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Abstract—Summarization of long sequences into a concise
statement is a core problem in natural language processing,
which requires a non-trivial understanding of the weakly struc-
tured text. Therefore, integrating crowdsourced multiple users’
comments into a concise summary is even harder because (1) it
requires transferring the weakly structured comments to struc-
tured knowledge. Besides, (2) the users comments are informal
and noisy. In order to capture the long-distance relationships in
staggered long sentences, we propose a neural multi-comment
summarization (MCS) system that incorporates the sentence
relationships via graph heuristics that utilize relation knowledge
graphs, i.e., sentence relation graphs (SRG) and approximate dis-
course graphs (ADG). Motivated by the promising results of gated
graph neural networks (GG-NNs) on highly structured data, we
develop a GG-NNs with sequence encoder that incorporates SRG
or ADG in order to capture the sentence relationships. Specifi-
cally, we employ the GG-NNs on both relation knowledge graphs,
with the sentence embeddings as the input node features and the
graph heuristics as the edges’ weights. Through multiple layer-
wise propagations, the GG-NNs generate the salience for each
sentence from high-level hidden sentence features. Consequently,
we use a greedy heuristic to extract salient users’ comments while
avoiding the noise in comments. The experimental results show
that the proposed MCS improves the summarization performance
both quantitatively and qualitatively.

Index Terms—graph neural network, multi-comment summa-
rization, graph data structure

I. INTRODUCTION

The advent of crowdsourcing systems, such as Amazon
Mechanical Turk [17, 32], Figure Eight (CrowdFlower) [25],
etc., have created a variety of new opportunities for machine
learning research [30, 35]. In truth inference, a dataset with
repeated crowdsourced labels is usually fed into these algo-
rithms to obtain an integrated label for each instance before
building a prediction model. This truth inference procedure
increases the data quality and the quality of the subsequent
models. Currently, with the prosperity of Web 2.0, users can
freely provide their comments or reviews for any product and
service. For example, there are 280 global reviews/comments1

for the book titled “Data Science for Business” on Amazon2.

1In this paper, “comment” and “review” are exchangeable.
2 https://www.amazon.com/Data-Science-Business-Data-Analytic-Thinking/

product-reviews/1449361323/ref=cm cr dp d show all btm?ie=UTF8&
reviewerType=all reviews

It is difficult for the users to read all comments to make
buying decisions. To reduce users’ workload of reading these
comments, we aim at summarizing these comments together
to generate a summary. Summarizing multiple comments to a
single summary is much more difficult than integrating multi-
ple labels into one concise label in crowdsourcing. Comparing
with the truth inference algorithms, it is closer to document
summarization in the natural language processing domain.

Efforts on document summarization can be categorized
into extractive and abstractive methods. Extractive methods
produce the summary of a document by extracting sentences
from the original document while abstractive summarization
generates new summaries with the use of arbitrary words
and expressions via the encoder-decoder framework [31].
Recently, in the abstractive document summarization domain,
in order to capture the structural information in text, a line
of algorithms enable graph-structured input by extending
the existing sequence encoders with graph neural networks
(GNNs) [3, 4, 14, 33]. Note that these methods only apply
the graph component to the encoders and the decoders remain
unchanged from the typical recurrent neural networks [34].
Among them, gated graph neural networks (GG-NNs) [14]
achieve better results when comparing with the typical GNNs,
where GG-NNs introduce gated recurrent units (GRUs) [11]
into typical GNNs. The advantage of the GG-NNs is that
it introduces favorable inductive biases for long sequence
outputs, compared to purely sequence-based models when a
problem is graph-structured. However, there are arguments
about the promising results of GG-NNs are only on highly-
structured data [14, 21]. These methods may not be useful
and result in lost sentence relationships in staggered long
sentences. The reasons are, (1) due to the nature of the
weakly structured data, models heavily rely on well-designed
features at the word level or take advantage of other large,
manually annotated datasets [5], and (2) all sentences in the
same collection of documents are processed independently
most of the time. Therefore, in our work, in order to capture
the long-distance relationships in staggered long sentences,
GG-NNs with sequence encoders on two relation knowledge
graphs, i.e., sentence relation graphs (SRG) and approximate
discourse graphs (ADG), is developed for our neural multi-
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comment summarization (MCS) system. Therefore, our work
demonstrates the importance of considering either sentence
relations or discourse relations among sentences in multi-
comment summarization.

