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Do we need to read all this? 

Or can we obtain a gist of it? 

…in the language of our preference… 

… Summarization 

… Multilingual summarization 

… Cross-language summarization 



What is a summary? 

Wikipedia 

A summary means to write something in short like 

shortening a passage or a write up without changing its 

meaning but by using different words and sentences. 

Does not need to be by using different words and 

sentences, though… 

An (automatic) summary is a condensation of the original material 

to certain (possibly predefined) length, while preserving its main 

message (content). 

We can just pick the important statements 

A summary means to write something in short like 

shortening a passage or a write up without changing its 

meaning but by using different words and sentences. 



What can summarization be good for? 

newspaper material social media 

scientific articles 

technical material (incl. patents) 

books 



Depending on  the type of material we 

might want a different type of 

summary… 



Parameters of a summary 

 Purpose of the summary 

 Indicative 

 resumes the main message of the original  

Thai police arrested a suspect in connection with the Bangkok bomb. 

 Informative 

 includes qualitative and/or quantitative information 

Thai police have arrested a foreign man in connection with the bomb 

attack on a Hindu temple in central Bangkok that killed 20 people.. 

 Evaluative 

 Interprets / assesses the presented information 

Thai police arrested a suspect in connection with the Bangkok bomb, 

the first potential breakthrough in a case that appeared to have 

stalled. 



Parameters of a summary 

 Methodology followed to obtain the summary 

 Extractive vs. abstractive 

 Dimensions 

 Language-specific vs. language-neutral (multilingual) 

 Language preserving vs. cross-language 

 Single document/text vs. document / text collection 

 Function 

 As a pull service (query-driven) or as a push service (generic) 

 select among the original wordings vs. summarize in “own words” 

 exploit language-specific characteristics vs. use only language-

universal parameters 

 provide the summary in the language of the original vs. in the 

language of the preference of the user  



Criteria to assess a summary  

 Informativeness 

 Ability to reconstruct the content of the original material from the 

summary 

 Compression ratio 

 How long (compared to the original) is the summary 

 Cohesion / Coherence 

 Availability of a cohesive / coherent discourse structure   

 Redundancy 

 Amount / Lack of information redundancy in the summary 

 … 



(Very) coarse-grained time line  

of automatic summarization 
 50ies – 70ies 

 80ies 

 Experimental statistical techniques 

Exploration of individual distributional features or of a combination 

thereof  to create sentence or paragraph extracts  

 AI techniques 

Exploration of partial abstracting, analysis and template 

generation strategies 

 90ies 

 Revival of statistical techniques; AI techniques continued 

 00ies – 10ies 

 Exploration of a great variety of ML techniques 

 Multilingual (language-independent) and multi-document 

summarization 

 Scaling up (Web!) 



Outline of the Lecture 

 Some term clarification 

 extractive summarization vs. abstractive summarization 

 Getting the right metrics: from term distribution to discourse 

structure  

 Extractive summarization 

 Abstractive summarization 

 Cross-language summarization 

 Doing it half-way: using machine translation 

 multilingual summarization vs. cross-language summarization 

 “Genuine” abstractive summarization 

 Evaluation of summarization  

 Wrap up 

 single document vs. multiple document summarization 



Clarification of some terms (1) 

Extractive summarization 

 Extraction of linguistic units (sentences, phrases, words) from the 

original material, in accordance with a combination of a number of 

linguistic unit relevance metrics, for inclusion into the summary 

 The summary often does not claim cohesion and coherence 

(although some surface-oriented cohesion techniques may be used) 

Abstractive summarization 

 (Partial or complete) analysis of the original material down to 

an intermediate or a content representation  

 Selection of the content from the content representation, in 

accordance with given content relevance metrics, for inclusion into 

the summary  

 Use of text generation techniques to obtain a cohesive and 

cohesive summary 



Clarification of some terms (2) 

Single-document  vs. multi-document summarization 

 The summary reflects the material of a single document  

Monolingual vs. multilingual summarization 

 Language-specific vs. (mainly) language-neutral techniques  

 Summary is in the same language as the original 

 The summary reflects the material of several documents 

vs. 

(can be “reshuffled” or document-wise)  

Original-language vs. cross-lingual summarization 

 Material written in one language is summarized in another language 

vs. 



