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Abstract

We consider the problem of probabilistic topic modeling for query-focused multi-document summarization. Rather than modeling topics
as distributions over a vocabulary of terms, we extend the probabilistic latent semantic analysis (PLSA) approach with a bigram language
model. This allows us to relax the conditional independence assumption between words made by standard topic models. We present
a unified topic model which evolves from sentence-term and sentence-bigram co-occurrences in parallel. Sentences and queries are
represented as probability distributions over latent topics to compute thematic and query-focused sentence features in the topic space.
We find that the inclusion of bigrams improves the descriptive quality of the latent topics, and substantially reduces the number of latent
topics required for representing document content. Experimental results on DUC 2007 data show an improved performance compared to
a standard term-based topic model. We further find that our method performs at the level of current state-of-the art summarizers, while
being built on a considerably simpler model than previous topic modeling approaches to summarization.

1. Introduction

Automatically producing summaries from input documents
is an extensively studied problem in Information Retrieval
and Natural Language Processing (Jones, 2007). In this
paper, we investigate the problem of multi-document sum-
marization (MDS), where the task is to “synthesize from a
set of related documents a well-organized, fluent answer to
a complex question”'. In particular, we focus on generating
an extractive summary by selecting relevant sentences from
a set of related documents (Goldstein et al., 2000). The con-
densation of information from different sources into an in-
formative summary is an increasingly important task, since
it helps to reduce information overload.

A major challenge in identifying relevant information is
to model document content. A document will generally
contain a variety of information centered around a main
topic, and covering different aspects (subtopics) of this
main theme (Barzilay and Lee, 2004). Human summaries
also tend to cover different aspects of the original source
text to increase the informative content of the summary. In
addition, in query-focused multi-document summarization
tasks, the user query often explicitly requests information
about different aspects of the main theme of the document
cluster (see Table 1). An ideal summary should therefore
aim to include information for each of the “subquestions”
of the complex user query.

Various summarization approaches have exploited observ-
able features based on the identification of topics (or the-
matic foci) to construct summaries. Often, such features
rely on the identification of important keywords (Yih et al.,
2007; Nenkova et al., 2006), or on the creation of term-
based topic signatures (Lin and Hovy, 2000; Conroy et
al., 2007). However, it is well known that term match-
ing has severe drawbacks due to the ambivalence of words
and to differences in word usage across authors (Manning

"Document Understanding Conference summarization track
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and Schiitze, 2001). This is especially important for auto-
matic summarization, as summaries produced by humans
may differ significantly. (Lin and Hovy, 2003b).

Topic models such as Latent Semantic Indexing
(LSI) (Deerwester et al., 1990), Probabilistic Latent
Semantic Analysis (PLSA) (Hofmann, 1999), and Latent
Dirichlet Allocation (LDA) (Blei et al., 2003) provide a
means to overcome the problem of term matching, and
furthermore allow for the modeling of inter- and intradoc-
ument statistical structure. These models introduce hidden
variables as the origin of the observed term co-occurrences.
Whereas LSI is a mapping of the original term-document
vector space onto a linear subspace based on singular value
decomposition, PLSA and LDA model documents as a
distribution of mixture components, where each mixture
component is a multinomial distribution over words. The
mixture components can be interpreted as “topics”, and
the corresponding word distributions characterize the
semantics of the topics.

The reduced description will typically capture some as-
pects of synonymy and polysemy, since words with sim-
ilar meanings tend to occur in similar contexts. Further-
more, semantically similar words are clustered based on
the assumption that the co-occurrence of terms signals se-
mantic relatedness. However, words are considered inde-
pendent given the topics, resulting in the standard bag-of-
words assumption (Blei et al., 2003). N-Gram language
models (Ponte and Croft, 1998) allow us to relax this as-
sumption in order to capture multi-word concepts, where
word order plays a critical role (Wang et al., 2007).

1.1. Our contribution

Our approach extends the standard topic modeling ap-
proach such that the topic model is estimated from the
term co-occurrence as well as bigram co-occurrence obser-
vations in parallel. The integration of a bigram language
model allows us to represent the mixture components as
multinomial distributions over terms and bigrams, leading



Table 1: A complex user query from DUC 2006.

