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Relevant tweets:

'Th]: T been a steelers fan way before black & yellow
and this super bowl!

T»]: T will bet you the team with yellow pants wins.
'Ts]: Wiz Khalifa song *black and yellow” to spur the
pittsburgh steelers and Lil Wayne 1s to sing “green and
yellow’ tor the packers.

Our solution: topic-aware keyphrase generation
 Topic-aware: latent topics learned from the corpus can
alleviate the data sparsity

* Keyphrase prediction in social media: distill salient Source posts ffot Avglen # of KP Source
_ , , posts per post per post  vocab
information from massive posts Twittor 44113 1952 113 34010 | * 80% training
e Challenges: Weibo 46,296  33.07 1.06 98,310 | ° 18‘? l/alitdation
: : : : : : . % tes
* Social media language is noisy and informal (data sparsity) StackExchange | 49,447 A87'194 ;'43; 9T9’775
. : vg len 0O arget
Prior work only extract keyphrases from the source post Target KP KP| ber KP |abs KP | vocab
Source post with keyphrase “super bowl”: Twitter 4347 192 7135 4,171 ok absent rat
: : : : . Weibo 2,136 2.55 | 75.74 | 2,833 igh absent rate
S| Somewherf, a wife that is not paying attention tg StackExchange | 12.114 a1t | 5432 | 10852
the game, says "1 want the ream in yellow pants to win.

Experiment Results

e Main results

Model Twitter Weibo StackExchange

Fl@1 Fl1@3 MAP Fl@]1 Fl1@3 MAP Fl@3 F1@5 MAP
Baselines
MAJORITY 9.36 11.85 15.22 4.16 3.31 5.47 1.79 1.89 1.59
TF-IDF 1.16 1.14 1.89 1.90 1.51 2.46 13.50 12.74 12.61
TEXTRANK 1.73 1.94 1.89 0.18 0.49 0.57 6.03 8.28 4.76
KEA 0.50 0.56 0.50 0.20 0.20 0.20 15.80 15.23 14.25
State of the arts
SEQ-TAG 22.79+03 12.27+02 22.44+03 | 16.34+02 8.99+01 16.53+03 | 17.58+16 12.82+12 19.03+13
SEQ2SEQ 34.10+05 26.01t03 41.11+03 | 28.17+17 20.59+09 34.19+£17 | 22.99+03 20.65+02 23.95+03
SEQ2SEQ-COPY | 36.60+11 26.79+0s5 43.12+12 | 32.01+03 22.69+02 38.01+01 | 31.53+x01 27.41x02 33.45+0.
SEQ2SEQ-CORR | 34.97+08 26.13+04 41.64+05 | 31.64+07 2224105 3747408 | 30.89+03 26.97+02 32.87+06
TG-NET - - - - - - 32.02+03 27.84+03 34.05+04
Our model 38.49:03 27.84:100 4512102 | 3499103 2442102 41.29:04 | 3341102 2916101 35.52+01

* Sequence generation: create new keyphrases

= Social media keyphrase prediction is
challenging

Our Approach

e QOverall framework

= Seg2seq-based keyphrase generation

‘ h % N models are effective
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oo - ::: _______ TS ool I DA bowl super quote steeler jan watching
g — T = o-ee fiy -ne A egypt playing glee girl
: L fg | Datasets 'I‘vvitter StackExchange BTM bowl super anthem national christina
| f i : I DA 41 12 35 13 aguilera fail word brand playing
: . u T T E ; : BTM 43: . 4 3: 57 NTM super bowl eye protester winning
1 Xpow|l FH—> > Z— Pt Pl 1 | Xpow watch halftime ship sport mena
: O f-—» : NT™M 43.82 43.04 Our bowl super yellow green packer steeler
: f g | Our model 46.28 45.12 model | nom commercial win winner
. | . . “ ”
' L Neural Topic Model X (a) Topic coherence (C, scores) (b) Sample topics for “super bow
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* Further discussions

' Post in word index X,
Input

>[ Keyphrase: (y1, ¥, ---,}’|y|>] Output

Post in bag of words Xpow Model Twitter Weibo SE For tweet S, our model correctly predicts
. ’ SEQ2SEQ-CoPY 36.60 32.01 31.53 “super bow!”, while the seq2seq-copy
. Our model (separate train) 36.75 32775 31.78 model without topic guidance wrongly
o Neu ral t0p|c mOdEI (NTM) Our model (w/o topic-attn) 3724 3242 32.34 predicts “team follow back”
Our model (w/o topic-state) 37.44 3348 31.98
BOW Encoder BOW Decoder Our fllll mOdel 38.49 34.99 33.41 ﬁ Why? Visualize attention!
_ _ , ) (a) Ablation study .
Prior latent variables * Draw latent variablez ~ N (u, o ) e &
P& P
" u= fu(fe (Xpow)) = Topic mixture 8 = softmax(fy(2)) i |
2 - super
» logo = f,(fo(Xpow)) » For each word w € x: s L bow
= Draw word w ~ softmax(f,(6)) )
§ - super
 Keyphrase generation (KG) model
 Base model: standard seg2seq with copy mechanism o Twite = Swokxhenge g = Semiva e ——
—e— Weibo —-% - KP20k Krapivin  =#=- NUS opiC | Sstecler national team packer win

* Advanced: topic-aware sequence decoder (b) Case study

Conclusion & Future Work

(c) KP absent rate across other text genres

Decoder state: s; = fery(|uj; 6], 57-1)

Topic 6 from NTM * Attention: f, (-) = vitanh(W,|h; s;; 0] + by)

* We propose the first topic-aware keyphrase generation model

Copy switch: A; = a(W,[w;; 55 ¢;; 0] + by) that allows end-to-end training with latent topics

* We newly construct three social media datasets for this task

* Joint learning topics and keyphrases  Extensive experiments demonstrate the effectiveness of our
Lyt = Drp(p(z) || q(2]%))—Eqyz) < [p(x | 2)] h proposed model for social media language
N
Lra = — Z log(Pr(yn | Xn, 0n)) __ End-to-end * Explore how to explicitly leverage the

— training topic-word information

L=LNntyv +7 Lk * Extend to other text generation tasks _ .
_ Find our code & data
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