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Abstract
Extractive multi-document summarization is the task of choos-
ing sentences from a set of documents to compose a summary
text in response to a user query. We propose a generative ap-
proach to explicitly identify summary and non-summary topic
distributions in the sentences of a given set of documents (i.e.,
document cluster). Using these approximate summary topic
probabilities as latent output variables, we build a discrimina-
tive classifier model. The sentences in new document clusters
are inferred using the trained discriminative model. In our ex-
periments we find that the proposed summarization approach is
effective in comparison to the state-of-the-art methods.
Index Terms: topic modeling, discriminative classification,
summarization

1. Introduction
Multi-document summarization requires creating a short sum-
mary of documents that are about a user-formulated query. In
the case of speech summarization, the text of these documents
is generated using automatic speech recognition. For newswire
text, this task has been evaluated in the framework of Docu-
ment Understanding Conferences (DUC) [1], resulting in test
beds that can be used for summarization research. Automati-
cally created summaries can either consist of the most important
information overall (generic summarization), or of the informa-
tion most relevant with respect to a user’s information need.

Previous studies on summarization can be investigated un-
der two sections: one stream of research focuses on identify-
ing the most important sentences using a language model, or a
classifier model based on features such as term-frequency and
sentence length [2, 3]. Although very effective, these models
usually lack the hidden semantic content information in doc-
uments. Other studies have taken probabilistic approaches by
ranking sentences using estimated summary likelihoods based
on purely data-driven methods [4, 5, 6], especially using Latent
Dirichlet Allocation (LDA)-style topic models [8]. These meth-
ods yielded promising results in correct labeling of sentences to
generate coherent summaries, since representing documents as
topic distributions rather than bags of words diminishes the ef-
fect of lexical variability, while keeping the overall semantic
structure of document sets intact. However one issue with these
models is that they can yield too general results [7]. Further-
more, there is very little interest on probabilistic topic models
to predict summaries for new document sets using previously
trained models.

To address these issues, we build a probabilistic topic
model, namely Summary Focused Topic Model (sLDA), that
can explicitly discover summary and non-summary topic distri-
butions on sentence level under the assumption that sentences
convey a particular content. Viewing sentences as mixtures of

two separate sets of topics, summary and non-summary topic
distributions, makes it possible to formulate this task as the
problem of discovering salient sentences that are likely to be
included in summary text. We predict expected summary topic
distributions in sentences and use them as latent output vari-
ables, along with the set of features characterizing sentences
in documents to build a discriminative classifier model. The
trained model is then used to infer summary latent distributions
in sentences of test documents to construct a summary.

In this work, we focus on two major tasks to generate co-
herent and compact summaries: (i) capturing summary-focused
contents from sentences in documents with a probabilistic
model described in Section 2, (ii) building a classification based
approach for inferring content distributions in sentences of test
documents, instead of building a probabilistic model for test
documents as shown in Section 3.

2. Summary Focused Topic Model - sLDA
(1) Model Description: sLDA is an extension of LDA [8],
which is based on two assumptions: (i) sentences in summaries
represent coherent topics which can be discovered from sen-
tences in document sets; (ii) the rest of the content distributions
in documents represent specific content that generally do not
appear in a summary text.

The sentences M = {om}|M|m=1 in a document cluster D
are represented by a list of tokens om = (w1, ..., wNm), where
wi ∈ W = {w1, ..., wV }. Here Nm is the number of words
in the = mth sentence. Given document cluster sentences and
human generated summary text, we construct vocabulary W of
size V, and identify summary words in W.

K topics are represented by multinomial distributions over
V unique words, where P (w|zk) = φ

(k)
w , k=1,...,K, is the prob-

ability of a word given topic zk. Similarly, M sentences are rep-
resented by multinomial distributions θ over K topics, such that
for a word in a sentence om, P (zk|om) = θ

(om)
k , m=1..M, is

the probability of zk in a given sentence om. We identify multi-
nomial distributions with θ by allocating the first S distributions
as summary topics, which highly likely generate words that are
common in the summary and document texts. The R=K-S top-
ics represent those that are only generated from sentences which
do not contain any common terms with summary text. We cast
the problem as a generation of a set of summary topic distribu-
tions, which closely match with summary text unigram/bigram
distributions (similar to criterion proposed by [9], which uses
Kullback-Leibler (KL) divergence for evaluation). The genera-
tive model of sLDA is shown in Table 1 and graphical model in
Fig.1.

We restricted our model to only three parameters, α, αs and
β (Fig.1) using symmetric Dirichlet distributions. Note that the
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Figure 1: Graphical Representation of sLDA Model.