Tasks in Summarization 

 Text interpretation 

 Unit (content el./sentence/ phrase/word) identification 

 Unit analysis 

 Unit selection 

 Selection of content el./sentences/… for inclusion into 

the summary 

 Compression 

 Redundancy elimination  Fusion  Generalization 

 Realization 

 Generation (abstractive summaries)  Ordering 

 Paraphrasing 



Extractive summarization 

 Text interpretation 

 Sentence splitting / chunking 

 Unit selection 

 Selection of content/sentences/phrases/keywords for 

inclusion into the summary 

 Compression 

 Redundancy elimination  Fusion 

 Realization 

 Ordering 



Computing informativeness  

 text surface 

Different perspectives, the 

same techniques… 

 text cohesion 

Textual perspective 

 Looking at features  

that describe 

 text coherence 

 vector-oriented 

 single value- 

oriented 

Topological 

perspective 

 Looking at features  

that are 

Methodology  

perspective 

 Looking at the 

approach 

 supervised 

 unsupervised 

 graph-oriented  rule-based 



Surface-based / topic-oriented features 

 Word distribution /  

Term frequency 

 Title words 

 Topic words / phrases 

 Prominent words 

in a reference 

corpus 

 Sentence position 

 Sentence length 

 Proper nouns 

 Upper case words 

 Highlighted words 

 Acronyms 

 Pronouns 
 tf*idf 

 … 

 Keywords 



Computing informativeness  

Source: (Litvak et al., 2010) 

Topological perspective 



 Word distribution / Term frequency based metric 

 for each word, its probability is calculated 

  a sentence is assigned a score according to the probabilities of 

the words it contains 

 Luhn (1958): Use of term frequency to determine 

summary relevant sentences 

 Words that appear significantly often in a text are likely to 

be indicative of the topic of the text 

Straightforward but it seems 

reasonable… 

Human created summaries buttress this 

view (see, e.g., Nenkova et al., 2006) 

Surface-based / topic-oriented features 



Surface-based / topic-oriented features 

 tf*idf based metric (used in most summarizers) 

 tf (term frequency): # of times a term t appears in the document 

 Accounts for the “locality” of pure word distribution  

 idf (inverse term frequency): # of documents in the reference 

corpus that contain t 



… Can we go beyond computing word 

probabilities?   

… and try to obtain an insight of the 

content? 

… Topic words / Topic signatures 



Surface-based / topic-oriented features 

 Metric based on cue/topic words 

 Not all words are equally relevant for inclusion into the 

summary – depends on the topic!  

How to know? 

 Precompile a list of “cue” words, assigning a weight to each 

of them 

 Use a corpus from a different domain to distinguish between 

topic and non-topic words 

Earth, power, electricity, renewable, energy, solar, wind, water, 

hydrogen, biomass, field, ocean, summer, storm, mill, 

temperature, atmosphere, movement, heating, alternative, … 
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Surface-based / topic-oriented features 

 Generic topic word determination (Lin & Hovy, 2000) 

Given a word w,  

 a collection CT of articles on a given domain/topic and  

 a corpus CB on a different domain (background corpus) 

If w has a similar occurrence probability in CT and in CB, it is 

not a topic word 

H1: p = P(w | CT) @ P(w | CB) 

H2: p1 = P(w | CT), p2 = P(w | CB), and p1>>p2 w is a topic word 

w is not a topic word 



Surface-based / topic-oriented features 

… assuming a binomial distribution 

L(H1) = f(F11;F11+F12,p)  f(F21;F21+F22,p) 

L(H2) = f(F11;F11+F12,p1)  f(F21;F21+F22,p2) 

-2log = L(H1) / L(H2) 

… and 

 F11: frequency of wi  in CT 

  F12: frequency of wi  in CB 

 F21: frequency of wj (wi  wj) in CT 

 F22: frequency of wj (wi  wj) in CB 

Likelihood of L(H1) respectively L(H2) is: 

Confidence that wi is a topic term can be estimated via the log-likelyhood 

ratio of H1 and H2  

(for k = 1,2,…; n as the length of the text and p as the probability) 



 Metric based on topic models 

Surface-based / topic-oriented features 

 Learn topic models drawing on a reference corpus (RC) 

 Topic: a theme often discussed in the RC 

 Topic representation = word probability table 

 Hypothesis: Each topic has its own “word profile” 

 Approaches in the literature 

 E.g., LSA for generic topic models 

 E.g., HMMs, Bayesian networks, ... for domain-specific 

topic models  



Using LSA for deriving topic models (Gong and Liu, 

2001; Hachey et al., 2006, Steinberger et al., 2007) 

Surface-based / topic-oriented features 

with  Aij as the word x sentence matrix  

Ai: weighted word frequency vector of sentence i in the text  

 U as the projection of the row vectors i of A to  

the rows of U 

 VT as the projection of the column vectors j of A to the 

columns of VT 

Aj: occurrence count of word j in each of the sentences 

 P as a nxn diagonal matrix with non-negative singular 

values as diagonal elements (sorted in descending 

order) 



