methods
Despite a lot of domain-specific handcrafting in traditional
task oriented dialogue systems, which are diffcult to adapt
to new domains [4], [107] further noted that, the conven-
tional pipeline of task-oriented dialogue systems has two

main limitations. One is the credit assignment problem,
where the end user’s feedback is hard to be propagated to
each upstream module. The second issue is process interde-
pendence. The input of a component is dependent on the
output of another component. When adapting one compo-
nent to new environment or retrained with new data, all the
other components need to be adapted accordingly to ensure
a global optimization. Slots and features might change ac-
cordingly. This process requires significant human efforts.

With the advance of end-to-end neural generative models in
recent years, many attempts have been made to construct an
end-to-end trainable framework for task-oriented dialogue
systems. Note that more details about neural generative
models will be discussed when we introduce the non-task-
oriented systems. Instead of the traditional pipeline, the
end-to-end model uses a single module and interacts with
structured external databases. [84] and [4] introduced a
network-based end-to-end trainable task-oriented dialogue
system, which treated dialogue system learning as the prob-
lem of learning a mapping from dialogue histories to system
responses, and applied an encoder-decoder model to train
the whole system. However, the system is trained in a su-
pervised fashion – not only does it require a lot of training
data, but it may also fail to find a good policy robustly due
to the lack of exploration of dialogue control in the train-
ing data. [107] first presented an end-to-end reinforcement
learning approach to jointly train dialogue state tracking
and policy learning in the dialogue management in order to
optimize the system actions more robustly. In the conver-
sation, the agent asks the user a series of Yes/No questions
to find the correct answer. This approach was shown to be
promising when applied to the task-oriented dialogue prob-
lem of guessing the famous people users think of. [36] trained
the end-to-end system as a task completion neural dialogue
system, where its final goal is to complete a task, such as
movie-ticket booking.

Task-oriented systems usually need to query outside knowl-
edge base. Previous systems achieved this by issuing a sym-
bolic query to the knowledge base to retrieve entries based
on their attributes, where semantic parsing on the input is
performed to construct a symbolic query representing the
beliefs of the agent about the user goal[84; 90; 36]. This ap-
proach has two drawbacks: (1) the retrieved results do not
carry any information about uncertainty in semantic pars-
ing, and (2) the retrieval operation is non differentiable, and
hence the parser and dialog policy are trained separately.
This makes online end-to-end learning from user feedback
difficult once the system is deployed. [15] augmented ex-
isting recurrent network architectures with a differentiable
attention-based key-value retrieval mechanism over the en-
tries of a knowledge base, which is inspired by key-value
memory networks[44]. [12] replaced symbolic queries with
an induced “soft” posterior distribution over the knowledge
base that indicates which entities the user is interested in.
Integrating the soft retrieval process with a reinforcement
learner. [89] combined an RNN with domain-specific knowl-
edge encoded as software and system action templates.

3. NON-TASK-ORIENTED DIALOGUE SYS-
TEMS

Unlike task-oriented dialogue systems, which aim to com-
plete specific tasks for user, non-task-oriented dialogue sys-
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Figure 2: An Illustration of the Encoder-Decoder Model.

tems (also known as chatbots) focus on conversing with hu-
man on open domains [54]. In general, chat bots are im-
plemented either by generative methods or retrieval-based
methods. Generative models are able to generate more proper
responses that could have never appeared in the corpus,
while retrieval-based models enjoy the advantage of informa-
tive and fluent responses[23], because they select a proper
response for the current conversation from a repository with
response selection algorithms. In the following sections, we
will first dive into the neural generative models, one of the
most popular research topics in recent years, and discuss
their drawbacks and possible improvements. Then, we in-
troduce recent advances of deep learning in retrieval based
models.

3.1 Neural Generative Models
Nowadays, a large amount of conversational exchanges is
available in social media websites such as Twitter and Red-
dit, which raise the prospect of building data-driven mod-
els. [54] proposed a generative probabilistic model, which is
based on phrase-based Statistical Machine Translation [105],
to model conversations on micro-blogging. It viewed the re-
sponse generation problem as a translation problem, where
a post needs to be translated into a response. However,
generating responses was found to be considerably more dif-
ficult than translating between languages. It is likely due to
the wide range of plausible responses and the lack of phrase
alignment between the post and the response. The success of
applying deep learning in machine translation, namely Neu-
ral Machine Translation, spurs the enthusiasm of researches
in neural generative dialogue systems.

In the following subsections, we first introduce the sequence-
to-sequence models, the foundation of neural generative mod-
els. Then, we discuss hot research topics in the direction
including incorporating dialogue context, improving the re-
sponse diversity, modeling topics and personalities, lever-
aging outside knowledge base, the interactive learning and
evaluation.

3.1.1 Sequence-to-Sequence Models

Given a source sequence (message) X = (x1, x2, ..., xT ) con-
sisting of T words and a target sequence (response) Y =

(y1, y2, ..., yT ′ ) of length T
′
,the model maximizes the genera-

tion probability of Y conditioned onX: p(y1, ..., yT ′ |x1, ..., xT ).
Specifically, a sequence-to-sequence model (or Seq2Seq) is in
an encoder-decoder structure. Figure 2 is a general illustra-
tion of such structure. The encoder reads X word by word
and represents it as a context vector c through a recurrent
neural network (RNN),and then the decoder estimates the
generation probability of Y with c as the input. The encoder
RNN calculates the context vector c by

ht = f(xt,ht−1),

where ht is the hidden state at time step t, f is a non-linear
function such as long-short term memory unit (LSTM) [18]
and gated recurrent unit (GRU) [7], and c is the hidden
state corresponding to the last word hT . The decoder is
a standard RNN language model with an additional condi-
tional context vector c. The probability distribution pt of
candidate words at every time t is calculated as

st = f(yt−1, st−1, c),

pt = softmax(st, yt−1),

where st is the hidden state of the decoder RNN at time t
and yt1 is the word at time t1 in the response sequence. The
objective function of Seq2Seq is defined as:

p((y1, ..., yT ′ |x1, ..., xT ) = p(y1|c)

T
′∏

t=2

p(yt|c, y1, ..., yt−1).

[2] then improved the performance by the attention mech-
anism, where each word in Y is conditioned on different
context vector c, with the observation that each word in Y
may relate to different parts in x. In particular, yi corre-
sponds to a context vector ci, and ci is a weighted average
of the encoder hidden states h1, ...,hT :

ci = ΣT
j=1αijhj ,

where αi,j is computed by:

α =
exp(eij)

ΣT
k=1exp(eik)

,

eij = g(st−1,hj),

where g is a multilayer perceptron.

[61] applied the recurrent neural network encoder-decoder
framework [7] to generate responses on Twitter-style micro-
blogging websites, while [74] utilized a similar model de-
scribed in [40]. In general, these models utilize neural net-
works to represent dialogue histories and to generate appro-
priate responses. Such models are able to leverage a large
amount of data in order to learn meaningful natural lan-
guage representations and generation strategies, while re-
quiring a minimum amount of domain knowledge and hand-
crafting.

3.1.2 Dialogue Context
The ability to take into account previous utterances is key to
building dialog systems that can keep conversations active
and engaging. [67] addressed the challenge of the context
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sensitive response generation by representing the whole dia-
logue history (including the current message ) with contin-
uous representations or embeddings of words and phrases.
The response is generated as RNN language model [42], the
same as the decoder in [7]. [58] used hierarchical models,
first capturing the meaning of individual utterances and
then integrating them as discourses. [96] extended the hi-
erarchical structure with the attention mechanism [2] to at-
tend to important parts within and among utterances with
word level attention and utterance level attention, respec-
tively. [71] conducted a systematic comparison among ex-
isting methods (including non-hierarchical and hierarchical
models) and proposed a variant that weights the context
with respect to context-query relevance. It found that (1) hi-
erarchical RNNs generally outperform non-hierarchical ones,
and (2) with context information, neural networks tend to
generate longer, more meaningful and diverse replies.