− For each topic k=1..K , draw distribution of words
φ(k) ∼ Dir(β)

− For each sentence m=1...M
� draw S # of summary topic distributions,

θ1...S ∼ Dir(αs)
� draw R # of summary topic distributions,

θ(S+1)...K ∼ Dir(α)
� for each word i in sentence om;
◦ if yi=1; draw zk ∼Mult(θ

(om)
k ), k ∈ {1..S}

◦ if yi=0; draw zk ∼Mult(θ
(om)
k ), k∈ {S + 1..K}

◦ draw wi ∼Mult(φ(k))

Table 1: Generative process of sLDA.

parameter y, known a priori, determines from which distribu-
tion the topics should be sampled. Specifically, if word wi in
om exists in a summary (yi = 1), then summary topic mixing
variables θ(om)

k for topics k = 1, ..., S are sampled, otherwise
non-summary topic mixing variables for topics k=(S+1),...,K
are sampled (yi = 0). Hence, we dedicate the first S topics
in K ×M (topic by sentence) count matrix to summary topics
to generate the summary topic distributions, and the rest of the
R=K-S to non-summary topics. (In the experiments we used
S=R).

(2) Inference: Using Gibbs Sampler [10] the equations to
sample zi variable for each word token wi for yi=0, p(yi =
0, zi|w, z−i, α, β) can be derived as:

nV R
wk,−i

+β∑V K

w′
nV K
w′k,−i

+V β
∗ nMR

mk,−i
+α∑MK

k′
nMK
mk′,−i

+Kα
(1)

and for yi=1, p(yi = 1, zi|w, z−i, α
s, β):

nV S
wk,−i

+β∑V K

w′
nV K
w′k,−i

+V β
∗ nMS

mk,−i
+αs

∑MK

k′
nMK
mk′,−i

+Kαs
(2)

where nV S
wk,−i is the count of wi in summary topic k and nMS

mk,−i

is the count of summary topic k in sentence om excluding cur-
rent instances. Similarly nV R

wk,−i is the count of wi in non-
summary topic k and nMR

mk,−i is the count of non-summary topic

k in sentence om. Each sentence is considered as a mixture of
summary and non-summary topics, which can be approximated
from the model.

(3) Latent Sentence Labels : After topic distributions are
approximated for each sentence, we compile a training dataset
D = {(xm, lm)} ,m = 1...M , where xm is a representation
of a sentence as a feature vector. Initially, lm is a K dimensional
vector lm ∈ (0, 1)K =

{
θ̂
(om)
k=1..K

}
of the expected topic prob-

abilities of a sentence om over topics K=S+R. We pose the multi
output problem with K outputs as a binary-classification using
the following voting criteria: We set binary class label lm=1 for
a given sentence om, if the sum of the summary topic proba-
bilities are greater than the rest of the topic probabilities, and
construct binary latent output variable l = {lm}Mm=1, where:

lm =

{
1, if

(∑S

k=1
θ̂
(om)

k

)
−
(∑K

k=S+1
θ̂
(om)

k

)
>0

0, otherwise
(3)

A binary output lm = 1 indicates that the total summary topics
have higher probability of being generated compared to non-
summary topics, and hence the sentence is better suited for in-
clusion in a summary.

3. Classification for Sentence Extraction
Feature Extraction: We train a classifier model on a dataset
of sentences compiled from different document clusters using
binary latent variable lm as output and frequency based meta-
features as input variables. sLDA is trained on sentences of
each document cluster using a vocabulary specific to their clus-
ter. The classifier model, on the other hand, is built on sentences
from all the document clusters. Thus, we use meta-n-gram fea-
tures, instead of word n-gram features to represent sentences
that do not necessarily have common vocabulary.

Given document cluster D, we identify the most frequent
(non-stop word) unigrams, i.e., vfreq = {wi}ri=1 ⊂ W , where
r is a model parameter of number of most frequent unigram
features. Given sentence om, let d represent the document that
om belongs to, i.e., om ∈ d. We measure unigram probabil-
ities for each wi of om by p(wi) = nd(wi)/nD(wi), where
nd(wi) is the number of times wi appears in d and nD(wi)
is the number of times wi appears in the document cluster D.
For any ith feature, the value is xmi = 0, if the given sentence
does not contain wi, otherwise xmi = p(wi ∈ om). We also
introduce bigram extensions. Additional features are: average
term-frequency of a sentence, the rank of a sentence in a given
document and sentence word count.