Briefly, we first explore GG-NNs with sequence encoders
on two different relation knowledge graphs. We then apply
the greedy heuristic to extract salient users comments while
avoiding the noise in comments. The SRG is constructed by
sentence relations and the ADG can construct edges between
sentences by counting discourse relation indicators such as
discourse markers and co-referent mentions. The sentence
embeddings as the input features and the graph heuristics
as the edges’ weights are cooperated to produce the final
sentence salience estimations. Consequently, we use a greedy
heuristic to extract salient sentences while avoiding the noise
in comments.

Besides, since the users’ comments are informal and noisy,
the summarization task is more challenging because more
noises occur on real-world multi-comment summarization
datasets. An example about the noise (inconsistency and re-
dundancy) in a real-world dataset is shown in Figure 1, where
all good comments are in blue and one bad comment is in red.
When users’ opinions differ, our MCS needs to generate the
summary based on the salience of the sentences. Therefore, our
MCS focuses on breaking down the real-world summarization
task into salience estimation and salience selection using the
greedy heuristic.

Data Science for Business is an ideal book for intro-
ducing someone to Data Science. The best book.

Needless to say, it’s the best book I’ve ever read.

Excellent discussion of data science methods without
excessive focus on mathematical elements.

My apologies to the authors for docking a star. That
said, I should have docked more based on how the
kindle version displays.

Fig. 1: An example about the noise in a real-world dataset,
where all good comments are in blue and one bad comment
is in red shows the inconsistency. The underlined text shows
the redundancy.

The major contributions of this work are as follows:

• GG-NNs with sequence encoders are developed in order
to capture the long-distance relationships in the relation
knowledge graphs, such as SRG and ADG.

• The MCS breaks down the real-world summarization task
into salience estimation and salience selection. A greedy
heuristic is proposed to extract salient users’ comments
while avoiding the noise in comments.

• The multi-comment summarization is evaluated on a
noisy real-world dataset and achieves the best perfor-
mance among existing works both quantitatively and
qualitatively.

II. RELATED WORKS

In this section, we summarize the related works from three
aspects, including knowledge graph construction, graph-based
document summarization, and graph-based multi-comment
summarization (in noisy real-world datasets).

A. Knowledge Graph Construction

There are different types of graph construction methods for
multiple documents. A typical one is the sentence relation
graph adherer to the standard of cosine similarity. Besides,
a G-Flow system was proposed to utilize discourse relation-
ships between sentences to create its graph representations,
known as Approximate Discourse Graph (ADG) [10]. Features
in ADG reflect more diverse information about documents
because ADG allows characterizing sentence relationships,
rather than simply their similarity. In paper [10], the ADGs
are constructed on Amazon Mechanical Turk via human
annotators. However, in our work, the ADGs have constructed
automatically, and we will show that the graph heuristics for
the automatically constructed ADGs are effective enough for
the summarization performance.