3.1.3 Response Diversity
A challenging problem in current sequence-to-sequence dia-
logue systems is that they tend to generate trivial or non-
committal, universally relevant responses with little mean-
ing, which are often involving high frequency phrases along
the lines of I dont know or Im OK [67; 74; 58].

This behavior can be ascribed to the relative high frequency
of generic responses like I dont know in conversational datasets,
in contrast with the relative sparsity of more informative al-
ternative responses. One promising approach to alleviate
such challenge is to find a better objective function. [30]
pointed out that neural models assign high probability to
“safe responses when optimizing the likelihood of outputs
given inputs. They used a Maximum Mutual Information
(MMI), which was first introduced in speech recognition [3;
5], as an optimization objective. It measured the mutual
dependence between inputs and outputs, where it took into
consideration the inverse dependency of responses on mes-
sages. [101] incorporated inverse document frequency (IDF)
[55] into the training process to measure the response diver-
sity.

Some researches realized that the decoding process is an-
other source of redundant candidate responses. [62] and [34]
recognized that the beam search lacked diversity when gen-
erating candidates in the beam. [62] introduced a stochastic
beam-search procedure, while [34] added an additional term
for beam search scoring to penalize the siblings–expansions
of the same parent node in the search. [30; 67; 62] further
performed a re-ranking step with global features to avoid
generating dull or generic responses. [47] conjectured that
not only the problem lies in the objective of decoding and re-
sponse frequency, but also the message itself may lack suffi-
cient information for the replay. It proposed to use pointwise
mutual information (PMI) to predict a noun as a keyword,
reflecting the main gist of the reply, and then generates a
reply containing the given keyword.

Another series of works have focused on generating more
diverse outputs by introducing a stochastic latent variable.
They demonstrated that natural dialogue is not determin-
istic – replies for a same message may vary from person to
person. However, current response is sampled from a deter-
ministic encoder-decoder model. By incorporating a latent
variable, these models have the advantage that, at the gener-
ation time, they can sample a response from the distribution
by first sampling an assignment of the latent variables, and

then decoding deterministically. [6] presented a latent vari-
able model for one-shot dialogue response. The model con-
tained a stochastic component z in the decoder P (Y |z,X),
where z is computed following the variational auto-encoder
framework[26; 25; 65]. [59] introduced latent variables to
the hierarchical dialogue modeling framework [58]. The la-
tent variable is designed to make high-level decisions like
topic or sentiment. [57] extended this method by learning
a sequence of the latent variables, where the latent variable
of next utterance is only conditioned on the previous latent
variable sequence. [63] conditioned the latent variable on
explicit attributes to make the latent variable more inter-
pretable. These attributes can be either manually assigned
or automatically detected such topics, and personality.

3.1.4 Topic and Personality
Learning the inherent attributes of dialogues explicitly is
another way to improve the diversity of dialogues and en-
sures the consistency. Among different attributes, topic and
personality are widely explored.

[95] noticed that people often associate their dialogues with
topically related concepts and create their responses accord-
ing to these concepts. They used Twitter LDA model to
get the topic of the input, fed topic information and input
representation into a joint attention module and generated
a topic-related response. A small improvement in decoder
had achieved a better result in [94]. [8] made a more thor-
ough generalization of the problem. They classified each
utterance in the dialogue into one domain, and generated
the domain and content of next utterance accordingly.

[109] added emotion embedding into a generative model and
achieved good performance in perplexity. [51] gave the sys-
tem an identity with profile so that the system can answer
personalized question consistently. [31] further took the in-
formation of addressee into consideration to create a more
realistic chatbot.

Since the training data comes from different speakers with
inconsistency, [106] proposed a two-phase training approach
which initialized the model using large scale data and then
fine-tuned the model to generate personalized response. [45]
used transfer reinforcement learning to eliminate inconsis-
tencies.

3.1.5 Outside Knowledge Base
An important distinction between human conversation and
dialogue system is whether it is combined with reality. In-
corporating an outside Knowledge Base (KB) is a promising
approach to bridge the gap of background knowledge be-
tween a dialogue system and human.

Memory network is a classic method dealing with question
answering tasks with knowledge base. Thus, it is quite
straightforward to apply it in dialogue generation. [16] made
attempts on top of this and has achieved good performance
in open-domain conversations. [75] also worked on open-
domain conversations with background knowledge by cou-
pling CNN embedding and RNN embedding into multimodal
space and made progress in perplexity. A similar task is
to generate an answer for a question according to outside
knowledge. Unlike the general method of tuple retrieval in
knowledge base, [103] used words from knowledge base to-
gether with common words in generation process. Empirical
studies demonstrated that the proposed model was capable
of generating natural and right answers to the questions by
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referring to the facts in the knowledge base.

3.1.6 Interactive Dialogue learning
Learning through interaction is one of the ultimate goals
of dialogue systems. [35] simulated dialogues between two
virtual agents. They defined simple heuristic approxima-
tions to rewards that characterize good conversations: good
conversations are forward-looking [1] or interactive (a turn
suggests a following turn), informative, and coherent. The
parameters of an encoder-decoder RNN defined a policy over
an infinite action space consisting of all possible utterances.
The agent learned a policy by optimizing the long-term
developer-defined reward from ongoing dialogue simulations
using policy gradient methods [91], rather than the MLE
objective defined in the standard SEQ2SEQ models. [33]
further attempted to improve the bot’s ability to learn from
interaction. By using policy learning and forward predic-
tion on both textual and numerical feedback, the model can
improve itself by interacting with human in a (semi-)online
way.

As most human respondents may ask for clarification or
hints when not confident about the answer, it is natural to
make the bot owning such a capability. [32] defined three sit-
uations where the bot has problems in answering a question.
Compared the experimental results of not using a asking-
question way, this method made great improvement in some
scenarios. [29] explored the task on negotiation dialogues.
As conventional sequence-to-sequence models simulate hu-
man dialogues but fail to optimize a specific goal, this work
took a goal-oriented training and decoding approach and
demonstrated a worthwhile perspective.

3.1.7 Evaluation
Evaluating the quality of the generated response is an im-
portant aspect of dialogue response generation systems[37].
Task-oriented dialogue system can be evaluated based on
human-generated supervised signals, such as a task comple-
tion test or a user satisfaction score[76; 46; 24], however, au-
tomatically evaluating the quality of generated responses for
non-task-oriented dialogue systems remains an open ques-
tion. Despite the fact that word overlap metrics such as
BLEU, METEOR, and ROUGE have been widely used to
evaluate the generated responses, [37] found that those met-
rics, as well as word embedding metrics derived from word
embedding models such as Word2Vec[43] have either weak
or no correlation with human judgements, although word
embedding metrics are able to significantly distinguish be-
tween baselines and state-of-the-art models across multiple
datasets. [70] proposed to use two neural network models to
evaluate a sequence of turn-level features to rate the success
of a dialogue.

3.2 Retrieval-based Methods
Retrieval-based methods choose a response from candidate
responses. The key to retrieval-based methods is message-
response matching. Matching algorithms have to overcome
semantic gaps between messages and responses [21].