Classifier Model: We utilize support vector machines
(SVM) [11] with the RBF kernel e−‖xi−xj‖2 as binary clas-
sifier. The regularization parameter C and kernel parameter γ
are selected by cross-validation. We use Platt’s posterior prob-
abilities [12], [13] to estimate probability of summary topics
being generated from a given sentence om,

P (l = k|x) = θ̂
(om)
k = 1/(1 + eAf̂+B)

where k∈{0,1}, binary latent output variable, and A and B are
estimated by minimizing the negative log-likelihood, and f̂ are
the decision values of training data learned from the SVM clas-
sifier.

Once we train the classifier, we use the model to predict the
total summary topic proportions of sentences in test documents,
D =

{
(xtest

m )
}

and obtain P̂ (l = 1|xtest), likelihood of a
given sentence being extracted for a summary text.
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Sentence Scoring: Topic-based scores obtained from
sLDA might be too coarse to generate high quality summaries.
Since term frequencies is shown to play an important role in de-
termining the importance of sentences, we use SUMBASIC [3],
which assigns a score to each sentence S based on the count of
high frequency words it contains by

ScoreUnis =
∑

w∈S

1
|S|PD(w)

where PD(wi) is the observed unigram probabilities in the doc-
ument collection D. We also measure bi-gram probabilities to
calculate sentence scores, ScoreBi(S) and derive a combination
of topic-based and the two frequency based scores,

Scores = a∗P̂ (l = 1|xtest)+b∗ScoreUni(s)+c∗ScoreBi(s)

In the experiments, we predicted the optimum values of a, b, c
via cross validation on training document set.

Redundancy Elimination: To eliminate redundant sen-
tences in the generated summary, we incrementally add onto the
summary the highest ranked sentence om and check if om sig-
nificantly repeats the information already included in the sum-
mary until the algorithm reaches word count limit. We use a
word overlap measure between sentences normalized to sen-
tence length. A om is discarded if its similarity to any of the
previously selected sentences is greater than a threshold identi-
fied by a greedy search on the training dataset.

4. Experiments
We used DUC2005-2006 datasets to train and validate our mod-
els, and evaluate the performance on DUC2007 sets, see Ta-
ble 2(a) for a description of the data sets. The task is to cre-
ate at most 250 word long summary text for a given docu-
ment cluster. Performance measure is based on ROUGE [14],
[15], which evaluates summaries based on the maximum num-
ber of overlapping units between generated summary text and a
set of human generated summary text. We present R-1 (recall
against unigrams), R-2 (recall against bigrams), and R-SU4 (re-
call against skip-4 bigrams) results. For SVM cross validation
we use (C, γ) : ([2−5, 2−3...215], [2−5, 2−3...215]) parame-
ters.

We evaluate the performance of our sLDA model using
ROUGE in comparison to the following state-of-the-art summa-
rizers: (1) PYTHY [16] a supervised sentence extraction sum-
marization system, (2) HIERSUM [6] a generative summariza-
tion method based on topic models, (3) ILP (ICSI Summarizer)
[17] integer programming based approach1. We also compared
results to a Baseline method, which simply replaces the
scoring algorithm of our sLDA with a simple scoring function,
which is measured by its lexical similarity (cosine distance) to
maximum matching summary sentence. Then we build a re-
gression model with the same variables as our sLDA to create a
summary.

4.1. Model Performance Evaluations

During training of sLDA models, we find K=8 as the
optimum topic number after empirical experiments K ={
22, 23, 24, 25

}
and choose the optimum feature defined in pre-

vious section based on classifier accuracy on validation data.
The sLDA ROUGE results against state-of-the-art summa-

rization methods are shown in Table 2.b. As shown in the ta-
ble, the proposed sLDA method achieves the best performance.

1http://code.google.com/p/icsisumm

Criteria ILP sLDA Tie
Non-redundancy 18 26 49
Coherence 23 45 25
Focus 19 53 21
Overall 26 45 22

Table 3: Frequency results of manual quality evaluations. Re-
sults are statistically significant based on t-test. Tie indicates
evaluations where two summaries are rated equal.

Based on the ROUGE score when stop words are used, the
sLDA achieves a raw performance gain of 4-5% with respect
to all baselines, except the ILP summarizer. Intuitively, ILP
picks the optimum subset of sentences, and hence eliminates
redundancies and uses the space for including other word n-
grams, while the other methods use greedy algorithms during
sentence selection, and may still include redundancies. In addi-
tion, ILP uses word bi-grams as concepts during training, thus
resulting better R-2 performance. Contrarily, sLDA neither op-
timizes a model based on sentence redundancy nor on bi-gram
concepts. Nevertheless, sLDA R-1 and R-SU4 scores are com-
parable (if not better). In without stop words ROUGE scores,
sLDA performance is significantly better against all models ex-
cept R-2, because during training the topic model in sLDA stop
words are not added to the vocabulary, contrary to HIERSUM.

