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Query Generation

 Input: article and title

« Output: queries

* Query
— Related
— Fluency
— Diversity
— Popularity

Title

Appearance comparison photos of Hollywood stars

Content

In the past ten years, movie companies headed by Marvel and
DC have almost maintained a tempo of 2-4 movies a year. They
have also brought us such box office and good word-of-mouth
double-harvest works as “Iron Man", “Avengers", “Aquaman"
and “Spider-Man" further sweeping the American comics super
hero craze to every corner of the world. In today’s issue, I will
bring you the appearance comparison photos of the actors star-
ring in the American comics super hero movies so that you can
understand the connotation of talent excellence. The appearance
of Hollywood stars changes such as Jason Momoa who starred in
“Aquaman". Jason’s sturdy figure does not need to be said, and
his performance in “Aquaman" has really shone the audience...

Query

(1) European and American star appearance

(2) Hollywood star appearance ranking

(3) Top 10 Marvel beauties

(4) Spider-Man actor Tom Holland’s new romance




Query Generation

Click-through data
— Long-tail

— Diversity
Seq2Seq model
Graph model

— Long article

KG Enhanced Model
— Spider-Man actor Tom Holland’s new romance
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Output Queries

1. European and American star
appearance

2. Hollywood star appearance
ranking

3. Top 10 Marvel Beauties

4. Spider-Man actor Tom Holland’ s
new romance



(details)

Graph Construction

Algorithm 1: Construct Entity Interaction Graph
Input: Title T and Article A

) Arti CI e G ra p h Output: Entity Interaction Graph

1 Do word segmentation of Title T and Article A ;
Do Named Entity Recognition(NER) and keywords

— N Od e. keyWO rd + extraction algorithm of Article A and get the entity set E ;
3 while not at end of this article do
S e n te n CeS 4 read current sentence s;
5 if s contains e € E then
* Central Graph | easonoder:
. 8
* Multi-hop Graph -

N

| Add s to node nempty;
end

10 end

11 Assign Title T as node n; ;

12 for node nj and nj do

Edge Weight w;; = number of shared sentences of n; and
nj

14 end
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Graph Representation Learning

* Article Graph Encoding

* Knowledge Sub-graph Encoding
— Central Graph Encoding
— Popularity-guided Graph Attention
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Diversified Generation

« Context Representation
— Attention Z“t ok
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Experiments

Model Entertainment Sport
B-1 B-2 B-4 R-1 R-L B-1 B-2 B-4 R-1 R-L
TextRank [22] 226 11.6 09 263 225 225 114 0.8 26.1 224
PtrGen [21] 495 384 18.1 425 413 494 383 181 423 41.2
Transformer [28] 506 397 190 443 429 507 397 191 444 429
Transformer+KG [28] 509 399 19.2 443 430 50.8 39.7 19.1 44.6 43.0
CVAE [39] 507 397 19.1 441 429 507 399 19.1 438 426
DP-GAN [34] 51.0 399 190 442 429 509 398 188 442 428
BART [13] 517 406 208 465 442 517 406 207 465 44.1
BART+KG [13] 522 409 21.0 468 445 521 410 209 46.8 44.7
M-CNTRL [35] 527 412 209 47.1 448 529 413 212 474 451
Graph2Seq [17] 528 412 209 472 457 527 411 209 470 456
G-S2A [6] 53.1 413 205 475 46.1 53.0 412 205 473 46.1
G-S2A+KG [6] 538 416 208 478 462 536 415 208 477 463
KEDY (Ours) 56.9* 44.7* 239" 50.2 48.6 56.6* 44.6* 23.6° 50.5 48.5
Model Entertainment Sport
Cor Div Info Flu Nov Avg Cor Div Info Flu Nov Avg
PtrGen [31] 476 263 382 416 3.65 380 475 264 377 418 368 3.80
Transformer+KG [28] 4.83 2.65 3.87 4.04 371 383 484 265 395 401 3.64 3.82
CVAE [39] 475 3.02 395 408 373 391 477 3.03 4.01 403 381 393
DP-GAN [34] 476 3.01 392 4.11 371 390 475 3.05 4.04 405 379 3.9
BART+KG [13] 481 3.15 415 428 380 4.04 482 3.18 4.14 430 385 4.06
M-CNTRL [35] 480 324 413 452 381 4.10 482 325 412 455 386 4.12
Graph2Seq [17] 481 301 412 460 380 4.07 482 303 4.11 458 382 4.07
G-S2A+KG [6] 481 3.10 420 459 3.82 4.11 480 3.12 421 460 382 4.1
KEDY (Ours) 482 4.03 431 465 4.08 435 484 4.05 433 4.62 4.08 4.36




Experiments

Diversity Evaluation

— Correlation between Popularity and Query
Clicks

— Effectiveness of Popularity Knowledge

Incorporation
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(a) The popularity score. (b) “Unique words”.



Summary

* Diversity: knowledge graphs
* Popular: popularity-guided graph attention
* Future work

— User preferences
— Semantic feature
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