ID D0631D

Title

Crash of the Air France Concorde

Query

Discuss the Concorde jet, its crash in 2000, and aftermaths of this crash.

to an improved representation of the components. Each do-
cument’s distribution over the mixture components is esti-
mated based on maximizing the likelihood of the observed
data given both the term co-occurrence and the bigram co-
occurrence distributions.

Furthermore, the integration of the bigram language model
allows us to relax the independence assumption of terms
made by the standard topic model, since bigrams encode
syntactic dependencies between consecutive terms. Even
though one can consider a bigram simply to be a co-
occurrence of two terms, and as such captured well enough
by a standard topic model, our assumption is that bigram
co-occurrence patterns will reinforce the observed term co-
occurrence patterns. We show that this results in more de-
scriptive latent topics, and considerably reduces the number
of latent topics required for a good model.

We evaluate the modified topic model on the task of query-
focused multi-document summarization by modeling sen-
tences and queries in this novel latent topic space. This
allows us to compute thematic and query-focused sentence
similarity features for extractive summarization.

The rest of this paper is structured as follows: We start with
an overview of related work in Section 2. In Section 3. we
describe our approach for integrating a language model into
the PLSA algorithm. Next, in Section 4., we give details of
our summarization system, the sentence-level features we
use, and of our sentence ranking and selection approach. In
Section 5., we describe and analyze the data sets we use to
verify the assumptions of our approach, and we present ex-
perimental results. Finally, Section 6. concludes the paper.

2. Related work

Probabilistic topic models for the representation of do-
cument content have also been explored by Barzilay and
Lee (Barzilay and Lee, 2004). They use Hidden Markov
Models (HMM) to model topics and topic change in text,
albeit only for generic single-document summarization.
The model assumes that a topic is formed by clustering
sentences based on vector space similarity, and bigram dis-
tribution patterns are learned from these topical clusters.
Each sentence is assigned to exactly one topic cluster, cor-
responding to a HMM state. Documents are modeled as se-
quences of topics, representing the typical discourse struc-
turing of texts in specific domains. In contrast, our ap-
proach models each sentence as a distribution over multiple
topics, and also models queries in the latent topic space for
query-focused multi-document summarization.

More related to our method is the approach of Daumé and
Marcu (Daumé and Marcu, 2006), who utilize a model sim-
ilar in style to LDA. However, the latent classes are cho-
sen to capture general language background vocabulary,
document- and query-specific vocabularies. Each sentence
is modeled as a distribution over these three mixture com-
ponents, e.g. consisting of 60% query information, 30%

background document information, and 10% general En-
glish (Daumé and Marcu, 2006). Topical information is not
considered, and neither are the subtopics contained in a do-
cument.

The method proposed by Haghighi and Vanderwende takes
up this approach, but constructs summaries by optimiz-
ing the KL-divergence between the summary topic dis-
tribution and the topic distribution of the source docu-
ment set (Haghighi and Vanderwende, 2009). Subtopics
are modeled by introducing a hierarchical LDA process.
Instead of drawing words only from a generic “content”
distribution they allow for either generic or topic-specific
word distributions for each sentence. However, for each
sentence only one distribution is selected, and all content
words of that sentence are drawn from this distribution.
Topic-specific distributions are ordered sequentially over
sentences similar to the approach of Barzilay and Lee. The
proposed approach does not address query-focused summa-
rization.

In previous work, we showed that a term-sentence co-
occurrence based PLSA model can be effectively used
for query-focused multi-document summarization (Hennig,
2009). The proposed model outperformed existing systems
on DUC 2006 data, and performed comparable to state-of-
the-art summarization systems on the DUC 2007 dataset.
All of the above methods consider either unigram or bi-
gram distributions for representing topics, but not the com-
bination of both. In our approach, we combine unigram
and bigram observations to create topic representations that
consist of multinomial distributions over both unigrams and
bigrams.

In the area of topic modeling, Wallach proposed an ap-
proach to relax the bag-of-words assumption in (Wallach,
2006). The LDA model she discusses incorporates, in a
fashion similar to typical n-gram language models, the con-
ditional probability of a word at position ¢ given the word
at position ¢ — 1, such that p(w;) = p(w¢|ws—1). Each
topic is represented as a set of W distributions — contrasting
with the single word distribution per topic typically used
— where W is the size of the vocabulary. Each of the W
word distributions per topic is conditioned on the context
of a previous word w;_1. The number of parameters to be
estimated is hence WT' (W — 1), whereas our model has
(W — 1)T + (B — 1)T free parameters (B is the number
of distinct bigrams).

