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Abstract There has been a significant surge in the number of scientific papers published in recent years,which makes it challen-
ging for researchers to keep up with the latest advancements in their fields. To stay updated,researchers often rely on reading the
contributions section of papers,which serves as a concise summary of the key research findings. However.,it is not uncommon for
authors to inadequately present the innovative content of their articles, making it difficult for readers to quickly grasp the essence
of the research. To address this issue,we propose a novel task of contribution summarization to automatically generate contribu-
tion summaries of scientific papers. One of the challenges of this task is the lack of relevant datasets. Therefore, we construct a
scientific contribution summarization corpus(SCSC). Another issue lies in the fact that currently available abstractive or extrac-
tive models tend to suffer from either excessive redundancy or a lack of coherence between sentences. To meet the demand of ge-
nerating concise and high-quality contribution sentences, we present MSSRsum, a multi-step sentence selecting-and-rewriting
model. Experiments show that the proposed model outperforms baselines on SCSC and arXiv datasets.
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Title: Image collection summarization via dictionary learning for sparse representation

In this paper, a novel approach is developed to achieve automatic image collection
summarization. The effectiveness of the summary is reflected by its ability to reconstruct
the original set or each individual image in the set, We have leveraged the dictionary
learning for sparse representation model to construct the summary and to represent the
image. Specifically we reformulate the summarization problem into a dictionary learning
problem by selecting bases which can be sparsely combined to represent the original
image and achieve a minimum global reconstruction error

1. Reformulate the summarization problem into a dictionary learning problem
2. Proposed an adopted simulated annealing algorithm for basis selection
3. Evaluate the proposed algorithm with six baseline algorithms on three image datasets.

1. The problem of automatic image summarization is reformulated as an issue of dictionary
learning for sparse representation. As a result, we can utilize the theoretical methods for
sparse representation to solve the problem of automatic image summarization

2. A global optimization algorithm is developed to find the solution of the optimization
function for automatic image summarization, which can avoid the local optimum and
achieves better reconstruction performance

3 , which can provide a good platform
for users to interactively assess the performance of various algorithms
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Table 4 Ablation study on SCSC

A ROUGE1 ROUGE2 ROUGEL
MSSRsum 43.8 20.2 38.8
-EE B 43.2 19.5 38.3
,S"
<iBERT & 3§ A 42.2 18.4 36. 7
+BERT 4 F # A
7%%%% 12.7 19.8 38.2
+ B Ko

5.5 EEREREMNELEE

5 1B p e S — A B Y B S 4, T R R R4 Ik
BER NG 4 TPk, LIk ?E&{%Jﬂﬁﬂfﬁﬂ@ﬁ?ﬁﬁw:ﬁ
T LB p™ € {0, 1,0, 2, -+, 1. 0}, &£ 4 % 4 3iF 48 b
ROUGE-L #% Ky p"™ V5 Hy fe A4 1k 14 {ﬁ .

1 arXiv Fl SCSC By 86 3iE 4 &, ROUGE-L 43 8/ M 45 1l
B E Y pR A AN I 4 T . PR R 0. 1~1. 0 Z [8) (4 & ¥
B KAE X RERE Y p AR, i B A RS, i 24 A R
A B s TR, IR ATE R Y ROUGE-L NI4T ik
) 5 B 1 p v A g T N B0 A 0 B AE L AE arXiv B A 1ok
BME RN 0.5. 4 SCSC Li&EH N 0.6,

42

" ﬁ
38

&
&
—
m
S
@) 34
~ o arXivRHER
32
pthre —e— SCSC
30

01 02 03 04 05 06 07 08 09 10
thrc

Kl 4 7 arXiv fil SCSC 4k bR [ B fif p e
) ROUGE-L 43 #

ROUGE-L scoresat different thresholds p"™ on arXiv
and SCSC datasets

Fig. 4

5.6 ANIiFW

S N T A ok 36 LA L SE 50 9 SE R A At .
MSSRsum 5 DA 8% 5 % 4 B % Copy-or-rewritel® 7£ TT 4%
BEORERME B AT bk 4 AR Rk T, Hep g
AN ZRESLL 1—5 MEEGHATIE 40 B w19 40 B X (K R
BOCREAAEUREA S . S T #4719 4G . A SCSC 3 48
FEALEERE 30 NFEA, IF /1 3 4 T/E A B 37 b et A= 1 1 A1) B

MU BEHATIEAL . B AR N G ARIE At AT X 245 2R 09 40 T, X
LIRRFHATIESr . RJE I B BME L e 4 A5 R Ik 5
g,
&5 ATHIT
Table 5 Manual evaluation
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