3.2.1 Single-turn Response Matching
Early studies of retrieval-based chatbots mainly focus on re-
sponse selection for single-turn conversation[78], where only
the message is used to select a proper response. Typically,
the context and the candidate response are encoded as a vec-

tor respectively, and then the matching score is computed
based on those two vectors. Suppose x is the vector repre-
sentation of a message and y corresponds to the response
vector representation, the matching function between x and
y can be as simply as bilinear matching:

match(x,y) = xTAy,

where A is a pre-determined matrix, or more complicated
ones. [39] proposed a DNN-based matching model for short
texts response selection and combined the localness and hi-
erarchy intrinsic in the structure. [21] improved the model
by utilizing a deep convolutional neural network architec-
ture to learn the representation of message and response,
or directly learn the interacted representation of two sen-
tences, followed by a multi-layer perceptron to compute the
matching score. [79] extracted dependency tree matching
patterns and used them as sparse one-hot inputs of a deep
feed-forward neural network for context-response matching.
[92] incorporated the topic vector generated by Twitter LDA
model [108] into the CNN based structure to boost responses
with rich content.

3.2.2 Multi-turn Response Matching
In recent years, multi-turn retrieval-based conversation draws
more and more attention. In multi-turn response selection,
current message and previous utterances are taken as input.
The model selects a response that is natural and relevant
to the whole context. It is important to identify important
information in previous utterances and properly model the
utterances relationships to ensure conversation consistency.
[38] encoded the context (a concatenation of all previous ut-
terances and current message) and candidate response into a
context vector and a response vector through a RNN/LSTM
based structure, respectively, and then computed the match-
ing degree score based on those two vectors. [97] selected
the previous utterances in different strategies and combined
them with current messages to form a reformulated context.
[111] performed context-response matching on not only the
general word level context vector but also the utterance level
context vector. [93] further improved the leveraging of utter-
ances relationship and contextual information by matching
a response with each utterance in the context on multiple
levels of granularity with a convolutional neural network,
and then accumulated the vectors in a chronological order
through a recurrent neural network to model relationships
among utterances.

3.3 Hybrid Methods
Combing neural generative and retrieval based models can
have significant effects on performance.[66] and [52] attempted
to combine both methods. Retrieval-based systems often
give precise but blunt answers, while generation-based sys-
tems tend to give fluent but meaningless responses. In an en-
semble model, the retrieved candidate, along with the orig-
inal message, are fed to an RNN-based response generator.
The final response is given by a post-reranker. This ap-
proach combined the advantages of retrieval and generation
based models, which was appealing in performance. [60]
integrated natural language generation and retrieval mod-
els, including template-based models, bag-of-words mod-
els, sequence-to-sequence neural network and latent variable
neural network models and applied reinforcement learning to
crowdsourced data and real-world user interactions to select
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an appropriate response from the models in its ensemble.

4. DISCUSSION AND CONCLUSION
Deep learning has become a basic technique in dialogue sys-
tems. Researchers investigated on applying neural networks
to the different components of a traditional task-oriented
dialogue system, including natural language understanding,
natural language generation, dialogue state tracking. Recent
years, end-to-end frameworks become popular in not only
the non-task-oriented chit-chat dialogue systems, but also
the task-oriented ones. Deep learning is capable of leverag-
ing large amount of data and is promising to build up a uni-
fied intelligent dialogue system. It is blurring the boundaries
between the task-oriented dialogue systems and non-task-
oriented systems. In particular, the chit-chat dialogues are
modeled by the sequence-to-sequence model directly. The
task completion models are also moving towards an end-to-
end trainable style with reinforcement learning representing
the state-action space and combing the whole pipelines.

It is worth noting that current end-to-end models are still
far from perfect. Despite the aforementioned achievements,
the problems remain challenging. Next, we discuss some
possible research directions:

• Swift Warm-Up. Although end-to-end models have
drawn most of the recent research attention, we still
need to rely on traditional pipelines in practical dia-
logue engineering, especially in a new domain warm-
up stage. The daily conversation data is quite “big”,
however, the dialogue data for a specific domain is
quite limited. In particular, domain specific dialogue
data collection and dialogue system construction are
laborsome. Neural network based models are better
at leveraging large amount of data. We need new way
to bridge over the warm-up stage. It is promising that
the dialogue agent has the ability to learn by itself
from the interactions with human.

• Deep Understanding. Current neural network based
dialogue systems heavily rely on the huge amount of
different types of annotated data, and structured knowl-
edge base and conversation data. They learn to speak
by imitating a response again and again, just like an
infant, and the responses are still lack of diversity and
sometimes are not meaningful. Hence, the dialogue
agent should be able to learn more effectively with a
deep understanding of the language and the real world.
Specifically, it remains much potential if a dialogue
agent can learn from human instruction to get rid of
repeatedly training. Since a great quantity of knowl-
edge is available on the Internet, a dialogue agent can
be smarter if it is capable of utilizing such unstructured
knowledge resource to make comprehension. Last but
not least, a dialogue agent should be able to make rea-
sonable inference, find something new, share its knowl-
edge across domains, instead of repeating the words
like a parrot.

• Privacy Protection. Widely applied dialogue system
serves a large number of people. It is quite necessary
to notice the fact that we are using the same dialogue
assistant. With the ability of learning through inter-
actions, comprehension and inference, a dialogue as-
sistant can inadvertently and implicitly store some of

sensitive information [50]. Hence, it is important to
protect users’ privacy while building better dialogue
systems.
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ABSTRACT
Research and experimentation in various scientific fields are
based on the observation, analysis and benchmarking on
datasets. The advancement of research and development
has thus, strengthened the importance of dataset access.
However, without enough knowledge of relevant datasets, re-
searchers usually have to go through a process which we term
“manual dataset retrieval”. With the accelerated rate of
scholarly publications, manually finding the relevant dataset
for a given research area based on its usage or popularity is
increasingly becoming more and more difficult and tedious.

In this paper, we present Delve, a web-based dataset re-
trieval and document analysis system. Unlike traditional
academic search engines and dataset repositories, Delve is
dataset driven and provides a medium for dataset retrieval
based on the suitability or usage in a given field. It also
visualizes dataset and document citation relationship, and
enables users to analyze a scientific document by upload-
ing its full PDF. In this paper, we first discuss the reasons
why the scientific community needs a system like Delve. We
then proceed to introduce its internal design and explain
how Delve works and how it is beneficial to researchers of
all levels.

1. INTRODUCTION
The word “Data” according to the Webster’s English dictio-
nary [35], is defined as “a collection of facts, observations, or
other information related to a particular question or prob-
lem”. Based on the above definition, data (physical or digi-
tal) can be attributed to being a “cornerstone” of various sci-
entific researches which have led to the advancement of sci-
ence and technology. In various scientific fields, the research
process involves exploration, analysis and evaluation based
on a set of data. For instance, various computer science
fields (machine learning, data mining, database, computer
vision, pattern recognition, etc.) usually evaluate the effec-
tiveness of a proposed approach based on experiments con-
ducted on a set of benchmark datasets. In several other sci-
entific fields like the environmental and biological sciences,
the credibility of proposed models designed from data and
available knowledge in consort with end-users and simula-
tions is usually critically analyzed and reviewed based on the
model’s performance on a particular range of data spectrum
[22; 16; 5; 2].