3. Topic and Language Model Combination
using PLSA

For simplicity, we utilize and adapt the PLSA algorithm
to test the validity of our approach, but for all purposes this
can be considered equivalent to using a more complex topic
model such as LDA.

PLSA is a latent variable model for co-occurrence data



that associates an unobserved class variable z € Z =

{#1,...,2} with each observation (d,w), where word
w € W = {w,...,w;} occurs in document d € D =
{d1,...,d;}. Documents and words are assumed indepen-

dent given the topic variable Z. The probability that a word
occurs in a document can be calculated by summing over
all latent variables Z:

P(w;|d;)

ZP (w;i|zk) P

Similarly, we can associate each observation (d, b) of a bi-
gram b = (ww'), where bigram b € B = {b1,...,b}
occurs in document d, with the same unobserved class vari-
able z. We assume the same hidden topics of the term-
sentence co-occurrences (d, w) as the origin of the bigram-
sentence co-occurrence observations (d, b):

P(b|d;) ZP bilzi) P

(2kld;). ey

(21|d;).- @)

Notice that both decompositions share the same document-
specific mixing proportions P(zj|d;). This couples the
conditional probabilities for terms and bigrams: each
“topic” has some probability P(b;|zx) of generating bi-
gram b; as well as some probability P(w;|zx) of generat-
ing an occurrence of term w;. The advantage of this joint
modeling approach is that it integrates term and bigram in-
formation in a principled manner. This coupling allows
the model to take evidence about bigram co-occurrences
into account when making predictions about terms and
vice versa. Following the procedure in Cohn and Hof-
mann (Cohn and Hofmann, 2000), we can now combine
both models based on the common factor P(z|d) by maxi-
mizing the log-likelihood function

L =

Z aZn(dj,wi) log P(w;, d;)

7 A

+(1 =) n(dj,b)log P(bi,dj) | (3)

l

where « is a predefined weight for the influence of each
two-mode model. Using the Expectation-Maximization
(EM) algorithm we then perform maximum likelihood pa-
rameter estimation for the aspect model. During the expec-
tation (E) step we first calculate the posterior probabilities:

P(wi|zi) P(zx|d;)

2 et
P(b|zk)P(2k|d;
P(zlbd;) = “Lﬁ’gzﬂéi’“' Do)
J

and then re-estimate parameters in the maximization (M)
step as follows:

Pwi|z) = P(zx|wi, d;) (6)

sznwf 4;)

n(b
P(bi|zx) = Zzl,nlél P b))

The class-conditional distributions are recomputed in the
M-step as

p(zxld;) Tl

xa, m
+(1—a) > z ; n(b/ d 5P (zklbi, dj)  (8)

P(zx|wi, dj)

Based on the iterative computation of the above E and M
steps, the EM algorithm monotonically increases the likeli-
hood of the combined model on the observed data. Using
the o parameter, our new model can be easily reduced to a
term co-occurrence based model by setting o = 1.0.

4. Topic-based summarization

Our approach for producing a summary consists of three
steps: First, we represent sentences and queries in the la-
tent topic space of the combined PLSA model by estimating
their mixing proportions P(z|d). We then compute several
sentence-level features based on the similarity of sentence
and query distributions over latent topics. Finally, we com-
bine individual feature scores linearly into an overall sen-
tence score to create a ranking, which we use to extract sen-
tences for the summary. We follow a greedy approach for
selecting sentences, and penalize candidate sentences based
on their similarity to the partial summary. These steps are
described in detail below.

4.1. Data Set

We conduct our analysis and evaluate our model based on
the multi-document summarization data sets provided by
DUC?. Specifically, we use the DUC 2007 data set for eval-
uation. The data set consists of 45 document clusters, with
each cluster containing 25 news articles related to the same
general topic. Participants are asked to generate summaries
of at most 250 words for each cluster. For each cluster, a ti-
tle and a narrative describing a user’s information need are
provided. The narrative (query) is usually composed of a
set of questions or a multi-sentence task description.

