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Introduction 3. Multi-Sentence Compression (MSC)
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Goal: group together the utterances that should be summarized by
a common abstractive sentence [Murray et al. 2012].

Utterances — TFIDF — LSA — k-means — communities

Word Scoring with Graph Degeneracy

Keywords are influential spreaders within their word co-occurrence
network, better identified by CoreRank score [Tixier et al. 2016].
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Figure 2: k-core decomposition and word co-occurrence graph

4. Submodular Maximization

Goal: generate the final summary by selecting an optimal subset S
from the set of abstractive sentences & under a budget constraint.

argmax f(S)] Z costs < budget
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NP-hard, but near-optimal performance can be guaranteed with a Figure 4: ROUGE-1 F-1 scores for various budgets (ASR transcriptions).
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subset and r > 0 is a scaling factor).

Submodular and monotone non-decreasing quality function:
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A > 0: trade-off parameter (coverage and diversity), ns: number of

occurrences of word s; in S, w,: CoreRank score of word s;.
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42.43 35.01 37.86
41.84 34.61 37.37

8.727.297.84
8.29 6.92 7.45

16.19 13.76 14.71
16.28 13.48 14.58

35.95 27.00 30.52
36.27 27.56 31.00

4.64 3.64 4.04
5.56 4.35 4.83

12.43 9.23 10.50
13.47 9.85 11.29

Oracle

CoreRank Submodular
PageRank Submodular
TextRank

ClusterRank

Longest Greedy

Random

40.49 34.65 36.73
41.14 32.93 36.13
40.84 33.08 36.10
39.55 32.60 35.25
39.36 32.53 35.14
37.31 30.93 33.35
39.42 32.48 35.13

8.07 7.35 7.55
8.06 6.88 7.33
8.27 6.88 7.42
7.676.43 6.90
7.14 6.05 6.46
5.774.71 5.11
6.88 5.89 6.26

15.00 14.03 14.26
14.84 13.91 14.18
15.37 13.71 14.32
14.87 12.87 13.62
14.34 12.80 13.35
13.79 11.11 12.15
14.07 12.70 13.17

37.91 28.39 32.12
35.22 26.34 29.82
36.05 26.69 30.40
34.89 26.33 29.70
32.63 24.44 27.64
35.57 26.74 30.23
34.78 25.75 29.28

5.734.82 5.18
4.36 3.76 4.00
4.82 4.16 4.42
4.60 3.74 4.09
4.03 3.44 3.68
4.84 3.88 4.27
4.19 3.51 3.78

13.3510.73 11.80
12.11 9.58 10.61
12.19 10.39 11.14
12.42 9.43 10.64
11.04 8.88 9.77
13.09 9.46 10.90
11.61 9.37 10.29

Table 1: Macro-averaged results for 350 and 450 word summaries (ASR transcriptions).
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