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Stance Classification

Stance Classification in Twitter

Rumour Stance Classification

o Classify tweets as supporting, denying, questioning, or commenting an event.

@ Useful for rumour truthfullness classification.

text position
Bimingham Children's hospital has been attacked! supporting
Really? questioning
no sign of any trouble denying
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Stance Classification

Stance Classification in Twitte

Time Sensitive Sequence Classification

o Tweets form a conversation structure with reply tweets.
o Tweet classification as sequence labelling problem.

o Each tweet is associated with the time of occurrence.

Take a break from bashing
Cheney and waterboarding. its
Possible 1515 terrorist attack

if it is a terrorist attack [T ——
then that waterboarding !
didn’t do much good. 1 thought . m‘:&;ﬂgﬂ‘:iﬂrﬂﬂl
it was justified cos it would oA A OAA ¢
prevent attacks. Mot that hard. R#1
J e AO o o
R#2 >

or it could mean that we need to do
maore imtense interrogations too.
But your mind just can’t e O o 2 2 t
2 . »
>

fathom that can it? R#
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Stance Classification Hawkes Process
Deep Learning

Point Processes in Twitter

o Twitter data containing information tweet time, text, meme category and user
{dn = (tn, Wa, mn, in)}N_;.

Hawkes Process
@ Models the spiky behaviour typically observed in social networks

@ Self exciting point process with intensity for user

)\i(t) = pj + Zte<t1[(il - i)aiﬁ(t - tZ)
Base intensity influence of past tweets

o Past tweets influence future tweets but decays exponentially over time
w(t — to) = wexp(—w(t — ty))

Intensity

Time
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Stance Classification Hawkes Process
Deep Learning

Point Processes in Twitter

o Twitter data containing information tweet time, text, meme category and user
{dn = (tn, Wy, mp, "n)},lyzl'

Hawkes Process

o Multivariate Hawkes models the influence of other users.
)‘i(t) = i+ Ztl<t O‘i@,i"ﬂ(t - t@)

@ Joint modelling of users and memes with multivariate Hawkes.
Aim(t) = pivm + 324, < l(me == m)ov, ik(t — te)
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Stance Classification Hawkes Process
Deep Learning

Time Sensitive Sequence Classification [Lukasik et al., 2016]

o Twitter data containing tweet time, text and label {d, = (tn, W, m,,,y,,)},’)’zl.

Multivariate Hawkes Process for stance classification

o Intensity modelled over labels A\, m(t) = p, + Zte<t1[(mg == m)ay,,yk(t — t7)

o Classification of tweet depends on the textual Content p(Wh|yn) = [TV, BiVer

v=1F~ynv *
o Likelihood of a tweet belonging to a class is proportional to
P(Whlyn) X Ay,,m,(tn)
emission likelihood X transition likelihood
o Generative non-Markovian model : Past tweet labels influence future tweet labels

o Generalizes Multinomial, Naive Bayes, hidden markov models.

susceptible labels

influence labels
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Stance Classification Hawkes Process
Deep Learning

Time Sensitive Sequence Classification

Learning and Prediction

o Likelihood [TV_; p(Walyn) x [H’n":l )\ymm,,(tn)] x p(ET)
@ Learning by maximum likelihood approach.

Y T

VSN J Aym(5)ds + 0 108 Ayyma (ta) + S0y Y-y Way 10 By,
@ Prediction of labels uses a greedy approach

Datasets
Dataset Tweets  Supporting  Denying  Questioning  Commenting
Ottawa shooting 782 161 76 64 481
Ferguson riots 1017 161 82 94 680
Charlie Hebdo 1053 236 56 51 710
Sydney siege 1124 89 223 99 713
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Stance Classification Hawkes Process
Deep Learning

Time Sensitive Sequence Classification (experimental results)
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Stance Classification Hawkes Process
Deep Learning

Time Sensitive Sequence Classification (experimental results)
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Stance Classification [ EN Pr
Deep Learning

Deep learning for stance classification

Convolutional Neural Network for Text

o Documents/sentence represented as a matrix.

o Row corresponds to vector representation of a word (word embeddings
(word2vec/Glove))
o Filters slide over full rows of the matrix, width of filter same as embedding dimension.