4.2. Sentence representation in the latent topic space

Given a corpus D of topic-related documents, we per-
form sentence splitting on each document using the NLTK
toolkit®. Each sentence is represented as a bag-of-words
w = (wq,...,Wy,). We remove stop words for the un-
igram model, and apply stemming using Porter’s stem-
mer (Porter, 1980). We create a term-sentence matrix 7.5
containing all sentences of the corpus, where each entry
TS(i,j) is given by the frequency of term 4 in sentence
j, and a bigram-sentence matrix B.S, where each entry
BS(1, 7) is given by the frequency of bigram [ in sentence
j. We then train the combined PLSA model on the matrices
TS and BS.

After the model has been trained, it provides a represen-
tation of the sentences as probability distributions P(z|s)
over the latent topics Z, and we arrive at a representation
of sentences as a vector in the “topic space”:

s = (p(z1ls), p(22ls), ..., p(2Ks)), )

http://www.nist.gov/tac
Shttp://www.nltk.org



where p(z|s) is the conditional probability of topic & given
the sentence s.

In order to produce a query-focused summary, we also need
to represent the query in the latent topic space. This is
achieved by folding the query into the trained model. The
folding is performed by EM iterations, where the factors
P(w|z) and P(b|z) are kept fixed, and only the mixing
proportions P(z|q) are adapted in each M-step (Hofmann,
1999). We fold the title and the query of the document clus-
ters, the document titles, and document and cluster vectors
into the trained PLSA model. Query vectors are prepro-
cessed in the same way as training sentences, except that no
sentence splitting is performed. Document and document
cluster term vectors are computed by aggregating sentence
term vectors.

4.3. Computing query- and topic-focused sentence
features

Since we are interested in producing a summary that covers
the main topics of a document set and is also focused on sat-
isfying a user’s information need, specified by a query, we
create sentence-level features that attempt to capture these
different aspects in the form of per-sentence scores. We
then combine the feature scores to arrive at an overall sen-
tence score. Each feature is defined as a similarity (.S, Q)
of a sentence topic distribution S = P(z|s) compared to a
“query” topic distribution @ = P(z|q):

e 7(S,CT) - similarity to the cluster title
e (S, N) - similarity to the cluster narrative (query)

(
o (S, T) - similarity to the document title
e (S, D) - similarity to the document centroid
e 7(S,C) - similarity to the cluster centroid

Since measures for comparing two probability distributions
are typically defined as divergences, not similarities, we in-
vert the computed divergence. In our approach, we employ
the Jensen-Shannon (JS) divergence, but a variety of other
similarity measures can be utilized towards this end. The
JS-divergence is a symmetrized and smoothed version of
the Kullback-Leibler divergence:

1s(5.Q) = 1= |5Dralslan

1
+3D@bn|. a0

where M = 1/2(5 + Q).

As the training of a PLSA model using the EM algorithm
with random initialization converges on a local maximum
of the likelihood of the observed data, different initializa-
tions will result in different locally optimal models. As
Brants et al. (Brants et al., 2002) have shown, the effect of
different initializations can be reduced by generating sev-
eral PLSA models, then computing features according to
the different models, and finally averaging the feature val-
ues. We have implemented this model averaging using 5
iterations of training the PLSA model.

4.4. Sentence scoring

The system described so far assigns a vector of feature val-
ues to each sentence. The overall score of a sentence con-
sisting of the features (71, ...,rp) is then defined as:

score(s) = Z WpTp, (11)
I3

where w,, is a feature-specific weight. We optimized the
features weights on the DUC 2006 data set. We initial-
ized all feature weights to a default value of 1, and then
optimized one feature weight at a time while keeping the
others fixed. The most dominant features in our experi-
ments are the sentence-narrative similarity (S, V) and the
sentence-document similarity (.S, D), which confirms pre-
vious research. Sentences are ranked by this score, and the
highest-scoring sentences are selected for the summary.
We model redundancy similar to the maximum marginal
relevance framework (MMR) (Carbonell and Goldstein,
1998). MMR is a greedy approach that iteratively selects
the best-scoring sentence for the summary, and then up-
dates sentence scores by computing a penalty based on the
similarity of each sentence with the current summary:

scoremmyr(8) = A(score(s)) — (1 — A\)r(S,SUM), (12)

where the score of sentence s is scaled to [0,1] and
(S, SUM) is the cosine similarity of the sentence and the
summary centroid vector, which is based on the averaged
distribution over topics of sentences selected for the sum-
mary. We optimized A on DUC 2006 data, with the best
value \ = 0.4 used in our experimental evaluation.