Using LSA for deriving topic models 

Surface-based / topic-oriented features 

1. Decompose the document D into the set of individual sentences S, set k = 1. 

2. Construct the words by sentences matrix A for D. 

3. Perform the SVD on A to obtain the singular value matrix P and the right 

singular vector matrix VT. In the singular vector space, each sentence i is 

represented by the column vector y i = [vi1, vi2, …, vir]
T of VT 

4. Select the k-th right singular vector from VT 

5. Select the sentence which has the largest index value with the k-th right 

singular vector and include it into the summary 

6. If k reaches the predetermined number, terminate the operation; 

otherwise, increment k by 1 and go to step 4  

(Source: Gong and Liu, 2001) 



Deriving domain-specific topic models 

Surface-based / topic-oriented features 

 Cluster sentences from a domain-specific corpus in 

accordance with their similarity (using, e.g., cosine as 

measure)  

 Obtain a word probability table for each cluster topic 

 Select sentences from the text to be summarized with the 

highest probability for the individual topics 

Learning phase 

Summarization phase 

“Topic” may mean here “aspect” of the information (event, 

cause of the event, location of the event, …) 



Using HMM for deriving domain-specific topic models 

(Barzilay and Lee, 2004) 

Surface-based / topic-oriented features 

 States: Topic clusters 

 Transition probability (topic shift): sentence precedence in the 

corpus 

 Emission probability (inclusion of a sentence into the summary): 

bigram language model 

 Model 

 To summarize 

1. Assign to each of the sentences a topic using the content model 

2. Select the sentences with the highest probability 



… One feature might be not enough 

to assess the relevance of a 

sentence to a summary  

… What about a combination thereof? 

…first a linear combination… 



 Linear Combination of features 

Surface-based / topic-oriented features 

 Features: (1) title word, (2) keyword, (3) cue word, (4) position of 

the sentence 

 Edmundson (1969): Experimental Combination of 4 features 

 It is often a combination of features, rather than a single 

feature that leads to the best sentence selection metric  

Score(S) = aScoreTitle(S)+bScorekw(S)+ gScorecw(S) + dScorePos(S) 

 Given a sentence S 

 Adjust  a, b, g, d using gold summaries 



Surface-based/topic oriented summarization 

Given a text T = {S1, S2, …Sn} (with Si being a sentence of 

T) and a set of features F ={f1, …, fm} that characterize Si   

for i = 1 to n 

 do for each j = 1 to m 

 do vij := get_feature_value(Si,fj) 

 enddo    

  si := combine_features(vij), j = 1, … m 

 enddo 

T´  Sort(Si,si) with respect to si in descending order 

SELECT L top ranked sentences from T´  SUM 

DISPLAY Sk  SUM in their order in T 

 Combination of features 



 Linear Combination of features: MEAD (Radev et al., 

2004 http://www.summarization.com/mead/) 

Surface-based / topic-oriented features 

 Most important features 

 Centroid: cosine overlap with the centroid vector of the cluster (Radev et al., 

2004), 

 SimWithFirst: cosine overlap with the first sentence in the document (or with 

the title, if it exists), 

 Length: 1 if the length of the sentence is above a given threshold and 0 

otherwise, 

 RealLength: the length of the sentence in words, 

 Position: the position of the sentence in the document, 

 QueryOverlap: cosine overlap with a query sentence or phrase, 

 KeyWordMatch: full match from a list of keywords. 



 Linear Combination of features: SUMMA (Saggion, 2008) 

Surface-based / topic-oriented features 

 GATE-based summarization platform 

 GATE (http://gate.ac.uk) 

• Framework for development /execution of NLP  

applications 

• Graphical user interface supports the access to, editing 

of and visualisation of resources and experimentation 

• Java library (gate.jar) for programmers to 

implement and pack applications 

 Computes a linear score for each sentence; top ranked 

sentences are selected for inclusion into the summary 

 Allows for flexible introduction of new features 



 Feature selection in SUMMA for patent summarization 

(Brügmann et al., 2015) 

Surface-based / topic-oriented features 



 Linear Combination of features: MUSE (Litvak et al., 2010) 

Surface-based / topic-oriented features 

 Combination of 31 features 

 Use of a genetic algorithm 

 Initialization: Random selection of N=500 genes 

gene: weighting vector vi= (w1, w2, …wL), with  31  L 

 Selection: Use ROUGE to select the best genes 

 Mating: Select randomly two parent genes vm and vf 

 Crossover: Create a new gene from vm and vf with 

vc = l * vm + (1 – l) * vf          (l = 0.5)  

 Mutation: Mutation operator that changes (with a 

probability of 3%) a randomly chosen wi by a 

factor within the range [–0.3, 0.3] 



… One feature might be not enough 

to assess the relevance of a 

sentence to a summary  

… What about a combination thereof? 