The amelioration of science and technology has made it pos-

sible not just to approach problems that could have never
been solvable in the past but to also improve upon the per-
formance of previous methods. Data is essential to both
cases. However, scholarly search based on dataset usage
even when familiar with the research field might require a
significant amount of time and effort due to the unprece-
dented rate of scholarly publications [23]. For example, con-
sider the query: “Find all papers using the MOA datasets
and working on relational learning”. Typically, a two-step
manual method for answering this query is to 1) query the
academic search engines for papers on relational learning,
and 2) spend a lot of time reading through the searched pa-
pers to filter out the papers using the MOA datasets. This
process can be quite tedious and becomes more complex as
a paper “A” might specify it used the same dataset as in pa-
per “B”, in which case a researcher also needs to search and
go through paper “B” to determine what dataset was used.
Another relevant query can be: “Find popular datasets used
in relational learning”. It will also require a vast amount of
time to be dedicated to reading many articles.

It is vital to have a data-driven search engine to exploit
the rich semantics of dataset information available in aca-
demic documents, which current scholarly search engines
fail to provide. With the availability of different academic
web search engines and databases (e.g., Google scholar1,
Microsoft Academic2, Semantic scholar3), information on
papers or authors in different fields, topics, can be easily
accessed. Also, dataset portals and repositories like Open-
data4 and UCI repository [21] provide a medium where users
can search for datasets. However, having these two sys-
tems independently, even though each individually performs
its respective functions, offers only a meager benefaction in
finding relevant papers working on a given dataset or find-
ing relevant datasets for a given problem. To the best of
our knowledge, only one academic search engine3 currently
integrates the use of dataset in academic document search.
It uses dataset as a filter medium to their search results,
rather than allowing datasets as a search query, i.e., not an-
swering a simple query like “Find all the papers using MOA
dataset”.

In this paper, we present Delve, an online dataset-driven
system that provides a medium for dataset or document
search, visual analysis of the citation relations among doc-
uments and datasets, and online document analysis. More

1https://scholar.google.com
2https://academic.microsoft.com
3https://www.semanticscholar.org
4https://data.opendatasoft.com
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specifically, Delve offers users a simple and easy-to-use in-
terface for

• Finding a set of benchmark datasets for a research
topic/field interest;

• Finding a set of research papers that used the same
datasets;

• Visually analyzing the citation relations of academic
documents and datasets;

• Instantly online analyzing an academic document and
showing its citation relations w.r.t. other documents
and datasets, when a PDF of the document is pro-
vided.

With these above-mentioned features, Delve is useful for dif-
ferent purposes, e.g., finding relevant papers for literature
review, finding appropriate datasets for a specific research
interest, understanding document and dataset citation rela-
tionships.

The rest of the paper is organized as follows. In section 2,
we discuss the importance of data availability and access for
scientific research. Section 3 presents a brief overview of the
previous works done in the area of document and dataset
search. We explicitly introduce the Delve system in section
4 and show how the Delve system works in section 5 by
presenting some use case scenarios. We then provide some
possible extension of the system in section 6 and conclude
in section 7.

2. DATA ACCESS IN SCIENCE
Ancient civilizations like the Egyptians, Babylonians, Indi-
ans, and Chinese; practiced what many could refer to today
as applied science and mathematics [15]. Using the knowl-
edge obtained from recording and studying the stars and
heavenly bodies, they were able to predict seasons and de-
velop principles of direction that they then applied to agri-
culture and navigation. The availability of the recorded data
about the stars and heavenly bodies played a significant role
in the study of seasons and navigation. Data have always
been a driving force in the evolution of science and tech-
nology. With the current progression of science, the crucial
need for data becomes more and more pronounced. In this
section, we will discuss the importance of dataset access and
analysis in scientific research.

2.1 Empirical Evaluations
Empirical evaluations are one of the fundamental procedures
in scientific research, for validating and analyzing the perfor-
mance of different methods. Usually, the evaluations provide
a comparison showing which method is superior in a given
problem setting [12]. As commonly noted by several authors
[12; 8; 28; 7], evaluations can sometimes be seriously mis-
leading, and need to be made in a fair and objective way.
Also, as noted by Keogh [19], most empirical evaluations
are data biased because the choice of dataset has a substan-
tial effect on the results reported in many scholarly papers.
For instance, let us consider a researcher with a prior re-
search interest in Natural Language Processing (NLP) who
might be interested in developing a new method or extend-
ing a previous method in a new research area of interest

(e.g., image annotation). To show the performance of her
method, the researcher would need to compare the perfor-
mance of her method with that of some prior methods on
the different datasets used by the prior works. Without the
availability and prior knowledge of such datasets, a fair and
objective comparison cannot be made. Easy access to in-
formation about datasets and how they have been used will
reduce the data biases in empirical evaluations and curtail
the dilemma of choosing the wrong datasets for this step
of scientific research. This information would improve the
quality and validity of empirical evaluations and increase the
efficiency of researchers.

2.2 Reproducibility and Data Analysis
A scientific work needs to be repeatable given the same pro-
cedure, parameters, and data. Reproducibility makes a re-
search work easier to understand by other researchers both
to verify the reported results or to extend the work. How-
ever, the lack of reproducibility has continued to be a sig-
nificant problem in science, and several authors [14; 19; 27]
have warned against it. The availability of dataset used in a
scientific work is quite crucial for the reproducibility of the
work, as methods perform differently with different datasets
[12]. Providing information and easy access to datasets used
in various scientific research works would enhance the re-
producibility of these works, and thus enable an objective
analysis and validation of research works, for promoting the
quality of scientific research.

Another advantage of providing access to dataset informa-
tion is that the value of data can be better explored by more
researchers. This data exploration could lead to further in-
sights and observations, bringing about more knowledge dis-
coveries from the dataset by using it for different purposes,
which might not be the initial intention of gathering the
dataset. A valid example of this, as mentioned by Van-
schoren et al. [33], is the Sloan Digital Sky Survey (SDSS)
data. The SDSS project commissioned to take spectra and
images of about 35% of the night sky has so far created
the most comprehensive astrophysical catalog in the world
[36]. This collected data, which was initially confined only
to the members of the project, was opened up to the public
[30] and has since been used in different research studies.
Due to the availability of the data, scientists were able to
ask different questions from the dataset [29; 24; 25; 13; 4],
leading to a vast number of discoveries. An example of a
significant discovery from the SDSS data is the discovery
of the emission light galaxy known as “Green peas” via the
Galaxy Zoo project. The Galaxy Zoo project employs the
help of astronomy enthusiasts to classify millions of galaxies
in data obtained from different sources including the SDSS.
Volunteers studying the SDSS data provided by the Galaxy
Zoo project discovered the emission light galaxy by noting
their peculiarity which was then unresolved in Sloan Digital
Sky Survey imaging [4].

3. PREVIOUS WORK
Over the years, the importance of access to scholarly doc-
uments and datasets has been increasingly recognized by
researchers. There have been works directed towards mak-
ing information to scholarly documents and datasets easily
accessible. However, these efforts have mostly been disjoint.
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3.1 Scholarly Search Engines
Citeseer5, an open-source scholarly search engine, was in-
troduced in 1997 by Giles et al. [10] as an automatic ci-
tation indexing system. Citeseer later became CiteseerX
in 2007, which is a scholarly search engine, digital library,
and repository for scientific and academic papers with a fo-
cus on scholarly papers in computer science [1]. Citeseer
is considered to be the first academic search engine and
only indexes publicly available documents. In 2000, Scirus6

was launched as a joint work between FAST, a Norwegian
search engine company, and the Elsevier Science publishing
group to address the problem of access to scholarly docu-
ments from both authoritative sources like publishers and
non-authoritative sources like university websites. Scirus
has since been retired in 2014 and replaced with Scopus7.