4.5. Topic distribution over sentences

It is well known that documents cover multiple subtopics
related to the main theme of the document (Barzilay and
Lee, 2004). Standard topic models such as LDA therefore
represent a document as a distribution over a set of latent
topics. In our approach, we extend this notion and treat
each sentence as a document, thus assuming that a sentence
covers one or more topics of the document set. For ex-
ample, a sentence of a news article related to a meeting of
government leaders may provide information on the people
who have met as well as on the location of the meeting. Our
intuition is that the number of topics that a sentence covers
should be rather low, but larger than one.

Figure 1(a) shows the distribution of the number of topics
per sentence for a PLSA model based on terms only and
for the PLSA model combining unigrams and bigrams. We
only consider topics with a probability greater than some
small value € (¢ > 0.01). We see that the distributions fol-
low a power law: There are very many sentences which are
assigned a single dominant topic, and very few sentences
which are assigned many topics. We note that the combined
model assigns less topics to a sentence than the term-based
model.

From Figure 1(b) we see that the average number of top-
ics assigned to a sentence is relatively robust to varying the
value of k (the free parameter specifying the number of la-
tent topics for the PLSA algorithm). Even for k& <= 16,
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Figure 1: (a) Distribution of number of topics per sentence (p(z|d) > 0.01) for a k = 128 factor decomposition of
the DUC 2007 document sets, using terms only or the combined model; and (b) Average number of topics per sentence
(p(z|d) > 0.01) for different values of k, using terms only or the combined model

where k is actually smaller than the number of input doc-
uments, on average more than one topic is assigned to a
sentence. This confirms our intuition that sentences may
cover multiple subtopics. Again we see that the combined
model on average assigns less topics to a sentence, which
suggests that the descriptive quality of the topics better fits
the available data.

5. Experiments

For the evaluation of our system, we use the data set from
the multi-document summarization task in DUC 2007. For
all our evaluations, we use ROUGE metrics*. ROUGE
metrics are recall-oriented and based on n-gram overlap.
ROUGE-1 has been shown to correlate well with human
judgements (Lin and Hovy, 2003a). In addition, we also
report the performance on ROUGE-2 (bigram overlap) and
ROUGE-SU4 (skip bigram) metrics.

5.1. Results

We present the results of our system in Table 2. We com-
pare our results to the best peer (peer 15) and to a Lead
sentence baseline system. The Lead system uses the first n
sentences from the most recent news article in the document
cluster to create a summary. In the table, system PLSA uses
a standard term co-occurrence based model, and system
PLSA-F combines term and bigram co-occurrences, based
on the best value for parameter o = 0.6. The PLSA-F sys-
tem outperforms the standard PLSA model on ROUGE-1,
ROUGE-2 and ROUGE-SU4 scores, although the improve-
ments are not significant. More interestingly, the PLSA-F
achieves its best score using only £ = 32 latent classes,
compared to k = 256 for the PLSA system. This suggests

4ROUGE version 1.5.5, with arguments -n4 -w 1.2 -m-24 -u
-c95-r1000-fA-p0.5-t0

Table 2: DUC-07: ROUGE recall scores for best number of
latent topics k. The PLSA system uses term co-occurrences
only, the PLSA-F combines term and bigram co-occurrence
information, with a« = 0.6. The PLSA-F variant outper-
forms the best participating system (peer 15) on ROUGE-1.

System | k Rouge-1 | Rouge-2 | Rouge-SU4
peer 15 | - 0.44508 | 0.12448 | 0.17711
PLSA-F | 32 | 0.45400 | 0.11951 | 0.17573
PLSA 256 | 0.44885 | 0.11774 | 0.17552
Lead - 0.31250 | 0.06039 | 0.10507

that the information supplied by the bigram co-occurrence
observations indeed reinforces the term co-occurrence ob-
servations, such that the model can better represent the dif-
ferent latent topics contained in the document cluster.

Our combined approach outperforms peer 15 on ROUGE-
1 recall, and is not significantly worse on ROUGE-SU4
recall. For ROUGE-2, our system’s performance is only
slightly lower than the 95%-confidence interval of the top
system’s performance (0.11961-0.12925). The results of
our system are also comparable to the topic modeling ap-
proach of Haghighi and Vanderwende (Haghighi and Van-
derwende, 2009), who report a ROUGE-2 score of 0.118
for a model based on bigram distributions, but are signif-
icantly better than the 0.097 they report for an unigram-
based model.

