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Introduction




Introduction : Types of Summarization

<  Extractive Summarization

< Abstractive Summarization



Dataset : Dataset Creation

% Metacritic [1]

s Wikipedia [2]

[1] https://www.metacritic.com
[2] https://en.wikipedia.org/wiki/Main_Page 5


https://www.metacritic.com
https://en.wikipedia.org/wiki/Main_Page

Dataset : Heuristic matching

s Exact title match.
% Removing tags.

<  Extension match.



Dataset: Descriptive Statistics

Percentile 20 40 50 60 80 100

Num Documents 2 5 T 10 18 84
Summary Size 139 246 321 419 684 4639
Documents Size 2536 5604 7815 10634 20498 249062
ROUGE-1 recall 67.7 80.7 85.29 88.8 94.1 100.0
ROUGE-2recall 14.3 23.0 274 31.9 419 100.0

Table 1: Percentiles for different aspects of GameWik-
iSum. Size is in number of words. ROUGE scores are
computed with a summary given its reviews.



Dataset: Descriptive Statistics

Dataset Input  Output # Examples ROUGE-1R
*Gigaword (Graff and Cieri, 2003) 10! 10? 10° 78.7
*CNN/DailyMail (Nallapati et al., 2016)  10%-10° 10* 10° 76.1
DUC 2001-2004° 10° 102 102 94.4
TAC 2008-2011° 10° 102 10? 95.3
WikiSum (Liu et al., 2018) 102-106  10'-10° 106 59.2
GameWikiSum (ours) 103-10°  10%-10° 104 80.1

Table 2: Sizes and unigram recall of single (marked with *) and multi-document summarization datasets. Recall is
computed with reference summaries given the input documents.



Table 3: Game distribution over platforms with their average and standard deviation number of input documents and

ROUGE scores.

Dataset: Descriptive Statistics

Platform # Games # Documents ROUGE-1R ROUGE-2R
PC 3586 8+8 81.18 +15.45 27.32+14.52
Wii U 224 10£13 86.47 £10.78 34.14 £16.03
Nintendo 64 66 8+3 77.46 £13.10 21.11+9.37
Dreamcast 83 6+2 66.12+13.73 13.01 + 6.27
PlayStation 86 4+2 60.95 =+ 14.67 10.97 £ 6.47
PlayStation 2 954 13+£9 85.93 £11.74 30.47 £ 11.89
Game Boy Advance 368 5+4 69.38 £17.78 17.23 £11.15
GameCube 341 10+7 82.26 = 12.16 24.95 £ 10.66
Xbox 486 15+9 88.40 £ 9.95 32.31 £10.79
DS 679 10+9 85.27 +£11.77 30.99 £13.38
PSP 407 12+9 85.08 £13.85 30.71 +£13.27
Xbox 360 1358 19+ 14 86.90 +14.54 34.93 £15.72
PlayStation 3 1128 13411 84.53 £ 16.27 32.28 £ 15.48
Wii 665 10£10 84.70 £14.07 32.18 £14.77
iOS 1344 4+3 77.86 +£ 1548 23.39 +13.26
Xbox One 817 8+9 83.33 £ 14.53 30.66 £ 15.63
3DS 312 15+ 14 88.62 + 12.87 39.75 £ 19.01
PlayStation Vita 337 7+9 80.97 £ 14.50 28.21 £ 16.63
PlayStation 4 1103 14+14 87.42+14.02 37.84 £18.00
Switch 308 11+12 89.97 + 9.64 38.61 £15.95
All 14652 11+11 83.19+15.04 29.99 +15.48



Experiments & Results




Experiments & Results : Evaluation Metrics

% ROUGE-L F1.
% ROUGE-1.

% ROUGE-2.
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Experiments & Results : Baselines

LEAD-k [3].
TextRank [4].
LexRank [9].
SumBasic [6].
C_SKIP [7].
SemSenSum [8].
Conv2Conv [9].
Transformer [10].
TransformerLM [11]

K/ K/ K/ K/ K/ K/ K/ K/ K/
L X X X I X A KSR SR SR 4
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Experiments & Results : Results

3.3. Results
Model R-L R-1 R-2
LEAD-3 11.45 12.77 2.45
LEAD-5 18.78 19.82 3.42
TextRank 29.30 31.07 4.96
LexRank 29.74 31.26 4.96
SumBasic 30.36 31.82 4.79
C_SKIP 31.66 3290 5.25
SemSenSum 31.72 35.11 5.56
Conv2Conv* 20.10 19.30 5.20
Transformer* 14.60 16.00 2.80

TransformerLM* 9.52 703 43T

Table 4: Comparison extractive and abstractive (marked
with *) models. Reported scores correspond to ROUGE-
L F1 score, ROUGE-1 and ROUGE-2 recall respectively.



Conclusion




Thank You




