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E = labeling and give each sentence a {0, 1} label, where
s§ label 1 indicates that the sentence will be included in
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Figure 1: The proposed generation-enhanced extractive
summarization framework.
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Figure 2: The overall architecture of DiffuSum. The input document is passed to the sentence encoding module
and the diffusion generation module. DiffuSum will generate the desired summary sentence representations for
inference.
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y; = softmax(h$ - HY"). (4)
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D = {s{,55,...,8,}

E! = [ef,ef, ... ef]
h¢ = MLP(Transformer(e?)). (5)
H* = [hi,hS, ... hS | € R™*"

y; = softmax(h$ - HY ). (6)

Tre

— Z CrossEntropy (y;.¥;) -
j=1

ﬁmatch

(7)

H" = HY|H® € R(Fm)xh

H" = [hy,hy, ... hyp] € ROVIMI3R
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: d _ s
g, if p <nand s, = s

Y= ¢ ifp=n+gq , o (8)

0, otherwise

n+m
Leonra = 9 Nyc 1 Z ffmntrus
A {9
_—_ i log exp (h, - h] /7) )
contra — P T ’
a=lia#p; D ke .pk EXP (hp - hy, r{T)
Yg=¥p

Lse = Lmach + 7 Leontra, (10)
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Dataset Domain #words  #words #Ext
CNN/DM News 766.1 58.2 3
XSum News 43(0.2 233 2
PubMed Paper 444 209.5 6

Table 1: Statistics of the experimental datasets. Doc
# words and Sum # words refer to the average word
number in the source document and summary. # Ext
refers to the number of sentences to extract.
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Model R-1 R-2 R-L
LEAD 4043 17.62 36.67
ORACLE 52.59 31.23 48.87
One-stage Systems
Transformer (2017) 4090 18.02 37.17
HIBERT" (2019) 4237 1995 38.83
PNBERT" (2019) 42.69 19.60 38.85
BERTEXT* (2019) 4276 19.87 39.11
BERTSum* (2019) 4385 2034 3990
COLOg,, (2023) 4458 21.25 40.65
DiffuSum (ours) 44.62 22.51 40.34
Two-stage Systems
MATCHSUM®(BERT) (2020) 44.22 20.62 40.38
MATCHSUM*(Roberta) 4441 20.86 40.55
DiffuSum (ours) 44.83 2256 40.56

Table 2: Experimental results on CNN/DailyMail
dataset. Models using pre-trained language models are
marked with*,
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PubMed XSum
R-1 R-2 R-L R-1 R-2 R-L

ORACLE 45.12 2033 40.19 | 2562 7.62 18.72
LEAD 3758 1222 3344 | 1440 146 1059

BERTSUM | 41.05 14.88 36.57 § 2286 448 17.16
MatchSUM | 41.21 1491 36.75 | 24.86 4.66 18.41
DiffuSum 41.40 15.55 3748 2400 544 18.01

Model

Table 3: Experimental Results on PubMed and XSum
datasets.
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Model R-1 R-2 R-L
DiffuSum 44.83 22.56 40.56
w/o Sentence-BERT | 43.53 21.63 4(.23
w/o ORACLE 39.19 17.12 3438
w/o Contrastive Loss | 44.57 2235 40.34

Table 4: Ablation study results on CNN/DailyMail
dataset.
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Model R-1 R-2 R-L
DiffuSum(7'=500, h=128) 44.83 2256 40.58

DiffuSum(7T'=500, h=64) 4336 21.27 39.89
DiffuSum(7'=500, h=256) 4453 2249 40.27

DiffuSum(7'=50, h=128) 4260 1971 38.96
DiffuSum(7T'=100, h=128)  44.61 22.24 40.32
DiffuSum(7=1000, h=128) 44,65 2236 40.37
DiffuSum(7'=2000, h=128) 44.64 2237 4040

Table 5: The performance of DiffuSum with different
hyperparameter settings on CNN/DM dataset.
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Train—est | CNN/DM  XSum PubMed
CNN/DM | 44.83/22.56 21.35/3.85  39.83(-1.57)/13.25
XSum 42.85/21.37  24.0/544  38.71(-2.69)/12.93

Table 6: ROUGE-1 and ROUGE-2 results for cross-
dataset evaluation.
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Figure 3: T-SNE visualization of sentence embeddings

from 25 CNN/DM dataset documents.
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