5.2. System variations

To verify the experimental observation that the combined
model allows for a better representation of the latent topics,
we conducted a series of experiments varying the number
of latent classes and the weight of the parameter a.. The re-
sults of these experiments are shown in Figure 2. We have
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Figure 2: Summarization performance on DUC 2007 data in terms of ROUGE-2 (a) and ROUGE-SU4 (b) recall for

different values of latent topics k£ and parameter «.

omitted results for k < 32, where none of the models can
cope with the complexity of the data. We also do not show
results for £ > 256, since the performance of all models ei-
ther stabilizes with respect to their performance at k = 256,
or the models start to overfit, resulting in lower ROUGE
scores. We observe that the models combining term and
bigram co-occurrence information outperform the models
based only on term co-occurrence (v = 1.0) respectively
bigram co-occurrence (o = 0.0) for small numbers of la-
tent classes k. As k increases, the performance of the com-
bined models decreases, or exhibits only small variations
(e.g. @ = 0.6 for & = 256). This suggests that the qual-
ity of the learned latent topics is starting to decrease, as the
algorithm creates topics with idiosyncratic word combina-
tions (Steyvers and Griffiths, 2006). The performance of
the term-based model, however, increases until £k = 256,
reaching a maximum ROUGE-2 recall of 0.11776, before
also overfitting (not shown here).

Our observations therefore indicate that the information ob-
tained from the combined model allows for a more descrip-
tive representation of the latent topics contained in the do-
cument collection.The most interesting observation shown
in Figure 2 is that adding bigram-sentence co-occurrence
observations to a standard PLSA model can substantially
improve ROUGE-2 scores and significantly reduce the
number of latent classes required for a good model. The
effect is less pronounced for ROUGE-SU4 scores, but still
recognizable. All combined models outperform the term
and bigram baseline models on ROUGE-2 for & = 32 la-
tent classes.

We further note that the term-based model (o« = 1.0) con-
sistently outperforms the bigram-based model (o = 0.0),
indicating that bigram co-occurrence information alone
captures less of the topical relations that exist in the do-
cument collection.

We also find that the effect of varying the parameter « fol-
lows an expectable pattern: For o = 0.8, the term observa-
tions dominate the combined topic model, and the ROUGE-
2 score curve follows that of the model with = 1.0

(for k <= 128). With decreasing a(av >= 0.6) a model
reaches its best performance for a smaller value of & (Since
we omit scores for k < 32, this ‘peak’ is not as clearly
visible for a = 0.6).

The experimentally optimal value of o = 0.6 weights term
and bigram co-occurrences almost equally, with ROUGE-
2 scores similar for « = 0.4. For lower values of «, i.e.
models where bigram observations contribute more promi-
nently during parameter estimation, the summarization per-
formance of the model decreases substantially. ROUGE-
SU4 scores are consistently lower than for the other mod-
els.

6. Conclusion

We introduced a novel approach for query-focused multi-
document summarization that combines term and bigram
co-occurrence observations into a single probabilistic latent
topic model. The integration of a bigram language model
into a standard topic model results in a system that out-
performs models which are based on term respectively bi-
gram co-occurrence observations only. Furthermore, it re-
quires fewer latent classes for optimal summarization per-
formance.

‘We observe that the distribution of topic frequencies across
sentences follows a power law. On average, sentences are
assigned more than two latent topics for a standard topic
model, but only between one and two topics for our com-
bined model. This suggests that the combined model results
in a better representation of the underlying subtopics of a
document set. We also find that the average number of top-
ics assigned to a sentence is relatively robust with respect
to variations in the number of latent classes.

Our results are among the best reported on the DUC-
2007 multi-document summarization tasks for ROUGE-1,
ROUGE-2 and ROUGE-SU4 scores. We have achieved
these excellent results with a system that utilizes a con-
siderably simpler model than previous topic modeling ap-
proaches to multi-document summarization.

In future work, we plan to implement our approach using



LDA instead of PLSA to address shortcomings of PLSA
such as overfitting and the lack of generative modeling at
the document level.
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