Two of the more recent scholarly search engines are Google
Scholar1 and Microsoft Academic2. Google scholar was ini-
tially launched in 2004 as a way to improve the efficiency
of researchers by providing access to scholarly literature in-
formation and knowledge [20]. Over the years more features
have been added to the search engine including saving search
results and organizing author citations. Microsoft Academic
was initially introduced as Windows Live Academic Search
in 2006 to compete with Google’s scholarly search engine,
and then was retired after two years. In 2016, Microsoft
Academic, a relaunch of Microsoft Academic Search, was
introduced as a free public scholarly search engine, which
essentially has the same function as other scholarly search
engines.

Some systems extend the idea of academic search engines by
applying machine learning techniques on the academic doc-
uments to retrieve other information from the scholarly ma-
terials. AMiner8 (former Arnetminer) was created in 2006
to search and analyze researcher networks [31]. In 2015,
Semantic Scholar3 was created to provide a smart search
service for journals by applying some machine learning tech-
niques and a layer of semantic analysis. Semantic Scholar in-
corporates the use of datasets as a filter parameter in gener-
ating their results. Currently, there is a considerable amount
of scholarly search engines available on the web, each with
its features. However, none of the currently available aca-
demic search engines is dataset driven.

3.2 Dataset Repositories and Portals
The creation of standard collections of datasets has made
the reproduction and empirical evaluations of scientific work
easier and fair [12]. There are a lot of dataset repositories
and data portals currently available. Some of these like the
UCI repository [21], KDD achive9, Mldata10, OpenData-
Soft4, Data.Gov11, SDSS12 and LDC13 are openly accessible
to the public. There are also the commercial dataset col-

5http://citeseerx.ist.psu.edu
6http://www.scirus.com
7https://www.scopus.com
8https://aminer.org
9https://kdd.ics.uci.edu

10http://mldata.org
11https://www.data.gov
12http://www.sdss.org
13http://www.ldc.upenn.edu

lections including Datamarket14, Xignite15, and IEEEDat-
aPort16. With the increasing advocacy of open data, more
and more closed datasets are being made public. Open data
has been shown to benefit both the academic community
and the data owner [33; 14; 12; 17].

Vast number of dataset repositories and data portals mean
more available datasets to use, but also mean more diffi-
culties for researchers to find appropriate datasets and rel-
evant references. It is often that researchers end up us-
ing datasets they have heard or read about, even though
there might be better datasets available and more suitable
for their research problem. Having a platform possessing in-
formation on datasets from different dataset repository and
data portals, ranking them by relevancy to a search keyword
or phrase, and providing the relevant datasets to researchers
will not only provide researchers with better dataset choices
but also provide exposure to various good dataset reposito-
ries and data portals.

4. DELVE
Delve17 is a dataset-driven system with a focus on dataset
retrieval and document analysis [3]. The advanced features
Delve has over other scholarly search engines are

• Delve can be used to retrieve dataset-driven re-
sults. For example, in Delve homepage (shown in Fig-
ure 8a), a user can give a query word, which can be
a dataset name or a research topic, e.g., image/video
annotaiton. Matched datasets will be returned and
ranked by their relevance (shown in the middle part
of Figure 6), as well as relevant research documents
(given in the right part of Figure 6). This feature is
very useful for finding relevant datasets and surveying
relevant research documents.

• Delve can be used to understand the relationship
between papers and dataset. This relationship can be
paper-to-paper, paper-to-dataset, or dataset-to-dataset.
For example, the graph in Figure 7b and Figure 8b
show the citation relationship among papers and datasets.
The visualization of the relationship among papers and
datasets can help on easily getting more insights about
a paper or dataset.

• Delve can analyze PDFs of academic documents.
This feature can be used in analyzing a document even
before submitting it to a journal or conference to eval-
uate its relationship to other published papers. With
this, a researcher will be able to detect a paper that
might be of advisable to cite or read through. Figure
8 demonstrates one example of this feature.

Detailed works behind each feature will be discussed in next
subsections. At the time of writing this paper, we have to
admit some disadvantages of Delve:

• The size of the Delve database (currently including
2 million scholarly documents) is limited when com-
pared with the database of other popularly used aca-
demic search engines. This limitation would be less

14http://www.qlik.com/us/products/qlik-data-market
15http://www.xignite.com/
16https://ieee-dataport.org/
17https://delve.kaust.edu.sa
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of an issue as the Delve database will be continuously
expanded with more collections.

• There are false citation relationships displayed on Delve.
This issue is due to the limited document collection
size and the simple algorithm Delve currently uses for
citation relationship prediction. We expect this to be
curtailed with improvements to the applied algorithms
and the addition of more document collections.

4.1 The Delve Database
The Delve database was initialized by collecting papers pub-
lished in 17 different conferences and journals between 2001
to 2016, including AAAI, IJCAL, TKDD, NIPS, CIKM,
VLDB, ICML, ICDM, PKDD, WSDM, SDM, ICDE, KDD,
DMKD, KAIS, WWW, and TKDE. Using the Microsoft
graph dataset18, the Delve database was extended to include
references and the references of their references (up to 2 hops
away) of the papers in the initially selected conferences and
journals. This extension thus enlarged our database. At
the time of writing this paper, the Delve database includes
more than 2 million scholarly documents from more than
1000 different sources including conferences, journals, and
books.

Documents and datasets are treated as nodes in Delve. A
large citation graph is then built by linking papers and pa-
pers, papers and datasets, datasets and datasets if there
exist citation/usage relations among them. For support-
ing dataset-driven search, Delve explores not only the node
content (text of scholarly documents or datasets), but also
the edge labels (positive labels indicating the dataset rele-
vance, e.g., paper A used dataset D, or paper A citing paper
B because of the common datasets they used). The initial
labeling work was conducted by crowd-sourcing on papers
and datasets cited by these papers published in ICDE, KDD,
ICDM, SDM, and TKDE from 2001 to 2014. These labels
(accounting for 5% of the whole graph edges) have been
manually verified to be correct by three qualified partici-
pants. Due to the high cost of crowd-sourcing, it is infea-
sible to label the remaining 95% of edges manually. There-
fore, one of the principal challenges that arise in Delve is
to develop an efficient and effective method to assign labels
to a large number of unlabeled edges. To tackle this issue,
we developed a semi-supervised learning method using ideas
adopted from the label propagation algorithm [9] for edge
label inference, which will be discussed later in section 4.3.

4.2 Document Parsing
For preparing node content, we acquired publicly available
PDF documents of papers in the Delve dataset when acces-
sible. For nodes when PDFs are not accessible, we acquired
their other content information such as title, authors, ab-
stract, publication venue, publication year, URLs, etc. The
documents were collected through web crawling from differ-
ent sources. The web crawler was designed to go through
a list of scholarly document URLs to locate and download
PDF files that are openly available. This URL list of pa-
pers was obtained from the Microsoft graph dataset and by
crawling the web. We were able to collect about 680,000
PDFs, according for 32% of the nodes in the whole graph.

18https://academicgraph.blob.core.windows.net/graph-
2015-11-06/index.htm

The downloaded PDFs are converted into text using the
Linux pdf2text tool. Then using methods proposed in [6;
32], we sectionize the text. We extract the following sections
from each document:

Header: This is composed of the title of the paper, the
author(s) information, and the keywords when avail-
able;

Abstract: We extract the paper abstract when available;

Paper body text: This is composed of the document text
excluding the header information, abstract and refer-
ences;

Citation: We extract the document references made in
the paper, which is then parsed further to separate
the different parts of the citation: author, title, year
of publication, and page numbers;

Citation context: These are the sentences encompassing
a citation reference in the body of the document;

Cited links: These are the URLs cited in the paper. These
URLs could be links relevant to the research work, link
to datasets used, or link to the implementation codes.