B. Graph-based Document Summarization

Graph-based document summarization models have tra-
ditionally employed surface level [12] or deep level [24]
approaches based on topological features and the number of
nodes [1]. Efforts have been made to improve the decision
making of these systems by using discourse relationships
between sentences [26]. For example, Radev et al. (2004) [26]
proposed summarizing multiple documents based on Cen-
troids. Erkan and Radev (2004) [12] introduces LexRank
to compute sentence importance based on the eigenvector
centrality in the connectivity graph of the inter-sentence co-
sine similarity. Christensen et al. (2013) [10] builds multi-
document graphs to identify pairwise ordering constraints
over the sentences by accounting for discourse relationships
between sentences. In our work, we build MCS on top of
both SRG and ADG. Recently, due to the large-scale datasets,
a summarization system with attention-based encoder-decoder
RNNs to sequentially label summary-worth sentences in single
documents is trained in extracting sentences and words [8].
See et al. (2017) [29] then augments the standard attention-
based encoder-decoder RNNs to keep track of what has been
summarized with the ability to copy words from the source
text via pointing. These models [8, 29] achieved a state-of-
the-art performance on the DUC 2002 document summariza-
tion task [13]. However, scaling up these RNN sequence-
to-sequence approaches to integrating multi-document with
long distance relations is hard because (1) the necessity of
training a computationally expensive sequence-to-sequence
model on customized large multi-document summarization
datasets, and 2) the inadequacy of RNNs to capture the long
distance relationships across multiple documents. Recently,
GRU+GCN [33] and SemSentSum [3] are proposed to learn
the saliences for sentences for multi-document summarization.
NLSUMMARIZATION [14] is developed to extend existing
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sequence encoders with a graph component that can reason
about long-distance relationships. However, these methods still
cannot compensate for the noise in real-world datasets such
as redundant or different opinions from users. Our proposed
MCS system resolves these issues by breaking down the
real-world summarization task into salience estimation and
salience selection, which do not require training the compu-
tationally expensive sequence-to-sequence models extensively.
We would also like the authors to notice that RASG [15] is an
approach that deals with comments that are informal and noisy.
However, our proposed MCS performs better by leveraging the
graph heuristics for both SRG and ADG.

C. Graph-based Multi-comment Summarization

In a crowdsourcing scenario, individuals or organizations
obtain goods and services from a large, relatively open and
often rapidly evolving group of internet users [36]. In this
paper, we aim at integrating multiple comments for any prod-
ucts or services, which are posted by participants (customers)
with high inconsistency and redundancy. It is obvious that
integrating such multiple comments together is a challenging
problem. According to our knowledge, only one article focuses
on this problem [27] and there is no existing graph-based
works address this problem.

Inspired by the promising results of Graph Neural Net-
works [28] on highly structured data, our proposed MCS
generates the salience for each sentence from high-level hidden
sentence features from GG-NNs with sequence encoders. We
then use a greedy heuristic to extract salient users’ comments
while avoiding the noise in comments.

III. METHOD

In order to summarize multi-comment, we propose an
extension of GG-NNs that allows us to leverage known (or
inferred) relationships among sentences for the input text. To
achieve that, we combine sequence encoders with GG-NNs.
We first construct the SRG or ADG using multi-comment
(See subsection III-A for details). After this, we utilize a
standard GG-NNs to obtain a per-sentence representation h1v
, and then we propogate it for t timesteps. The resulting per-
node (i.e. per-sentence) representations htv can be used for
the GRU. The salience is then estimated from the output
embedding for the user’s comment. Figure 2 illustrates the

Fig. 2: Illustration of our MCS system for users comments’
salience estimation.

MCS system. In this example, the GG-NNs take SRG or ADG,
and outputs high-level hidden features for individual sentences.
The GRU produces the cluster embedding for all comments
by averaging all sentence embeddings for all comments within

one product. Then the salience score is estimated from the
sentence embeddings and the cluster embedding.

A. Knowledge graph construction

In our method, two kinds of relation knowledge graphs are
constructed as following:

a) Sentence Relation Graphs (SRG): To best evaluate
the architecture, we consider modeling sentence relationships
within multi-comment. Since prior methods on representing
document clusters often adhere to the standard of cosine
similarity [33], our initial baseline approach naturally use
this representation. Specifically, we add an edge between two
sentences if the tf-idf cosine similarity based on the bag-of-
words model [37] is above a threshold (0.2) [33]. Note that in
our proposed SRG, all edges are considered as bi-directional.

b) Approximate Discourse Graph (ADG): The G-Flow
system [10] utilizes discourse relationships between sentences
to create its graph representations, known as Approximate
Discourse Graph (ADG). The ADG constructs edges between
sentences by counting discourse relation indicators such as dis-
course markers and co-referent mentions. These features pro-
vide different characteristics of sentence relationships, rather
than simply compute their similarity. Because the weights
are discretely incremented, they are multiples of 0.5 [10] in
our later experiment. Note that ADG is a directed graph. We
weight each edge in the ADG by adding the number of distinct
indicators used to construct that edge. For example, if node
annotations xs and xs′ have an edge because of a discourse
marker and a co-referent mention, the edge weight 0.5 will be
doubled.