…now let’s have a look at a statistical 

combination of features… 



 Statistical combination of features 

Surface-based / topic-oriented features 

(1) Sentence length feature (S with |S| < N receive a score ‘0’) 

(2) Fixed phrase feature (S with a specific phase in it (e.g., “to 

conclude”) receive a score ‘1’) 

(3) Paragraph feature (S receives a position score if it is paragraph-

initial / paragraph-final, or paragraph-medial in the first ten or last 

five paragraphs) 

(4) Thematic word feature (S receives a score ‘1’ if it contains  a 

certain number of most frequent content words) 

(5) Upper case word feature (S receives a score ‘1’ if it contains  a 

certain number of proper nouns) 

 Kupiec et al., (1995): Combination of 5 features 

Applying Bayes 



By now we looked at surface-oriented 

(isolated or distributional features) 

… What is the problem with them? 



 Lack of cohesion 

Problems with purely surface-oriented metrics 

Joe Atkins has a contacts book that includes George Lucas, the Sultan of 

Brunei and the senior management teams at Apple and Maserati. For 30 

years he has built Bowers & Wilkins (B&W) from a niche British speaker 

manufacturer into a world-beating consumer audio brand. 

It is almost 50 years since John Bowers, a communications engineer in the 

second world war and classical music nut, opened a modest shop selling 

audio kit in Worthing, West Sussex. Now the company that bears his name 

is a global electronics brand employing 1,100 people with an annual 

turnover of £120m. 

For 30 years he has built Bowers & Wilkins (B&W) from a niche British 

speaker manufacturer into a world-beating consumer audio brand. 

Now the company that bears his name is a global electronics brand 

employing 1,100 people with an annual turnover of £120m. 



 Lack of coherence 

Problems with purely surface-oriented metrics 

Joe Atkins has a contacts book that includes George Lucas, the Sultan of 

Brunei and the senior management teams at Apple and Maserati. For 30 

years he has built Bowers & Wilkins (B&W) from a niche British speaker 

manufacturer into a world-beating consumer audio brand. 

It is almost 50 years since John Bowers, a communications engineer in the 

second world war and classical music nut, opened a modest shop selling 

audio kit in Worthing, West Sussex. Now the company that bears his name 

is a global electronics brand employing 1,100 people with an annual 

turnover of £120m. 

[Joe Atkins has a contacts book that includes George Lucas, the Sultan of 

Brunei and the senior management teams at Apple and Maserati.] For 30 

years he has built Bowers & Wilkins (B&W) from a niche British speaker 

manufacturer into a world-beating consumer audio brand. 

Now the company that bears his name is a global electronics brand 

employing 1,100 people with an annual turnover of £120m. 



* … 

… Use features that ensure cohesion and 

coherence to improve … 

… For instance, lexical chains or 

discourse structure … 



Cohesion-oriented features  

Lexical chain 

A word sequence in a text where the words are related by a 

semantic similarity relation 

Julian Assange has said he advised the NSA whistleblower Edward 

Snowden against seeking asylum in Latin America because he could have 

been kidnapped and possibly killed there. The WikiLeaks editor-in-chief 

said he told Snowden to ignore concerns about the “negative PR 

consequences” of sheltering in Russia because it was one of the few 

places in the world where the CIA’s influence did not reach. In a wide-

ranging interview with the Times, Assange also said he feared he would be 

assassinated if he was ever able to leave the Ecuadorian embassy in 

London, where he sought asylum in 2012 to avoid extradition.  

He accused US officials of breaking the law in their pursuit of him and his 

whistle blowing organisation, and in subjecting his connections to a 

campaign of harassment. 



Cohesion-oriented summarization 

Lexical chain-based summarization (Barzilay and 

Elhadad, 1997;  Silber and McCoy, 2002; Doran et al., 2004; 

Ye et al., 2007; Berker and Güngör, 2012) 

 A chain captures the distribution of a concept through the text   

 Often, WordNet relations are used to determine this 

distribution 

• synonymy, hyponymy and hypernymy 

synonymy: concern vs. company 

hyponymy: SME vs. company 

hypernymy: institution vs. institute 



Cohesion-oriented summarization 

 Barzilay and Elhadad (1997) 

 Lexical chain-based summarization 

 Chain Scoring function 

Score(Chain) = Length ∗ HomogeneityIndex   

 Alternative sentence selection heuristics (applied to 

chains with a score above the threshold) 

A. For each chain, choose the sentence that contains the first 

appearance of a chain member in the text. 

 B. For each chain, choose the sentence that contains the first 

appearance of a representative chain member in the text. 