Sonolion 1-max softmax function
oolin regularization
pooling in this layer

3 region sizes: (2,3,4) 2feature -
Sentence matrix 2filters for each region | | maps for 6 univariate 2 classes
size each sied |:I
totally 6 filters region size concatenated

together to form a

single feature
vector
— \
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Stance Classification Haw 2
Deep Learning

Deep learning for stance classification

Convolutional Neural Network for stance classification [chen et al., 2017]

o Learn word embedding as well as Glove representation.

o Uses different sized filters with number of filters of same size being 128.

fv

| Vg

classes

- \\‘
| -

max(fv)
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Stance Classification Haw
Deep Learning

Deep learning for stance classification

Recurrent Neural Network for stance classification

@ Use word embedding from Glove representation.

@ Unroll over words in a tweet and predict the label.

(eo00e| (ooo0]

| like movie
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Stance Classification

Deep learning for stance classification

Neural Network for stance classification
@ deep learning model is the best method in terms of F1 score.

Event Ottawa Ferguson

Acc F; Acc F;

GP 62.28 4241|6431 329
Lang. model 532 42.66|49.56 34.35
NB 61.76 40.64|62.05 31.29
HP Approx. 67.77 32.29|68.44 2599
HP Grad. 63.43 424 16323 33.14
CNN 61.74 449 |62.31 3649
CNN(GloVe) 59.61 38.87|63.03 39.48
RNN(GloVe) 52.49 38.66|51.49 32.52
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Stance Classification Ha
Deep Learning

Deep learning for stance classification

CNN and LSTM combination [amir et al., 2017]

o deep learning model is the best method in terms of F1 score.

Learnable Attention Function

Relation Vector

wi

wT

! s |2
w2 e= | - -
: TE & E
wT g 5
o -
wi
w2
wT
Model Sydney Siege Charlie Hebdo Ferguson Ottawa
Accuracy FiMacro Accuracy FiMacro Accuracy FiMacro Accuracy FiMacro
HF [5] 6859 3249 72.93 32,56 68.44 25.99 67.77 32.29
Qurs 73.15 40.98 77.09 40.81 72.14 36.17 74.93 43.08
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Information Diffussion

Information Diffussion

Information Diffussion

@ Model evolution of memes over time.

o Model the behaviours of users, how they influence each other.

o Predict their popularity of memes

16,

4 *#FoxNews currently
“Unarmed teenage black boy
12| #MikeBrown was shot ten has ZERO coverage
times by a #Ferguson police.” guson p

*Police reports indicate

Mike Brown a suspect
210 in robbery #Ferguson"
1
g
6
4
2
o R
A0
10 4622 191
e 12 31307 013 ¥
2014 2014
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Information Diffussion

Predicting Rumour Popularity

o Predict rumour popularity measured as number of tweets in future time intervals

o Motivation: Assist officials and journalists with debunking rumours.

@uz2 no she can't cos it's actually not

X% e % TR
: \ I I I

Have you actually confirmed

(...) there are two its an ISIS flag or are you
gunmen and a dozen talking sh*t
hostages inside the cafe | (1 how do you
under siege at Sydney.. know it's an ISIS
1SIS flags remain on flag? Can you
display #7News actually confirm that?
6 observed predicted
Tweets 2,
XX HOHH KKK KK XTSRS

Oh 1h 2
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Hawkes Process
Information Diffussion Deep Learning

Hawkes Process for Twitter [Srijith et al., 2017]

o Twitter contain information on conversation structure, users, and network.

o Model Hawkes process to consider Twitter Information.
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Hawkes Process
Information Diffussion Deep Learning

Hawkes Process for Twitter

HPconversation

o Hawkes Process model considering conversational structure

o HPconversation : Models conversational structure (spontaneous/replyto tweet)
Nigyma (£) = BigYmp Zon + 32021 W(mg == mn) Zynviy i, i5(t — tg)

@ Avoids performing summation over all previous terms
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Hawkes Process
Information Diffussion Deep Learning

Hawkes Process for Twitter

HPdecomposition

o HPdecomposition : Decompose matrix to lower rank non-negative components.
)\i,,,m,,(t) = #i,,’}’mnznn + 22:1 H(mZ == mn)ZZn[I . ST]ig,i,,“(t - té)
o Prevents overfitting by learning a reduced number of parameters.

susceptible users influence features  susceptibility features

® & S & a ® & O & »
.. .i
=

= [

influential users
(0
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Hawkes Process
Information Diffussion Deep Learning