Figure 3 shows an example of an ADG with each node
presenting a sentence. First, a black edge from vi to vj
indicates that vj can be placed right after vi in a coherent
integration. In other words, these two nodes share a dis-
course relationship. For example, “Bombing in Jerusalem” and
“Palestinians condemn attack” maintain this relationship. Our
indicator is related to lexical chains [10]. We add a red dot
edge in the ADG from a sentence vi to vj if they contain a
co-referent mention (shown in yellow text with underline) and
the timestamp of vi is less than or equal to the timestamp of
vj (timestamps are generated via [6]). We construct the ADG
based on the Stanfords coreference system [20]. For discourse
markers, such as “therefore”, a blue dash edge (vi; vj) can
be linked. Specifically, we are able to identify a syntactic
edge between d1s3 and d4s1, where dDocumentIDsSentenceID

denotes the DocumentID-th document and the SentenceID-
th sentence. We weight each edge in the ADG by adding
the number of textual cues used to construct that edge. For
example, if sentences vi and vj have two overlapped edges
(e.g., d1s3 and d4s1), the edge weight will be doubled.

B. GG-NNs

We now describe gated graph neural networks (GG-
NNs) [21] used in our MCS system. This method unrolls
the recurrence for a fixed number of steps T and uses back-
propagation through for computing the gradients.
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Fig. 3: An example of an ADG with the sentences for each
node. Sentences are truncated.

1) Node Annotations: In GG-NNs, we will incorporate
node labels as additional inputs. We denote these node labels
as node annotations x. Because each sentence represents
each node v, we can encode each node annotation xv with
the embedding of the sentence via Doc2Vec [19]. We then
initialize the node state vectors h1v using these label vectors
by copying xv into the first dimensions and padding with extra
0s to allow hidden states that are larger than the annotation
size.

2) Propagation Model: The basic recurrence of the propa-
gation model is

h1v = [xTv , 0]
T (1)

atv = AT
v [h

(t−1)T
1 , · · · , h(t−1)T|V | ]T + b (2)

ztv = σ(W zatv + Uzht−1v ) (3)

rtv = σ(W ratv + Urht−1v ) (4)

h̃tv = tanh(Watv + U(rtv ◦ ht−1v )) (5)

htv = (1− ztv) ◦ ht−1v + ztv ◦ h̃t−1v , (6)

where ztv is the latent embedding for the i-th sentence,
htv is the hidden state of the GG-NNs at t-th timestep,
W,W r,W z, U, Ur, Uz are learnable parameters, T is the
transpose of the matrix, and ◦ is the product operation. Eq. 1
is the initialization step, which copies node annotations into
the first components of the hidden state and pads the rest
with zeros. Eq. 2 is the step that passes information between
different nodes of the graph via incoming and outgoing edges
with parameters dependent on the edge type and direction.
Av ∈ RD|V |×2D are the two columns of blocks in Aout and
Ain corresponding to node v ∈ V , where V denoted all nodes
and |V | is the number of nodes (sentences) in the relation
knowledge graph. In Eq.3, atv ∈ R2D contains activations from
edges in both directions, where D is the dimension of htv . The
remaining equations are GRU-like updates that incorporate
information from the other nodes and from the previous
timestep to update each nodes hidden state. z and r are the
update and reset gates respectively. σ(•) = 1

(1+e−•) is the
logistic sigmoid function, and ◦ is element-wise multiplication.