C. For each chain, find the text unit where the chain is highly 

concentrated. Extract the sentence with the first chain appearance 

in this central unit. 
# chain members occurrences in a segment   

# nouns in the segment 

 

Centrality: 



Text coherence / structure-oriented summarization 

 Discourse structure-based summarization (Marcu, 

1997, 2001; Bouayad-Agha et al., 2009; Louis et 

al., 2010; Wang et al., 2015) 

[Newcastle city council in Australia has voted to exit holdings in the big 

four banks if they continue to fund fossil fuel projects.]1 [About 80% of the 

Australian city of Newcastle council’s $270m investment portfolio is held in 

the big four banks,]2 [mostly through term deposits]3. [Those investments 

are spread evenly across the big four.]4 [But after the council passed a 

motion on Tuesday, six votes to five, it will dump holdings in the banks for 

more “environmentally and socially responsible” institutions when deposits 

come up for renewal.]5 [This will be done]6 [only if the rate of return is 

comparable with the council’s holdings in the big four and the council’s 

credit rating criteria is met.]7 [Minerals Council of Australia coal chief Greg 

Evans said the “stock in trade of the divestment activists is to get public 

attention through empty symbolism.]8 

 

 



Text coherence / structure-oriented summarization 

 Restricted set of asymmetric and symmetric relations 

 Discourse structure  

 Clauses in a text are related by “rhetorical” or “discourse” relations 

 Rhetorical Structure Theory (RST) (Mann and Thompson, 1988) is 

often used to model discourse in NLP  

Newcastle city 

council in 

Australia has 

voted to exit 

holdings in the 

big four banks if 

they continue to 

fund fossil fuel 

projects. 

About 80% of the 

Australian city of 

Newcastle 

council’s $270m 

investment 

portfolio is held in 

the big four 

banks 

BACKGROUND 

While the  

remaining 20% 

are  in smaller 

banks. 

CONTRAST 

About 80% of the 

Australian city of 

Newcastle 

council’s $270m 

investment 

portfolio is held in 

the big four 

banks 



Text coherence / structure-oriented summarization 

 RST text structure  

Newcastle city council 

in Australia has voted 

to exit holdings in the 

big four banks if they 

continue to fund fossil 

fuel projects. 

(1) 

BACKGROUND 

Those investments 

are spread evenly 

across the big four. 

(4) 

But after the council 

passed a motion on 

Tuesday, six votes 

to five, it will dump 

holdings in the 

banks for more 

“environmentally 

and socially 

responsible” 

institutions when 

deposits come up 

for renewal. 

(5) 

CIRCUMSTANCE 

mostly through term 

deposits 

(3) 

About 80% of the 

Australian city of 

Newcastle council’s 

$270m investment 

portfolio is held in the big 

four banks 

(2) 

This will be done 

(6) 

Minerals Council 

of Australia coal 

chief Greg Evans 

said the “stock in 

trade of the 

divestment 

activists is to get 

public attention 

through empty 

symbolism. 

(8) 

only if the rate of return 

is comparable with the 

council’s holdings in 

the big four and the 

council’s credit rating 

criteria is met. 

(7) 

ELABORATION 

ELABORATION 

ANTITHESIS 

ELABORATION 

INTERPRETATION 



 Discourse-structure based summarization 

 (Marcu, 1997)  

Text coherence / structure-oriented summarization 

 Propagate a discourse element upwards, summing up its 

weight along the nucleus links of an RST tree 

 Order the discourse elements with respect to their 

obtained weights 

 Select for the summary the highest ranked elements 



Text coherence / structure-oriented summarization 

(1) 

BACKGROUND 

(4) 

(5) 
CIRCUMSTANCE 

(3) (2) 

(6) 

(8) 

(7) 

ELABORATION 

ELABORATION 

ANTITHESIS 

ELABORATION 

INTERPRETATION 

 (Marcu, 1997)  

2 

2 

2 

1 

1 

5 

6 

2 > 1 > 5, 6 > 3, 4, 7, 8 



Text coherence / structure-oriented summarization 

 (Bouayad-Agha et al., 2009)  

 Pruning of the RST tree using three types of criteria 

Discourse structure-based summarization of patent claims 

 Depth of the tree: Prune the tree branches of depth d > n 

 Specific discourse markers: Prune the tree branches 

introduced by specific discourse markers (when, by, for, …) 

 Discourse relation relevance hierarchy: Prune branches of 

relations that are less relevant to the summary 

• PURPOSE  > CAUSE > MEANS > ELABORATION-OBJ > 

ELABORATION-LOC  

 Complementary pruning of the syntactic dependency 

trees of discourse elements kept for the summary 

 Syntactic generation to ensure cohesion 



Text coherence / structure-oriented summarization 

 (Bouayad-Agha et al., 2009), Example  

An optical disk drive comprising: a laser light source for emitting a laser beam; an 

optical system for conversing the laser beam from the laser light source on a 

signal plane of optical disk on which signal marks are formed and for transmitting 

the light reflected from the signal plane; one or more optical components, 

arranged in the optical path between the laser light source and the optical disk, 

for making the distribution of the laser beam converged by the conversing means 

located on a ring belt just after the passage of an aperture plane of the optical 

system; a detection means for detecting the light reflected from the optical disk; 

and a signal processing circuit for generating a secondary differential signal by 

differentiating the signals detected by the detection means and for detecting the 

edge positions of the signal marks by comparing the secondary differential signal 

with a detection level. 