Due to the variety of the documents we currently have in
our database, we still experience some of the parsing issues
due to variations in formatting as noted in [10]. We expect
in time for this problem to be reduced with the improvement
to the parsing algorithm.

The citation information of the papers is extracted from the
paper text, Microsoft dataset, and the web. We proceed to
identify and merge the different citations to the same article,
and then build the citation network. The apparent difficulty
in dealing with citations made in different conferences and
journals is the variations in the formatting of documents and
their citation methods, such as the MLA, APA, Chicago,
Harvard, and other formats. There exist also papers that
do not follow any particular guideline citation format, even
include typos in citation.

In order to split each cited paper in References into sec-
tions such as authors, title, publication year and so on, we
developed a rule-based method and combined it with the
method proposed in [6]. The heuristics in the constructed
rules have considered the variation of reference styles in dif-
ferent documents. For instance, the author section normally
appear first, and often separated by comma from each other.
The publication year, a double quote or a full-stop usually
separates the authors and the title sections. However, these
observations do not present a generalization over all the cita-
tion syntaxes which we incorporated in our splitting method.
After the splitting, a reference paper appearing in different
styles are merged as a single one. Then, we proceed to
create the citation network of the system by building the
links between papers and datasets based on their citation
relationship. Next, we discuss the citation network building
and labeling.

4.3 Delve System Design
The Delve system is made up of two main modes of opera-
tion. A high-level view of the system architecture is shown in
Figure 1. The offline processing module includes the remote
structure, framework, and design of the system to ensure
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Figure 1: Delve Offline and Online Process

its functionality. New improvements and updates are regu-
larly made to the system. In online processing, Delve web
interface accepts user query (search phrase or file upload).
Delve analyzes and executes the query, launching different
processes that perform the execution, ranking, and result
analysis.

We express a paper or dataset source in our system database
to an entity. Each entity is made up of a set of attributes
(title, authors, papers cited, papers citing it, its citation in-
formation, etc). From this information, a citation network
G = {V,E} is built through linking two entities if one cites
the other. An edge between vi and vj are labeled positive
(dataset related) if vi cites vj because vi uses the dataset
in vj , or negative (not dataset related) otherwise. As dis-
cussed previously, the data-driven search will explore nodes
that are linked by positive edges. A significant challenge in
Delve is the edge label assignment in a large citation network
with only 5% known labels, which are crowd-sourced.

4.3.1 Edge Label Assignment
Based on the logical assumption that a highly cited dataset
entity will most likely gain more positive citations than neg-
ative citations in the future, we see that for our problem, en-
tity citations labels are interrelated. We adopted two meth-
ods (label propagation [37] and PageRank [26]) and modified
them to infer labels for the edges with unknown labels. They
are selected due to their advantages in the amount of priori
needed, better run time, and fitness our problem, consider-
ing that we are working with a large network with missing
information.

Before using the inferred edge labels in query answering, we
conducted extensive experiments to evaluate the developed
methods on a total of 101,503 labeled edges. The results
are reported in Table 1. The studied network is overwhelm-
ingly unbalanced with most of the nodes having very low
in-degree. Therefore, to ease the performance assessment,

Table 1: Performance results of edge label inference using
modified PageRank and label propagation

Pagerank Label Propagation
AUC 0.8231 0.8979
Precision 0.9933 1.0
Recall 0.6391 0.6260

Figure 2: Graph G is reconstructed into G′, where ei = v′i,
L = 0.5+Simij , H = 1+Simij . In G, different types of link
relationship are illustrated by colors, blue links are positive,
red links are negative, while a black edge (e4) shows a link
with a missing label. In G′, these edges are represented
by nodes in corresponding colors, while the white node v′4
signifies the black edges e4 with a missing label.

we randomly sample 10% of incoming edges to nodes with
high in-degree as test datasets. The results are obtained
from running the evaluation five times with random samples
and then taking the average. We measure the performance
of these methods based on the precision, recall, and AUC
value. The performance of both methods are comparable.
However, label propagation is a little better and more stable
than RageRank w.r.t. parameter settings. Thus, the adop-
tion of the label propagation method as the main labeling
algorithm for the Delve system. The details of these two
approaches are given next.

4.3.1.1 Label Propagation.
Label propagation is a popular graph-based semi-supervised
learning framework which is efficient in large graphs. The
classic problem setup is defined as follows: given a graph
G = {V,E}, a set of nodes Vl have known labels, while the
remaining nodes Vul have unknown labels. Label propaga-
tion infers the labels of Vul by progagating the known labels
from Vl to Vul.

We aim to label the edges, and thus restructure our graph
to G′ = {V ′, E′,W ′}, where the set of nodes V ′ is the set
of edges E in graph G and E′ is the set of generated edges
whose weight W ′ show the calculated similarities between
two edges corresponding to nodes (v′i, v

′
j),∀v′i, v′j ∈ V ′. The

edges E′ are generated by linking each edge ei in the original
G (v′i in G′) to the top 20 similar edges ej (v′j in the original
G′) that have the same target node as ei or where the target
node of ei is the source node of ej .

A simple example of this reconstruction is shown in Figure
2. Since this is not an undirected graph, using the recon-
structed graph G′ as described above is not enough to en-
sure convergence. A general way to ensure convergence is to
disregard the directions or make the graph matrix stochas-
tic and irreducible [26]. The problem with these solutions
w.r.t. our work is that they implicitly make a vague as-
sumption that all papers and dataset are somewhat related.
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Figure 3: A simple case of a dead-end. A preprocessing
step is applied on the reconstructed graph - assigning an
“unknown” label to each node with a dead-end (in this case
nodes v′2 and v′3; shown in yellow).

We, therefore, opt for a different solution and introduce a
new label “unknown”. Before running the propagation algo-
rithm, we scan through the reconstructed graph, searching
and assigning the label “unknown” and append a self-loop
to the nodes v′d ∈ V ′ with a dead-end. Figure 3 presents a
simple example of a dead-end preprocessing.

To define the similarity between v′i and v′j (two edges ei and
ej in the original graph G), we extract the number of dataset
keywords19 from each citation context (i.e., the sentences
which encompass the citations). We then defined a Gaussian
similarity score between pairs of edges (ei and ej in G)

Simij = exp(−||di − dj ||
2

2σ2
) (1)

where di = nd
nc

, nd is the number of dataset related words
in the sentences which encompass the citation depicted as
di, and nc is the number of such sentences in the source
papers.We then assign a weight:

W ′
ij =

{
1 + Simij if v′i and v′j have the same target vt ∈ G,

0.5 + Simij otherwise.

(2)

With the constructed graph G′ = {V ′, E′,W ′} where a
small portion of V ′ have verified labels, label propagation
algorithm is run to propagate the given labels to unlabeled
V ′. After the labeling step, the graph G′ is reconstructed
back to the original graph G.

4.3.1.2 PageRank.
PageRank algorithm [26] determines the importance of a
web page based on the importance of other web pages with
which it has in-links. A web page that has more in-links
will have higher importance (measured as PageRank score).
In-links can be considered as weighted votings, where the
weight of a link depends on the importance of the source
page and also the number of out-links the source page has.

In our built network, there is a general observation: if a pa-
per node or dataset node is highly cited with positive edges,
the likelihood of a new unknown citation to this node to
be also positive is high. This observation conforms to the
mechanism of PageRank: web page with many in-links are
good, and in-links from a “good” web page are better than
in-links from a “bad” web page. We correspond dataset ci-
tation links to “good” links and others to “bad” links. We

19We manually compiled a list of dataset related words
and phrases, such as: “used dataset from”, “gene
banks”,“copora”, etc.