The matrix A ∈ RD|V |×2D|V | determines how nodes in the
graph communicate with each other. For the reachability issue,

it is easy for the propagation model to learn the propagation
from node annotation xs to all nodes reachable from xs. For
example, set the propagation matrix associated with forward
edges to its weight for the corresponding entry for Aout. This
will cause the node annotation xs to be copied along forward
edges. With this setting of parameters, the propagation step
will cause all nodes reachable from xs to gain the value from
xs. Figure 4a shows an example graph. The graph heuristics
and the parameter tying in A is illustrated in Figure 4b. The
graph heuristics are correspond to the edges of the graph, and
the parameters are determined by the edge weights.

(a) An example
graph, Q and a
denote different
edge weights.

(b) Parameter tying and sparsity in recurrent
matrix A. Q and a denote weights caused by the
outgoing edges, and Q′ and a′ denote weights
caused by the incoming edges. In SRG, Q′ = Q
and a′ = a.

Fig. 4: An example relation knowledge graph (can be either
SRG or ADG).

3) Cluster Embedding: In order to gain a global view of
the entire comments for one product or service, we define a
cluster as all users’ comments within this product. We here
introduce how do we compute the cluster embedding. We first
extract the last hidden state hTv in sentence embedding as the
initial i-th users’ embedding for ui for node v for timestep T .
We then apply an RNN, i.e. GRUuser, to encode the entire
cluster (all comments within one product). Given a cluster
C with comments for all users. The i-th user’s comment
is denoted as ui = {hT1 , · · · , hTM} with M sentences. All
sentence embeddings are grouped as the node feature matrix
H:

H = [hT1 , h
T
2 , · · · , hTM ]T. (7)

Here we abuse the notation a little bit. Each hTv is user-specific,
and can be reflected as hT,i

v in practice. We denote it as hTj
from now for simplification purposes, where j is the index of
sentences for the i-th user’s comment and j ∈ {1, · · · ,M}.
The GRUuser first builds the clusters embedding Ce on top
of sentence embeddings hTj . We compute every j-th sentence
embedding from the (j−1)-th sentence embedding when j >
1:

uij = GRUuser(uij−1, h
T
j ) (8)
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The cluster embedding Ce can be computed via average over
all embeddings:

Ce =
1

M

1

I

I∑
i

M∑
j=1

uij , (9)

where I denotes the total number of users (comments).
All the GRUs we used are forward. Note that we also

experimented with backward GRUs and bi-directional GRUs,
but neither of them perform better than forward GRUs.

4) Salience Estimation: For the sentence hTj in the cluster
C, we calculate the salience of hTj as the following, similarly
to the attention mechanism in neural machine translation [9]:

f(hTj ) = σ(nn(Ce, h
T
j , xj)) (10)

salience(hTj ) =
f(hTj )∑

hT
v ∈C

f(hTv )
, (11)

where σ(nn(hTj , xj)) acts as a soft attention mechanism that
decides which nodes are relevant to the current graph-level
task. nn is a neural network that take the concatenation of hTj
and xj as input and outputs real-valued vectors. In Eq. 10,
we first calculate the score f(hTj ) by considering the sentence
embedding itself, hTj , and the cluster embedding Ce for the
global context of the multiple users’ documents. The score is
then normalized as salience(hTj ) via softmax in Eq. 11.

5) Training: The model is then trained end-to-end to min-
imize the following cross-entropy loss between the salience
estimation results and the normalized ROUGE score of each
sentence:

L = −
∑
C

∑
hT
j ∈C

R(hTj ) log(salience(h
T
j )), (12)

where R(hTj ) is calculated by R(hTj ) = softmax(αr(hTj )),
and r(hTj ) denotes the average of ROUGE-1 and ROUCE-2. α
is a constant rescaling factor to make the distribution sharper.

6) Salience Selection: Given the salience score estimation,
we apply a simple greedy procedure to select sentences.
Sentences with higher salience scores have higher priorities
to be selected. First, we sort sentences in descending order
of the salience scores. Then, we select one sentence from the
top of the list and append to the summary if the sentence is
of reasonable length (3- 55 words) and is not redundant. The
sentence is redundant if the tf-idf cosine similarity between
the sentence and the current summary is above 0.5. We select
sentences this way until we reach the length limit (200 words).