An optical disk drive comprises a laser light source, an optical system, a detection 

means, and a signal processing circuit. The laser light source emits a laser beam. 

The optical system converses the laser beam from the laser light source on a 

signal plane of optical disk. On the latter, signal marks are formed. The detection 

means detects the light reflected from the optical disk. The signal processing 

circuit generates a secondary differential signal. To do so, it differentiates the 

signals detected by the detection means.  



* … 

With discourse and syntactic structures, we moved 

from vector representations to graph 

representations…   

… But discourse and syntactic structure 

parsing are language-specific… 

… Let’s have a look at a multilingual graph 

model … 



Graph model-based summarization (Erkan and Radev, 

2004; Mihalcea and Tarau, 2004; Leskovec et al., 2005; 

Wei et al., 2010; Ge, 2011; …) 

Graph-oriented summarization 

 E.g., cosine similarity between TF*IDF 

weighted vector representations 

 Nodes 

 Edges 

 sentences 

 discourse units 

 links between similar sentences 

 links between syntactically related units 

 Sentence similarity metrics 



 LexRank (Erkan and Radev, 2004) 

Graph-oriented summarization 

Sentence similarity 



 LexRank (Erkan and Radev, 2004) 

Graph-oriented summarization 



* … 

Let’s move now to extractive multi-

document summarization 

That much on extractive single 

document summarization… 



Multi-document summarization 

 Starting from a collection of related documents / texts, 

produce a coherent, redundancy-free summary  

Thousands of Malaysians took to the streets of Kuala Lumpur calling for the 

resignation of the prime minister, Najib Razak, who is battling the fallout from a 

financial scandal. The government condemned the weekend rallies as illegal 

and blocked the website of the organisers, a coalition of non-governmental 

organisations.  
Thousands of Malaysians have made their way back to the centre of the 

capital, assembling again in an illegal demonstration to call for the resignation 

of the prime minister, Najib Razak, who is battling the fallout from a financial 

scandal. Some people in the 34-hour protest had slept in the streets overnight 

in an unusually calm demonstration of public outrage by the group Bersih, a 

coalition of non-governmental organisations, which means “clean” in Malay. 

Thousands of demonstrators have continued their protests in Kuala Lumpur for 

a second day to demand the resignation of Malaysian Prime Minister Najib 

Razak over a financial scandal. The crowd of yellow-clad protesters, who slept 

on the streets near the city's Independence Square, woke on Sunday to mass 

exercises and a resumption of the previous day's peaceful demonstration. 



Multi-document summarization 

 Centroid-based multi-document summarization (Radev et 

al., 2004; Saggion and Gaizauskas, 2004; Nedunchelian, 2008)   

 Create a centroid of the collection of texts to be summarized 

 Centroid: vector of statistically significant words across 

  the texts  

 Calculate the centroid score for each sentence in the texts 

 Centroid score: similarity of the sentence with the 

centroid 

 Combine the centroid score with the scores of structural and 

vectorial features of each text 

 Detect and eliminate redundancy between highly scored 

sentences applying a similarity metric 



Multi-document summarization 

 Graph-based multi-document summarization 

(Christensen et al., 2013) 

 Nodes: sentences 

 Construct a multi-document discourse graph 

 Use of textual cues (discourse markers, derivational 

morphology, …) to identify relations; no relation labeling 

 Edges: discourse relations between sentences forming a 

coherent segment 

• si  sj: sj can appear after si in the summary 

• discourse markers: but, when, nonetheless, … 

• derivational morphology: … attack… the attackers 

• coreferences: … an attack… the attack 

• lexical chains: … murderer… the criminal 

• … 



Multi-document summarization 

 Graph-based multi-document summarization 

(Christensen et al., 2013), contd. 

 Weight the edges of the constructed graph 

 Construct a multi-document discourse graph 

• Weight: number of indicators leading to the relation 

 … 

 Navigate in the graph  

 Return the summary of length |X| that maximizes an 

objective function over coherence, salience and 

redundancy. 



Multi-document summarization 

 Graph-based multi-document summarization 

(Christensen et al., 2013), contd. 

 coherence 

 Coherence, salience and redundancy to obtain the score 

of a summary 

 salience 

• salience of xi obtained using a linear 

regression classifier over the DUC ‘03 

data set and a number of surface 

features 

 redundancy 
• convert sentences into predicate-

argument tuples  

• mark as redundant tuples whose predicates or at least one of the 

arguments are synonymous and have the same 24h time stamp 

with ‘wG+’ as positive edge weight and 

‘wG-’ as negative edge weight 



Summary 

extractive single and multiple document 

summarization 

 Extractive summarization 

 different features may be combined to form a unique 

relevance score of a sentence  

 exploits structural, distributional, semantic co-

occurrence, syntactic, and discourse characteristics of a 

text or text collection  

 captures these characteristics in terms of single value 

functions, vectors, and graphs  

 implements a large variety of symbolic and ML-based 

techniques  



Summary 

extractive single and multiple document 

summarization 

… what we could not look at 

 Summarization as a binary classification task (include a 

sentence into the summary vs. do not)  