Figure 4: Delve search schema

then, apply PageRank to rank the nodes, with an expecta-
tion that highly cited nodes relevant to dataset are ranked
higher than others.

To do this, we construct a Markov model M that repre-
sents the graph G as a sparse matrix whose element Mu,v is
the probability of moving from node u to node v in one-time
step. We then compute the adjustments to make our matrix
stochastic and irreducible (see [26]). The PageRank scores
are then calculated using a modified version of the quadratic
extrapolation algorithm, which accelerates the convergence
of the power method [18]. In the original PageRank al-
gorithm, the PageRank score ru for node u ∈ V can be
recursively defined as:

ru = Σv∈Lu

rv
Nv

, ∀u ∈ V. (3)

where Nv is the number of out-links from node v, and Lu is
the set of nodes that are connected to u.

To include the known positive labels of edges, we modified
the algorithm such that the PageRank score is recursively
defined as:

ru = Σv∈Lu


ru
Nv

if edge (v, u) is 1,

− ru
Nv

otherwise,
(4)

Equation (4) is set such that incoming negative links will
decrease the rank score of a node, while incoming positive
links will increase the rank score of a node. An initial rank
score of 1

N
is assigned to each node (N is the total number

of nodes). After converged ranking scores are obtained for
each node, a threshold is applied to nodes, whose incom-
ing citations are labeled as positive if its score is above the
threshold, and negative otherwise. It is worth noting that
the threshold has a high impact on the inference accuracy.
We set it be the 85th percentile after cross-validation.

4.3.2 Delve Search
Figure 4 presents a scenario where a user is searching for
a dataset to use as a benchmark dataset for her research
project. She enters her research topic of interest as a query
(input). Delve analyzes this query and presents the user
with results (outputs) ranging from matched datasets to pa-
pers that used these datasets, which all ranked by relevance.
An example of the search result page is shown in Figure 6.
To save users’ time on filtering out unusable data sets, we
separate the invalid datasets (datasets that are no longer
available) from the valid ones. Although unavailable (see
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the third tab in the middle of Figure 6), the information of
these datasets is still presented for the literature review and
survey purpose. It is worth mentioning that a dataset node
can actually be a paper if it contains direction or descrip-
tions of the dataset used in other papers.

Delve is also capable of handling queries based on snippets
of the dataset name. For example, the user might have a
dataset in mind, e.g., the PTB Diagnostic ECG Database
“http://physionet.org/physiobank/database/ptbdb/”. How-
ever, the user only knows that the dataset is from physionet
and is called ptb. Entering “physionet ptb” will return the
correct result.

When a user inputs a query using the user interface, the
search phrase is parsed and sent to the dataset query ana-
lyzer and the document query analyzer for processing and
analysis the search result results. The search schema is made
up of three main layers namely: Dataset Query Analyzer,
Document Query Analyzer, and Popular Dataset Retriever.

Dataset Query Analyzer (DaQA): Given an input sear-
ch phrase, DaQA converts the search phrase into a
dataset query to search the Delve database for dataset
items that match the user search phrase. These dataset
items are the nodes associated with positive incoming
edges. They can be dataset entities, or paper entities
containing dataset information. The matched entities
are validated and ranked according to their relevance
scores. The result is sent both as output to the user
and as input to the Document Query Analyzer to re-
trieve documents that use the returned dataset items.

Document Query Analyzer (DoQA): The document
query analyzer receives as input the user search phrase
and the dataset items matching the search phrase.
The DoQA converts the search phrase into a docu-
ment search query, queries the database for documents
matching the query, and returns a ranked result. Pa-
pers citing the matched datasets items are assigned
a boosted weight in the relevance ranking algorithm.
The returned results are in turn sent as output to
the user and its indexes sent as input to the Popu-
lar dataset retriever to get the prevalent datasets used
by papers matching the search query.

Popular Dataset Retriever (PoDR): The work of the
popular dataset retriever is to query the database for
the popular dataset items cited by the papers returned
by the DoQA. More specifically, it retrieves dataset
nodes that have incoming positive links from nodes
presenting papers returned by the document query an-
alyzer. These datasets are then ranked according to
their citation count.

After the query processing and analysis, Delve returns to the
user the result from the different stages of analysis. Figure
6 presents a sample of the result returned by the different
stages. The dataset list displayed in the middle panel of Fig-
ure 6 shows the results from the DaQA (matched datasets).
The result from the first (DaQA) and third stage (PoDR)
can be seen under the “matched” and “popular” tabs respec-
tively. Results from the second stage (DoQA) are displayed
on the rightmost panel having a list of documents with their
metadata including the document title, authors, venue, and
abstracts.

Figure 5: Delve document analysis schema

4.3.3 Document Analysis
Delve queries can range from just a keyword search, dataset
search, or by uploading a file for on-line analysis. The doc-
ument analysis provides a medium where researchers can
quickly analyze a scholarly document regarding how it is rel-
evant to other documents, without checking the references
and searching and reading each of them. This analysis could
be for different reasons, like to understand the relationship
between a given paper (published or unpublished) with other
scholarly papers, to check for other similar papers for further
research, or to see the common datasets used in the citation
network community of a given paper. Delve allows users to
upload the PDF file of the paper for analysis. Delve analyzes
the PDF, translates the results into a query, processes the
query, and displays the result as a visual citation graph (see
Figure 5). The user can then use the Delve citation graph
GUI to analyze the paper further (see Figure 8). We plan
to provide more information from the document analysis.
Further additions will be made to the system later.

The document analysis is organized into three sub-processes
namely: document parsing, query processing, and result val-
idation. These sub-processes are explained below:

Document Analyzer: When a document PDF is uploaded,
Delve converts the PDF to text using the Linux pdf2text
tool. Then using our citation parsing algorithm, we
parse and extract the reference list from the academic
document. The result is a list of tuples containing the
references made in the paper. Each reference tuple
is composed of three items - authors, title, and other
information.

Query Processor: On receiving the reference list, the query
processor sends a query to the DBMS for retrieving
the relationship between the document and the items
in the Delve database, as well as for the relationship
between the references of this paper and items in Delve
database. This process is done by converting this pa-
per and each of its references to a database query.

Result Processor: The result processor validates the query
result and sets the format to the citation network syn-
tax. The result is written to a temporary file. The
file name is returned to the user interface which then
reads the file and displays the citation network.
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Figure 6: Delve search result page, showing the matched
datasets (middle) and documents (right). On the left, there
are different filter selections for making advanced search and
modifying the returned results.

5. HOW IT WORKS
As discussed before, Delve offers data-driven search and doc-
ument analysis. In this section, we demonstrate how Delve
works in these two modes. For better understanding Delve,
please try it at https://delve.kaust.edu.sa to further investi-
gate the interesting results and features provided by Delve.

5.1 Delve Search System
Delve supports two search modes: a normal search and an
advanced search. The normal search is structured to be intu-
itive and simple. The default output includes all the papers
in satisfying the query, ranked by relevance as explained in
section 4.3.2 above. The advanced search provides an ex-
tended medium for querying the system. A user can make
use of a combination of different filter selections provided
by the Delve web interface to modify the returned results.
These filters include searching specific conferences, journals,
authors, etc, as shown in the left part of Figure 6.

The search result page area is split into two: the dataset
result (displayed in the middle of Figure 6) and document
search results (displayed on the right in Figure 6). The
dataset results panel is composed of 3 tabs: Matched, Popu-
lar and Unavailable. The Matched tab contains the datasets
matching the search query, the Popular tab contains the list
of popular dataset used by the documents returned by the
document search query, and the Unavailable tab contains
the temporary or permanently unavailable dataset (whose
web links are no longer accessible).