IV. EXPERIMENTS

A. Dataset and Evaluation

We investigate the performance of our approaches and
baselines on a real-world dataset SSECIF 200. SSECIF 200
contains comments on 200 books from Amazon3. Specifically,
for each book, comments from 10 participants, yet with
different lengths, have been packaged as a “source document”.

3https://www.amazon.com/

Each source document has an expert-integrated comments.
The human summaries have gone through three rounds of
verification by professional researchers who have expertise in
natural language processing. We utilize 80% data for training,
10% data for validation, and 10% data for testing.

B. Implementation Details

For the experiments with both relation knowledge graphs,
we tokenize all the comments into sentences and construct the
graphs by two methods: SRG and ADG. Stanford CoreNLP
(version 3.9.1) [23] is used to tokenize the text and provide
the resulting tokens to the encoder. Each sentence is mapped
to a node, and each relation is mapped to an edge with an
edge weight given by the relation. Each source document is
consumed and mapped to a single graph. Processing large
graphs of different shapes efficiently requires to overcome
some engineering challenges. For example, the SSECIF 200
has (on average) about 100 nodes per graph. To allow efficient
computation, we use the trick of [2], where all graphs in
a minibatch are flattened into a single graph with multiple
disconnected components. For evaluation, we use the ROUGE
score metrics [22], with stemming and stop words not re-
moved.

Besides, we used GG-NNs with the size of a node vector
htv set to D = 128 and two graph convolutional hidden layers
(L = 2). The hidden states in GRUuser are all 64 dimen-
sional vectors. The rescaling factor α is chosen as 50 from
{10, 20, 30, 40, 50, 100} based on the validation performance.
We additionally perform an experiment with the model of
See et al. (2017) [29] (as implemented in OpenNMT [18])
but using our parameters. The objective function is optimized
using Adam [16] stochastic gradient descent with a learning
rate of 0.001 and a batch size of 1. The model is validated
every 10 iterations, and the training is stopped early if the
validation performance does not improve for 10 consecutive
steps.

C. Quantitive Evaluation

We show the quantitive evaluation results in Table I. Across
all tasks, the results show the advantage of our MCS system.

TABLE I: Evaluation results for SRG and ADG, respectively.
The results fo our proposed method are in bold.

SRG ROUGE-1 ROUGE-2 ROUGE-L
(BiLSTM) + (LSTM) 52.3 31.4 47.9

(BiLSTM + GG-NNs) + (LSTM) 53.4 33.3 48.3
(BiLSTM + GG-NNs) + (LSTM + GRU) 56.0 35.4 49.5

See et al. (2017) + (Pointer) 54.5 35.7 43.4
See et al. (2017) + (Pointer + GRU) 58.2 37.2 47.4

(BiLSTM) + (LSTM + Pointer) 55.9 33.9 40.3
(BiLSTM + GG-NNs) + (LSTM + Pointer) 58.7 36.1 43.2

(BiLSTM + GG-NNs) + (LSTM + Pointer + GRU) 62.8 38.2 47.3
See et al. (2017) + (Pointer + Coverage) 59.5 36.7 46.4

See et al. (2017) + (Pointer + Coverage + GRU) 63.6 39.9 49.2
ADG

(BiLSTM) + (LSTM) 54.9 31.5 48.2
(BiLSTM + GG-NNs) + (LSTM) 54.7 33.7 48.5

(BiLSTM + GG-NNs) + (LSTM + GRU) 58.3 36.9 50.8
See et al. (2017) + (Pointer) [29] 56.9 36.3 43.5

See et al. (2017) + (Pointer + GRU) 57.6 38.0 49.6
(BiLSTM) + (LSTM + Pointer) 57.4 35.8 41.5

(BiLSTM + GG-NNs) + (LSTM + Pointer) 59.1 36.9 44.0
(BiLSTM + GG-NNs) + (LSTM + Pointer + GRU) 64.8 39.5 48.4

