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Abstract

Social media platforms play a crucial
role in piecing together global news sto-
ries via their corresponding online discus-
sions. Thus, in this work, we introduce
the problem of automatically summariz-
ing massively multilingual microblog text
streams. We discuss the challenges in-
volved in both generating summaries as
well as evaluating them. We introduce
a simple word graph based approach that
utilizes node neighborhoods to identify
keyphrases and thus in turn, pick summary
candidates. We also demonstrate the effec-
tiveness of our method in generating pre-
cise summaries as compared to other pop-
ular techniques.

1 Introduction & Background

The popularization of social media has funda-
mentally transformed how news stories are re-
ported and shared (Kwak et al., 2010; Hermida,
2010). As the news stories like the disappearance
of flight MH370 (#MH370), or the British referen-
dum to exit EU (#Brexit), or the release of a mo-
bile game based on the popular Pokemon cartoon
series (#PokemonGQO) — capture global attention,
Twitter conversations about them swell in volumes
yet vary widely in opinion as well as language, as
illustrated in Table 1.

Thus, this begs the question as to how does
one begin to understand such hashtags in their en-
tirety? Can true summaries be generated for such
multilingual datasets? Further, how would such
summaries circumvent the inherent challenges of
language bias, subjectivity of posts and potential
Spam (Stafford and Yu, 2013)? Thus, in this work,
we explore two primary questions with regards to
such multilingual text streams : (a) what consti-

452

Rohini K. Srihari
University at Buffalo
rohini@buffalo.edu

tutes an ideal summary? and (b) how can such
summaries be evaluated?

1.1 Microblog Summarization

Typically multi-document summarization takes
one of two approaches : abstraction or extrac-
tion. Abstractive methods generate a summary by
incorporating key information (Kim et al., 2011),
whereas extractive methods on the other hand sim-
ply aim to choose the most representative sen-
tences (Radev et al., 2002). Typically, longer
documents like news stories and blogs have lend
themselves better to abstractive summaries whilst
shorter documents like social media posts tend to
do better with extractive summaries.

As such microblog summarization has received
sustained interest in the past few years (Inouye
and Kalita, 2011). Overall, two simple tech-
niques based on term frequencies, namely Sum-
Basic (Nenkova and Vanderwende, 2005) and Hy-
bridTfIdf (Sharifi et al., 2013) seem to be unan-
imous choices in most circumstances (Mackie
et al., 2014). Thus, for the example hashtags in-
troduced above, we examine the generated sum-
maries for these methods in Table 2. Overall,
the problems with the extracted summaries can be
enumerated as:

e Language bias: Most summaries contained
disproportionate number of English posts de-
spite the dataset being more language bal-
anced.!

e Objective vs Subjective posts: Although
in a sense, a representative summary should
stay close to the underlying split between
subjective and objective posts — for our use
case, we would prefer more objective posts,
that present an information of some sort be-
yond just a simple opinion

'See section 1.2
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Hashtag Tweets Notes
RT @HuffPostQuebec: #MH370: I’ Australie n’a rien détecté pres de ses cotes
MH370 The Pilots Flight Simulator files were deleted in February. Fishy? #MH370 Multiple lan .
RT @BlacKIrishL: St. Jude Pray For Us #MH370 #Flight370 . ‘(‘j %e anguages -
RT @BaronVonGamez: Caught my first pokemon...in the gulag #PokemonGO {:nlgl:a;l::y across
PokemonGO rt gyms pokemongo - Spam and irrelevant data
#PokemonGo - yet another virtual drug for the phone-face generation. Mixture of subjective
El meme mads viral ahora mismo #Brexit B nd obi ti;/ ) st
Brexit British submarine docks in Gibraltar as Spain try to claim sovereignty after Brexit vote and opjective posts
#Followback Brexit + uncertainty = market chaos: #TeamFollowBack
Table 1: Sample tweets for three global hashtags
Hashts Al Summé
atae £ to crawl a large number of tweets over an extended
S . ‘ﬂ*-“;“”ﬁm period of time. We thus, follow a similar approach
o flight mi
MH370 . Tt prayers for the Families and present a summary of the collected datasets
of missing flight mh370 .
H .. tonthe pilots crew and between June and July 2016 in Table 3. Note that
passengers of mh370 the crawling process involved using the streaming
o rt what was the cargo . .
of flight mh370 API for a fixed interval of time. Thus, the number
e brexit .
S o 1t brexit of posts varied between datasets based on the pop-
Brexit o fascinated to see if facebook ularity of the hashtag at the time of collection and
o rt on the lessons of . X K
u brexit for academics an additional drop due to deduplication.
o rt in the midst of all
brexit fiasco Further, there is no consensus on the number
ot brexit why the british . Rk
said no to of tweets to be considered for a summary. Typi-
e pokemongo . . .
S o 1t pokemongo cally this number has varied from as little as one
PokemonGO o [t this is the best (Sharifi et al., 2010) to as many as 70 (Chakrabarti
pokemongo gif so far )
L T{pokemongo 1s out and Punera, 2011) and is usually dependent on the
now in the uk .
H . rtcaught my first pokemon method of evaluation. For example, when human
in the gulag E;';’C“O“g‘) summaries are available and recall oriented met-
® of pokemongo rics like ROUGE (Lin, 2004) are used, the tar-