Figure 6 shows the search result of the phrase “image/video
annotation”. The dataset search result is either a URL
(pointing to the web page of the dataset), or a paper (where
the dataset is introduced or used). A click on the dataset
result, if a link, will take the user to the web page of the
dataset. If it is a paper, a click on it will open the informa-
tion page of the paper. A click on a paper search result item
will also open the information page of the selected document,
as shown in Figure 7. In this case, it is a paper entitled “En-
hanced Max Margin Learning On Multimodal Data Mining
In A Multimedia Database” [11]. The information page is
composed of several sections :

Document Metadata: including the document abstract,

(a) Information page of the selected item showing the item meta-
data

(b) Information page of the selected item showing the item cita-
tion network

Figure 7: More details about a selected item are provided
on the item’s information page

authors, publication year and venue;

References: this shows the list of references in the pa-
per. Selecting “see more” will open a full list of the
document references;

URL section: the section is made up of two subsections
- Sources (links to document file) and Links (web links
referenced in the document);

Citation Graph: showing the citation network of the pa-
per. More details about this section are presented in
Section 5.3.

5.2 On-line Document Analysis
As discussed previously, Delve offers users a document anal-
ysis system, which is an important feature of Delve. On the
Delve homepage (see Figure 8a), a user can click on “Ana-
lyze file”, and then select a PDF document to be analyzed,
and upload it. The PDF document is then analyzed by the
system, and the result is displayed on a new page in the
form of a citation graph.

Figure 8b shows the result of analyzing a paper entitled
“Collaborative Filtering for Binary, Positively Data” [34],
which is recently published at ACM SIGKDD Explorations
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(a) Delve homepage

(b) Results shown after analyzing a PDF file
(c) Bar chart showing the number of citations per year in the
displayed citation network

Figure 8: The citation network produced by the document analysis system after analyzing a given document

Newsletter volume 19 in 2017. It is worth noting that this
paper is not included in our system database at the moment
of analysis. However, some of its reference papers are in-
cluded in Delve database. Therefore, we can analyze how
this paper and its references are relevant to other papers.
The citation network in Figure 8b is centered at this ana-
lyzed paper and shows its 2-hop neighbors (by setting Net-
work Neighborhood: 2 at the top-left corner). Actually, by
changing the setting of Network Neighborhood: k Delve can
display k-hop citation network centered at the analyzed pa-
per. More discussion about the citation network analysis is
given next.

5.3 Citation Network Analysis
One of the aims of our system is to provide researchers with
a medium to visualize and analyze paper and dataset re-
lationships. Delve provides a simple GUI interface of the
citation network of the scholarly documents in its database.
Each node represents a paper or a dataset. The color of a
node signifies how it is cited. A darker color shows that a
node is cited mainly based on dataset. The citation relation-
ship between nodes is shown by a directed link. A blue edge
shows a dataset based relationship (with a positive label);
a red edge shows a non-dataset based relationship (with a
negative label), or a broken edge (with an unknown label).
Mouse hovering over a node displays the node title.

The nodes can be interacted with in 3 different way: 1) a
left click on a node displays more information about the
item - including a bar chart showing the number of cita-
tions per year to the selected node based on the displayed

citation network (see Figure 8c). Clicking on a bar in the
displayed bar chart shows a list of documents citing the se-
lected node document published in the year shown by the
bar corresponding to the selected paper. 2) A right-click on
a node pops out a list of documents citing or being cited by
the node document. And 3) a double-click on a node opens
up the information page of the document corresponding to
the node.

The tool panel located at the left of the citation network
provides some additional tool for analysis. The user can in-
crease the size of the network neighborhood, filter selected
papers by year of publication, select the most related pa-
pers based on the citation relationship, etc. The raw data
used in constructing the citation network can be retrieved
by clicking on the “View Data” button.

Another feature of Delve is the online edge inference feature.
Currently, Delve uses a modified version of label propagation
(see section 4.3.1.1) to predict the unknown labels in the
citation network. When a user clicks on “Infer unknown”,
Delve reads the citation file, applies the inference algorithm,
updates the file with the result and signals the web interface
of completion. The web interface reads the updated file and
displays the new result.

6. FUTURE WORK
Delve is already launched in public for noncommercial free
use. However, it is still young. There are several directions
to promote the system. In this section, we present and dis-
cuss some future plans for the Delve system.
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6.1 Algorithmic Improvement and Database
Extension

There are different areas of algorithmic improvement. We
plan to improve the document parsing algorithm to improve
the Delve database and also the performance of the Delve
document analysis system. Another area of improvement is
in the citation relationship inference. We plan to apply a
more sophisticated inference method. We also need to make
all these algorithms efficient for big data.

We plan to extend the Delve database by including papers
in conferences and journals out of data mining and machine
learning fields, like Bioinformatics, Geology, Biology, Com-
puter vision, etc. With the database extension, we plan
to extract more datasets, thus, enriching the Delve dataset
database.

6.2 Document Analysis and Citation Network
Currently, Delve shows a binary citation relationship (dataset
related and non-dataset related). We plan to extend this
to include different types of relationships. For instance, a
non-dataset based citation from one paper to another exists
probably because of the similar method they used, or be-
cause one is the prior work of another, or just because they
are from the same authors though having irrelevant content.
This feature will improve the document analysis experience
as it will provide users with more information about the
document.

Another exciting direction is to not only show the citation
relationship but also show how citation changes over the
years. Knowing how citation changes over time would pro-
vide a better understanding of the papers - the significance
and impact of the papers to their respective research field
and science in general. We also plan to provide more net-
work and document analysis tools. Some features might
include the following:

• Recommend uses documents to read, datasets to use,
and authors to follow, given the query history;

• Show the top K popular datasets in different research
areas;

• Identify influential papers based on the citation net-
work analysis by understanding the roles they played
when being cited.

6.3 Structured Document Information
Another plan of our future research direction is to generate
structured abstracts from documents texts. A structured
abstract is an abstract structured in sections (e.g., objec-
tives, method, results) providing a general summary of the
whole document. With this feature, Delve document analy-
sis will provide users with rich and concise information about
a given paper, and saving users’ time on reading.

7. CONCLUSIONS
The availability and access to dataset have been shown to
be a driving factor in several scientific research fields and
the advancement of science in general. This paper presents
Delve, a system for academic search with a focus on dataset
retrieval and document analysis. The Delve search system
provides researchers with a medium for data-driven searches.
The search result includes datasets and documents ranked

by relevance. Delve also presents more information on the
documents, the citation network, and useful analysis tools.
The Delve document analysis feature allows users to upload
the PDF of a scholarly paper and then returns to users a
citation graph showing how the given document relates to
other documents. Users can further take the citation anal-
ysis tools to analyze the results. With additions to the sys-
tem, we plan to retrieve and show more information from
the analyzed paper.

In contrast to prior systems, Delve provides researchers with
1) an easy-to-use medium to locate and retrieve information
on relevant documents and dataset, 2) a medium to ana-
lyze and visualize the relationship between documents and
datasets. This system can answer questions that no schol-
arly search engine has been able to answer so far. We showed
how Delve is beneficial to researchers and for scientific re-
search in general. We believe the Delve system will not just
reduce the time required to analyze a paper or find a rel-
evant dataset, benchmark or scholarly document, but will
improve the quality of research by providing the user with
a platform to understand these entities better and how they
interrelate with each other.
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