Hawkes Process for Twitter

Puserfeatures

@ Hawkes Process model considering user features

o HPuserfeatures : Consider user features by parameterizing influence and
susceptibility matrices
Ninymy (£) = iy Yy Zon + 32—y W(me == mn) Zeno([x; 1] - [;, S]T)s(t — t).
o Learns the features determining influence and susceptibility

2
Links ratio depends on number of followers and followees. log (%) .

Table 1: User features used for learning influences.

o [TFeature i Teature name
matrix T Proportion of retweets
2 proportion of hashtags
l 3 hashtag-token ratio
4 proportion of user-mentions
5 number of unique mentions
=c 6 links ratio
7 proportion of reply tweets
3 umber of favourites
9 number of historical tweets
-- 10 binary profile background
11 binary profile image
12 binary geolocation
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Hawkes Process
Information Diffussion C Learning

Hawkes Process for Twitter

HPconnection

o Hawkes Process model considering connection information
@ HPconnection : Consider network information by selectively regularizing matrix.
@ Users which are not connected are less influential.

o HPregularization : Regularize matrix entries using / norm.

network information regularized influence mafrix

user influence marix
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Hawkes Process
Information Diffussion Deep Learning

Hawkes Process for Twitter

Learning

° Complete Likelihood is given by
TI01 iy, m, (£) X exp(—= 8, S0, fo i,m(s)ds)

inst. probabilities over all tweets X survival probablllty

o Parameters are learnt by maximizing regularized Iog-likelihood

£, 75 @, w) = S0 108 Xiy my (£0) — My Jy Nim(s)ds.
N N n—-1
E(;,L,'y, 047‘*’) = Z Zn,n |0g N:,,'Ym,, + Z Zﬂ(me = ITIn)Z&,, log a,'b,'nfi(tn — tg)
n=1 n=1 (=1
R M N
—T2_ D pivm = ZZ%K(T—Q)
i=1 m=1 i=1 ¢=1
4
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Hawkes Process
Information Diffussion Deep Learning

Hawkes Process for Twitter

Prediction and Evaluation

@ Prediction by modified thinning algorithm.

e Similar to rejection sampling

o Consider an upper bound A, > A(t) in [s, u]

o Generate a sample from homogenous Poisson process with rate A,
o Accept based on the ratio A}\Li)

o Upper bound A, easy to obtain for Hawkes Process !

o Evaluation using aligned mean squared error and number of predictions
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Dr. Srijith P. K. CSE, IIT Hyderabad Stance classification and Diffusion Modelling



Hawkes Process
Information Diffussion Deep Learning

Hawkes Process for Twitter : Experimental Results (Synthetic)

Gold Alpha HPconversation
- -
” « Points predicted by various models on synthetic data
o o~ s [« actual points
20 HPbase
- - HPdecomposition (rank 1)
1 2 3 4 s 1 2 3 a4 s 35 HPconversation
HPdecomposition Rank 1 HPdecomposition Rank 2 30
M :
- <
24
«° 15
o ~ 1.0} = sss e s mam o sr m s s m s tmemm i
- - 705 710 715 720 725 730
1 2 3 a4 s 1 23 4 s Time (seconds)
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Hawkes Process
Information Diffussion Deep Learning

Hawkes Process for Twitter : Experimental Results (Synthetic)

o4 Synthetic user experiments 04 Synthetic Meme experiments
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Hawkes Process
Information Diffussion Deep Learning

Hawkes Process for Twitter : Experimental Results (Ferguson)

Ferguson user experiments Ferguson meme experiments
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Information Diffussion Deep Learning

Recurrent point process [du et al., 2017]

Recurrent point process
o Hawkes process assumes that the influences from past events are linearly additive
o True relationship is not known

o Recurrent neural networks helps to learn the non-linear relations ships

s

f(tj+1) = fldjalhy)

dip1 =t -t

—logPyaltsoo)] (—log (0 |

hidden h;

time

(t5:5) (tj41,9541)
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Information Diffussion Deep Learning

Recurrent point process [du et al., 2017]

h, = max {Wyyj W Whh g + bh,()} .

exp (Vk”:: h; + bi)

Pyj+r = klhy) = — .
i exp (Vi hy +bY)

. T
A (t):exp(v‘ “hy 4+ wi(t—t;) + b ),

_current
influence influence

—log P(ys1[h;)| | —log f™(ts1)

base
intensity

Output Layer

Recurrent Layer

Input Layer

Timing t; Marker y;
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Information Diffussion

Hawkes Pro
Deep Learning

Recurrent point process [du et al., 2017]
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