Table 2: Initial summarization experiments using
SumBasic (S) and HybridTfIdf (H)

Statistic Min Max Avg
Number of tweets 2,153 18,488 7,353
Average Length 6.85 12.46 10.00
Number of tokens 2,445 23,734 10,476
Stopword % (en) 17.91 44.45 30.21
Non english % 2439 | 58.10 38.64
Number of 1 g 38 60 50

Table 3: A summary of the collected tweets

Thus, in essence we seek a summarization algo-
rithm that can be language agnostic whilst pre-
ferring objective posts over subjective ones whilst
minimizing redundancy within and across lan-
guages in the selected posts.

1.2 Evaluating Summaries

Unfortunately, no standard datasets exist for eval-
uating microblog summarization, largely due to
Twitter’s data redistribution policies. Although
some interest in real-time microblog summariza-
tion has been seen in the recent past (Lin et al.,
2016), such tasks largely involve stream filtering
than summarization. Most researchers in the past
have relied on using a variety of trending hashtags
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get summary size tends to be conservative. How-
ever, when precision based metrics are utilized that
merely judge the generated outputs, a larger sum-
mary size is evaluated.

Given that it is intractable to produce human
generated summaries for our use case, we propose
an alternate two-pronged approach that seeks to
evaluate both precision and recall. First, to eval-
uate recall, we employ automatic evaluation tech-
niques as proposed by Louis and Nenkova (2009).
The basic principle of such evaluation is treating
both the input dataset and the generated summary
as word distributions and quantifying the quality
of the summary as a function of the divergence
between these distributions. Although as argued
by Saggion et al. (2010), the method through not
always reliable works well for multilingual docu-
ments as in our case.

We also manually evaluate the precision of the
generated summaries for different target summary
sizes. The relevance of a post in an ordered set is
measured purely in terms of whether it adds any
information to the summary. That is, subjective
posts or posts that are redundantly similar to pre-
viously presented information are deemed as irrel-



Algorithm 1 NEIGHBORHOOD SUMMARIZA-

TION
1: Input: Dataset D, target summary length n,

length parameter A and phrases P
2: Output: Representative n tweets

3: Let C + () be a cache of tweets, numT oks =
0, allToks <+ () be a set of unique tokens

4: for Tweet T'in D do

5: toks = tokenize(1")

6: for Token t in toks do

7: incrementTf(%)

8: addEdges(t, toks \ t)

9: numToks + +, allToks.add(t)
10: ift.tf > n x avgTokenProb then
11: C.add(T)

12: end if
13: end for
14: end for

15: Let S < () be a set of seen tweets, H < () be
a heap of size n

16: for Tweet T in C do

17: if get M axzOwverlap(S,T) < 0.8 then

18: Compute 7(7)

19: Letw(T') = 7(T)

20: p = getPhrase(T, P)
21: if p is not null then

22: w(T)+ = wa(p)
23: end if

24: w(T)/ = mazx(||T||, \)
25: Add < T,w(T) >to H
26: AddTto S

27: end if

28: end for

29: Return H

evant. We contend that this two fold evaluation
allows us to measure two equally important prop-
erties for the generated summaries — how true they
are to the underlying term and topic distribution as
well as their utility.

Thus, having presented the preliminaries of
both the problem and evaluation techniques, we
present our graph based summarization technique
in the following section.

2 Word Graphs & Keyphrase Extraction

Before we present our summarization technique,
it is pertinent that we present how we arrived at a
word graph based solution to begin with. Essen-
tially, we were seeking to solve two problems:
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e Reduce the language bias by somehow as-
signing some notion of language independent
importance to a token

e Incorporate keyphrase extraction (that
has shown to produce better summaries
(D’Avanzo and Magnini, 2005; Boudin and
Morin, 2013)) in a language agnostic setting

We claim that vertex neighborhoods for such
graphs are immensely useful in not only determin-
ing important words (or keyphrase constituents)
but also in supplementing context for rarer lan-
guages. Algorithm 1 presents a programmatic
summary and as can be seen, it proceeds in two
stages — graph construction and summary extrac-
tion. We present each in the following subsections.