 SVMs (Chali et al., 2009; Xie and Liu, 2010) 

 Conditional Random Fields (Galley, 2006; Shen et al., 2007) 

 Neural networks (Kaikhah, 2004) 

  Regression (Ulrich, 2009) 

 … 

 Summarization as an optimization problem 

 Integer Linear Programming (Galanis et al., 2012) 

 Dynamic Programming (McDonald, 2007) 

 … 
 … 



* … 

Let’s move now to abstractive 

summarization 



A short glance at abstractive summarization 

 Genuine abstractive summarization  

 “Understand” a text and summarize its content   

 Template-based abstractive summarization  

 Look for chunks of the text that are understood 

and are relevant and summarize its content 

 Syntax-oriented abstractive summarization  

 Parse sentences selected using a relevance 

metric, fuse similar syntactic trees and 

generate a summary out of the fused trees  

 Hybrid abstractive summarization  



A short glance at abstractive summarization 

 Genuine abstractive summarization (Saggion and 

Lapalme, 2002; Moawad and Aref, 2012)  

 Map the sentences of the text(s) to be summarized onto 

a semantic representation  

 Select the most relevant content from the obtained 

semantic representation  

 Generate from the selected content a cohesive and 

coherent summary using automatic text generation 

techniques  

 Deep parsing  Direct projection 

 Graph navigation  Graph reduction 



Some words on cross-language 

summarization 



What about the language of the summary? 

While most of the discussed extractive techniques 

are per se multilingual, i.e., language-independent, 

they do not solve the issue 

 Relevant material on a given topic often comes in 

different languages   

 The user often wishes to read a summary in the 

language of their preference   

… what we need is cross-language summarization 



Cross-language summarization 

 Given a text in the language L1, produce a summary in L2  

L1 

L1 

SUMMARIZE 

L2 

L1 

ANALYZE 

RDF 

GENERATE 

L2 



Cross-language summarization 

 Given texts in the languages L1, L2, L3, … produce a 

summary in Lj  

L1 

SELECT 

L2 L3 Ln 

… 

SELECT SELECT SELECT 

TRANSL. TRANSL. TRANSL. TRANSL. 

FUSE/ORDER 

… 

Lj Lj Lj Lj 

… 



Cross-language summarization 

 Given texts in the languages L1, L2, L3, … produce a 

summary in Lj  

L1 

ANALYZE 

L2 L3 Ln 

… 

ANALYZE ANALYZE ANALYZE 

INTEGRATE 

GENERATE 

… 



Cross-language oriented summarization 

 Machine translation based CLS (Wan et al., 2010; Boudin et 

al., 2011) 

 Predict MT Quality of source-to-target 

sentences translation 

 Apply MT 

 Classifier-oriented 

 Google Translate 

 MOSES 

 … 

 Score original sentences with 

respect to their informativeness 

(taking MT-quality into account) 

 Generate the target language 

summary 

(Wan et al, 2010) 



Cross-language oriented summarization 

 Deep parsing and generation-based CLS 

 Parse the source language sentences with 

a deep dependency parser 

 Map the parse trees/graphs onto a language-neutral 

semantic (e.g, RDF-based) representation 

 Semantic Role Labeler 

 Deep-syntactic parser 

 … 

 Run content selection on the semantic representation 

 Generate the summary in the target language 

 Usually: language-specific aligned ontologies or 

multiple language labeled ontologies 



How can the quality of a summary 

be evaluated? 



Summarization quality evaluation 

 Human judges (assessors) evaluation 

 Ad hoc assessment of each generated summary  

 Contrastive assessment of generated summaries against 

corresponding gold standard 

 Automatic evaluation 

 Use of an evaluation metric to calculate a similarity score between 

a generated summary and its corresponding gold standard  

 ROUGE  MeMoG  NPowER 

 precision  recall  F-score 

 Pyramid 



Expert evaluation of summaries 

 Ad hoc evaluation of each summary 

Human judges rate the quality of a summary with respect to 

several dimensions, e.g., on the 5-value Likert scale 

 Relevance of the presented information 

 Omission of relevant information 

 Cohesion and coherence of the summary (if applicable) 

 Risk of judgments of different 

rigor  across summaries  

 … 

 Expensive and slow 

 Hard to revise a taken decision 

 Allows for the judgment of the 

meaning accuracy of the 

summary 

 Allows for relative assessment 

across several summaries  Very subjective 



Expert evaluation of summaries 

 Contrastive assessment of generated summaries 

against corresponding gold standard 

Human experts create ground truth summaries 

 Pyramid evaluation strategy (Nenkova et al., 2007) 