4.2. Manual Quality Evaluations

Here, we manually evaluate quality of summaries, a common
DUC task. Human annotators are given two sets of summary
text for each document set, generated from two different sum-
marizer models and are asked to mark the better summary ac-
cording to four criteria: (1) Non-redundancy (which summary
is less redundant), (2) Structure and Coherence (which sum-
mary is more coherent), (3) Focus and Readability (content and
not include unnecessary details), (4) Overall performance. We
compared sLDA summaries to the next best system, the ILP
summarizer. We asked 4 annotators to rate DUC2007 predicted
summaries (average 23 summary pairs). A total of 93 pairs are
judged and evaluation results in frequencies are shown in Ta-
ble 3. The participants rated sLDA generated summaries more
coherent and focused compared to ILP. Except for the non-
redundancy criteria, all the results in Table 3 are statistically
significant (based on t-test on 95% confidence level.) indicating
that sLDA summaries are rated significantly better.

4.3. Hybrid Summarization Model

Based on the results of previous experiments, we conclude that
sLDA can generate coherent and focused summaries while not
performing as good on recall against bi-grams (R-2) as op-
posed to ILP. In order to further improve summarization per-
formance, here we combine the sLDA and ILP methods in a
following way: We use the sLDA scores in ILP summarizer
tools to build sLDA-ILP Hybrid models. While ILP sum-
marizer works with concept-level weights, sLDA generates sen-
tence scores. Hence, instead of weighing word n-grams accord-
ing to their document frequencies, as in the previous work [17],
in hybrid sLDA-ILP models, we estimate weights for word n-
grams by using the scores of sentences in which they appear.
We used the total and average scores of all sentences an n-gram
appears as the weight of that n-gram.

This ensures a good concept weighting technique with a
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DUC 2005 DUC 2006 DUC 2007
# docSets 50 50 45

# docs/docSet 31 25 25
# docs/docSet 28 28 21

ROUGE w/o stop words w/ stop words
R-1 R-2 R-SU4 R-1 R-2 R-SU4

Baseline 32.4 7.4 10.6 41.0 9.3 15.2
PYTHY 35.7 8.9 12.1 42.6 11.9 16.8
HIERSUM 33.8 9.3 11.6 42.4 11.8 16.7
ILP 33.9 9.1 12.2 44.5 12.6 17.3
sLDA 36.2 9.0 12.5 45.4 11.5 17.3

(a) (b)

Table 2: (a) Description of DUC datasets used in experiments. (b) ROUGE comparisons with the best systems on DUC2007 dataset.

ROUGE w/ stop words R-1 R-2 R-SU4
sLDA 45.4 11.5 17.3
sLDA-ILP Hybrid 45.2 12.8 17.6

Table 4: ROUGE results for sLDA and Hybrid Summarization
Methods (sLDA and ILP) on DUC 2007 dataset.

good sentence selection algorithm. We used the same set-up
as in section 5.1 to build sLDA-ILP models using with stop
words. As depicted in Table 4, with the hybrid model, R-2 re-
sults are improved significantly while rest of the ROUGE scores
of sLDA and sLDA-ILP are comparable.

5. Conclusions
Probabilistic topic models have been successfully used to solve
natural language processing problems, however very little at-
tention has been made to inferring topic distributions for unseen
datasets. In this paper, we present a new probabilistic model for
the problem of multi-document summarization. Our approach
is based on learning summary content distributions from doc-
ument sets using provided summary texts as supervision. We
find that a simple discriminative learning method trained on
word frequencies as inputs, and approximated topic probabili-
ties given sentences as outputs, can produce comparable results
to the state-of-the-art multi-document summarization methods.
One prominent feature of our proposed modeling tool is that it
can be used not only for summarization tasks, but also for any
other problem related to information extraction from text, where
hidden topics can be extracted from unlabeled text collections.
In this sense, our approach is generic and forms a baseline.

One area of direction we would like to explore as a fu-
ture study is capturing n-gram relations of words (lexical units)
while approximating the content distributions. Longer lexical
units are rather shortened in summary text (e.g., ”The Vice Pres-
ident of USA, Joe Biden” is usually found in a summary text as
”Vice President Biden”). A generative model that can capture
such dependencies would be valuable and may enable sentence
compression, a very important step in summarization. Another
area of direction is making the approach robust to errors in au-
tomatic speech recognition and spontaneous speech.
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