2.1 Graph Construction

Unlike the other graph based summarization algo-
rithms (Olariu, 2014) that index bigrams and tri-
grams, we instead index an entire post as a clique.
Our graph G = (V, E) indexes tokens as ver-
tices (V) and token co-occurrence establishes an
edge (£). That is, for a post P with k distinct
words, we add it to the graph as k distinct vertices
with an edge connecting every possible pair of ver-
tices (i.e. NJ edges total). The primary reason
for this choice is to circumvent both the relatively
free word order associated with hashtag usage but
also present a larger context to every token. Fur-
ther, while adding to the graph, we perform some
rudimentary tokenization like lowercasing all text,
dropping usernames, URLs, emojis, symbols as
well as removing the # prefix. The primary rea-
son for this is to prune the overall graph size. We
found that most of such discourse tokens had a low
degree and did not affect the system output.

For every token added to the graph, we maintain
its term frequency ¢ f as a vertex property that is
updated on each subsequent occurrence of the to-
ken. Additionally, we maintain a cache of tweets
C as we build the graph. A given tweet is added to
the cache if it contains any token that occurs more
frequently” than average. The average token fre-
quency can simply be computed by keeping track
of number of tokens (num71 oks) and the number
of unique tokens (size of set allToks). The cache
allows us to reduce the computation time on the
next phase.

The parameter 7 allows to control and reduce the cache
size



2.2 Summarization

Having described the first stage, i.e., graph con-
struction, we now turn our attention to summa-
rization. In this stage, we iterate over the cached
tweets and re-rank them based on two parameters
(a) the average importance of all tokens within the
tweet and (b) token overlap with previously seen
tweets. For a given vertex v, with the set X, repre-
senting all neighbors of v, we assign the following
weights to each vertex:

w1 (v) = tf(v)/numToks (1)
wa(o) = = > wn () @
i=1

where num/T ok s represents the total number of
tokens as before , and x; € X,,. In essence, this is
equivalent to weighing each vertex based upon the
average probability of occurrence of its neighbors.
Finally, given a tweet T, it can be represented nu-
merically as:

T(T) =) w(t) 3)

We claim that similar to other ¢ f based formula-
tions (Mackie et al., 2014), we are in turn quantify-
ing each post by the importance of its constituent
tokens. Finally, we additionally boost a tweet if it
contains a keyphrase. In defining a keyphrase, we
utilize the MWE extraction methodology as out-
lined by Londhe et al. (2016). They essentially
construct a similar graph and use pairwise evalu-
ation of vertices to determine MWEs that include
weak MWE:s like Named Entities. Although our
current algorithm expects the phrases as an ex-
ternal input, a combined algorithm could be de-
veloped that simultaneously keeps track of MWE
candidates during the graph construction phase.

Note that although we do not explicitly filter out
stopwords, they are implicitly controlled by two
things. Firstly, by weighing each tweet and not
individual tokens, it prevents dominance by spe-
cific tokens. Secondly, by restricting permissible
tweet overlap prevents the same set of words from
reappearing multiple times. We also argue that the
implicit inclusion of importance effectively only
boosts keyphrases. That is, the boost on MWEs
only impacts the final summary if the MWE is im-
portant. We now present our experimental results
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Figure 1: Average Precison @ k

to prove that the said method generates better sum-
maries for our use case as compared to traditional
methods.

3 Experiments & Results

3.1 Experiments

As discussed in Section 1.2, we use two fold eval-
uation for our techniques. Firstly, we compare the
divergence statistics and present them in Table 4.
The actual divergence values are unbounded, and
typically a lower divergence score implies a better
summary. However, as described before, a higher
divergence score may not imply a bad summary in
our case.

Thus, we additionally compare precision at k
for a range of values of k and present the results
in Figure 1. As described in Section 1.2, precision
is manually computed by evaluating information
added by a given post. We also list some gener-
ated summaries and their assigned relevance labels
in Table 5. Note that a grayed out cell indicates a
non relevant post.

3.2 Observations

1. The divergence statistics for our method do
not vary much from the other techniques, ex-
cept the KL divergence between the gener-
ated summary and the input.

2. However, our method consistently outper-
forms both on the metrics of precision and
compactness.

3. While the precision on HybridTfIdf is com-
parable to our method, the method is more
likely to present posts in the dominant lan-
guage, i.e English.