 Based on Semantic Content Units (SCUs), which are weighted 

with respect to their relevance for inclusion into the summary 

 Draws upon a set of documents that are to be summarized 

 Attempts to generalize over different surface renderings of the 

same or similar meaning 

 SCU: A semantically motivated, subsentential (max. clausal) unit 



Expert evaluation of summaries 

Pyramid-based evaluation 

 Summary Content Units 

Austria freezer truck death toll rises as more than 70 refugees 

found dead after becoming trapped. The grim discovery was made 

by workers and police have said identifying the number of victims 

has been difficult as they were so badly decomposed 

 
The Austrian government confirms a higher than expected death toll 

after the discovery of the truck on a parking strip off the highway in 

Burgenland state. 

 

Officials had initially said that as many as 50 corpses, thought to be 

migrants, were in the abandoned vehicle, but they revised the 

death toll after working through the night. 

 
Death toll rises from initial estimate of about 50 victims after badly 

decomposed remains are found on Austrian motorway 

S1 

S2 

S3 

S4 



Expert evaluation of summaries 

Pyramid-based evaluation 

 Summary Content Units 

[Austria freezer truck]7 [death toll rises]4 as [more than 70 

[refugees]2 found dead]1 after becoming trapped. The grim 

discovery was made by workers and police have said [identifying 

the number of victims]1 has been difficult as they [were so badly 

decomposed]5 

 [The Austrian government]0 confirms a [higher than expected death 

toll]4 after the discovery of the [truck]7 on a parking strip [off the 

highway in Burgenland state]6. 

 

[Officials]0 had [initially said that as many as 50 corpses]1, thought 

to [[be migrants]2, were in the abandoned vehicle]3, but they 

[revised the death toll]4 after working through the night. 

 
[Death toll rises]4 from [initial estimate of about 50 victims]1 after 

[badly decomposed remains [are found]5 [on Austrian motorway]6 

S1 

S2 

S3 

S4 



Expert evaluation of summaries 

Pyramid-based evaluation 

 SCUs with the same relevance weight form a “tier” 

 Relevance of an SCU is reflected by the number of its 

occurrences across human generated gold summaries 

1 
4 

3 

4 

2 2 

1 

5 

3 



Expert evaluation of summaries 

Pyramid-based evaluation 

 The informartiveness of a  summary is the ratio of the sum of the 

weights of its SCUs to the weight of an optimal summary with the same 

number of SCUs 

 An optimal summary contains all SCUs from tier n-i before any SCU 

from the tier n-(i-1) is expressed 

(from Nenkova et al., 2007) 



Expert evaluation of summaries, 

Pyramid-based evaluation 

 Total weight of a summary 

with i as the number of tier, j as the “lowest tier (usually 1) and Di 

as the score at tier i  

 Weight of an optimal summary 

 Informativeness of a summary D / Max 

D = S i x Di 
i = j 

n 

Max  = S |Ti| + j x Dj 
i = j+1 

n 



Precision and Recall 

for evaluation of the quality of summaries 

. 

  Selection of the most important sentences of a text by a 

human expert (SH) 

 Precision: 

SA  SH 

SA 

 Recall: 

SA  SH 

SH 

automatic summary SA: 



ROUGE (Lin, 2004) 

 A collection of different evaluation metrics 

“Recall-Oriented Understudy for Gisting Evaluation” 

. 

 
N-gram co-occurrence statistics between generated 

and gold standard summaries. 

 

 De facto standard in text summarization 

 The metrics assess the quality of a generated summary by 

measuring its similarity with an ideal summary  

 ROUGE-N 

 ROUGE-NMulti 

 ROUGE-L 

 ROUGE-W  …  ROUGE-S 

 Has been shown to correlate with human judgments 



ROUGE-N 

 N-gram recall based 

with Rouge-2 S2 and S3 equal 



ROUGE-L 

 Longest common subsequence 

(with summaries X of length m and Y of length n) 

What about R and P of S2 and S3 from the previous slide? 



ROUGE-i 

 ROUGE-NMulti 

 ROUGE-W 

weighted longest common subsequence, favours 

consecutive matches 

 ROUGE-S 

Skip-bigram recall metric 

In total, 17 metrics have been presented at DUC 2004 

 ROUGE-SU 

adds unigrams to ROUGE-S 

extends ROUGE-N to multiple references 

 …. 



Summarization in IR 

 Summarization is an important add-on to any IR system 

 Especially multilingual and cross-lingual multi-document 

summarization is of relevance 

To conclude… 

 With the progress in 

 stochastic deep parsing and text generation  

 ontological representations and their processing 

“genuine” abstractive summarization is about to gain a more 

important say 
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