Algorithm JS (Unsmoothened) JS (Smoothened) KL (Input to Summary) KL (Summary to Input)
SumBasic 0.42 0.21 1.60 0.89
Hybrid TfIdf 0.37 0.18 1.43 0.59
Neighborhood | 0.41 0.23 1.69 1.14
Table 4: Average Divergence Statistics
Dataset SumBasic Hybridtfldf Neighborhood
rt pokemongo rt icymi pokemongo fiasco
pokemongo is out now . . ;
. ruins the circle of life
in the uk
PokemonGO rt caught my first pokemons rollen uit de
rt pokemongo pokemon in the 3dprinter in technobiel
gulag pokemongo pokemongo
jenkeiss nuoriso saatu
rt this is the best rt this is the magic liikkeelle paremmin kuin
pokemongo gif so far of pokemongo yhdelldkiin terveysohjelmalla
vau pokemongo lisdéliikett
rt pokemon go all the pokemongo oyunur@a p pkemon
pokemon pokemongo time pokemongo falan avlamam bur 6zelliklerime
P € aykir benim ayagima gelsin
rt any caamember pokémon
ek and et e e rowhais e wold | g
around town to help with coming to to say pokemongo
your quest pokemongo goo
rt prayers for the families nt result:s of the crfuwd_sourced
mh370 of missine flight mh370 search for malaysia flight mh370
ssng Hig malaysiaairlines via
MH370 £t mh370 rt on the pilots crew and rt the baseless rush to blame
passengers of mh370 pilots of flight 370 via mh370
] rt what was the cargo rt and this is what the hunt
(it el of flight mh370 for mh370 has come down to
rt this is who hijacked 1t prayers for the
malaysia mh370 the malaysian airlines families of missing flight
flight mh370 mh370
plus v . 8y world is this plane . .
questions right now at 370qs cnn missing flight mh370
£t on the lessons of rt brexit britain now to suffer
brexit brexit for a‘c‘a démics the uncertainty that curses
switzerland
Brexit : £t in the midst of all rt how the hokey cokey made
1t brexit brexit fiasco me ashamed to be
i londoner brexit
fascinated to see if facebook 1jt !orexn why the british r} the latest mylbrook vehlcl'e
said no to finance news thanks to brexit porsche
rt watching brexit politics
candidati,s in england and beginning of end for allwhitesunite ¢
wales sturgeon re
but were liist for saymg rt in light of 'brex1t rt the startling human toll of brexit
brexit is about racism and the ensuing chaos

4. Although SumBasic seems to perform poorly

Table 5: Summary samples & relevance

Sumblr (Shou et al., 2013) pipeline.

on precision, its overall performance is com-
parable for larger values of k. Rather, it
seems to produce better summaries for larger
values of k.

5. However, we do need a better and ideally a
single automatic method of evaluation that
could potentially combine these three metrics

4 Related Work

Overall, the work related to hashtag summariza-
tion can be divided into two broad categories:
(a) Stream clustering (b) Microblog summariza-
tion. Stream clustering involves summarizing a
live stream of data like the classic CluStream (Ag-
garwal et al., 2003) method or the more recent
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these methods are suited for large steam process-
ing and require continuous data streaming to cre-
ate and compare historical summaries. Also, the
summaries are query driven implemented as adhoc
queries or drill-downs. Thus, we mention them
here only for the sake of completeness as they are
not directly comparable to our use case.

Microblog summarization, as partially dis-
cussed in Section 1.1, has largely evolved from
traditional summarization techniques that follow
one of the extraction or abstraction routes. How-
ever, although several methods like TextRank (Mi-
halcea and Tarau, 2004), LexRank (Erkan and
Radev, 2004) and MEAD (Radev et al., 2004)
have been proposed over the past few years, the



two methods compared, viz SumBasic (Nenkova
and Vanderwende, 2005) and HybridTfIDF (Shar-
ifi et al., 2013) have been shown to outperfom
them (Mackie et al., 2014).

Finally, improvements in parsers and taggers
specific to Twitter have also given rise to a new
family of Information Extraction based methods
for summarization (Xu et al., 2013). However,
most such tools are language specific and may not
be applied to multilingual datasets without loss of
generality and accuracy.

5 Future Work and Conclusions

We believe that the problem warrants much fur-
ther work. The largest problem would obviously
involve finding better ways to evaluate such mul-
tilingual summaries without manual intervention.
Although considered while designing the algo-
rithm, we did not find a satisfactory way to quan-
tify language divergence as part of the generated
summaries. It would also be worthwhile to con-
sider redundancy across languages, especially as
applicable for ranking the summary candidates.
That is, should a post in the dominant language be
preferred against a post in another language that is
similar but contains marginally more information?

It would also be worthwhile to incorporate some
prior probabilities (like stopword lists) and other
semantic equivalences, probably crosslingual dic-
tionaries to improve the generated summaries. It
would also be interesting to measure how the sum-
maries evolve for a fixed target summary size as
the algorithm sees more posts and use it to mea-
sure topic drift and topic divergence. Finally, we
would like to explore temporal relationships in a
trending topic and possibly generate sub-topical
summaries by automatically partitioning the given
text stream.
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