See et al. (2017) + (Pointer + Coverage) [29] 59.8 37.5 46.8
See et al. (2017) + (Pointer + Coverage + GRU) 66.0 40.0 50.9
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In both SRG and ADG, we can see that all GG-NNs
augmented models are able to strongly outperform the typical
encoder-decoder methods for abstractive summarization, such
as (BiLSTM) + (LSTM) and (BiLSTM) + (LSTM+ Pointer).
Our method also outperforms the state-of-the-art approach, i.e.
See et al. (2017) + (Pointer + Coverage) [29] by leveraging
the sentence relationships in SRG and ADG. The performance
results in terms of different encoder and decoder configurations
nicely show that their effects are mostly orthogonal. Further-
more, the addition of ADG gives a slightly better performance
than the typical SRG.

TABLE II: Comparing our method with conventional multi-
document summarizers. The result for our proposed method
is in bold.

ROUGE-1 ROUGE-2
Centroid [26] 34.9 25.0
LexRank [12] 38.1 24.8
G-Flow [10] 38.0 25.4

GRU+GCN [33] 40.2 27.4
SemSentSum[3] 42.4 27.2

NLSUMMARIZATION [14] 47.9 30.8
RASG [15] 60.4 37.0

(BiLSTM + GG-NNs) + (LSTM + Pointer + GRU) 66.0 40.0

To gain a global view of the performance of our approach,
we also compare our approaches with other baseline multi-
document summarizers. In ADG, as our model uses a standard
sequence decoder, we do not expect it outperforms more recent
models that introduce substantial novelty in the structure or
training objective of the decoder [7]. However, as shown in
Table II, with more fine-grained counting discourse relation
indicators and the greedy heuristics for reducing the noise for
multi-comment, we observe that our MCS system significantly
outperforms the commonly used baselines and traditional
graph approaches such as Centroid, LexRank, and G-Flow.
This indicates the advantage of the combinatorial GG-NNs
with sequence encoder and GRU used in our model. Our
system also exceeds the state-of-the-art multi-document sum-
marizers, i.e., NLSUMMARIZATION, and RASG, in terms
of ROUGE-1 and ROUGE-2.

D. Salience Estimation

1) Node Degree and Salience: In order to analyze the
salience score for multi-comment, We first compute the char-
acteristics of both relation knowledge graphs by averaging the
document clusters. Table III summarizes the following basic
statistics: the number of nodes (i.e. the number of sentences),
the number of edges, the average edge weight, the average
node degree per graph, and the corresponding correlation
coefficient as computed in paper [33].

As seen from Table III, the SRG has slightly fewer edges
than ADG does. As shown in Figure 5a and Figure 5c, we
choose the matrix A from the first cluster of the SSECIF
200 to illustrate this phenomenon. Moreover, the ADG has
a significantly higher average edge weights and node degrees
as compared to those of SRG. These values reflect the discrete
nature of the ADGs edge assignment. Because the ADGs
raw edge weight assignment is done by increments of 0.5,
the average node degree tends to be significantly large. This

TABLE III: Characteristics of both graph heuristics, averaged
over all clusters (i.e. graphs) in SSECIF 200. Note that max
edge weight in the sentence relation graph is 1.0 and the
weights in ADG are multiples of 0.5. The degree of each
node is calculated as the sum of edge weights.

SRG ADG
Number of nodes 100 100
Number of edges 996 1204

Average edge weight 0.274 2.8
Average node degree 7.640 54.905

Correlation coefficient of degree and salience 0.45 0.69

phenomenon helps the GG-NNs in identifying the most im-
portant edge connections along with the affiliated sentences.
As a case study to illustrate this observation, we again chose
the cluster #1 from the SSECIF 200. Figure 5b and Figure 5d
show the scatter plots of the node degree and salience score
of each sentence. We observe that all the relation knowledge
graphs show positive correlation between the node degree and
the salience score. Moreover, the correlation strength of ADG
is higher than that of the SRG. Though node degree is a
simple measure of these graphs, this observation supports our
hypothesis on the efficacy of ADG and provides a guide to
salience estimation.

E. Ablation Study

In this section, we will investigate how much additional tex-
tual cues provided by ADG help. Our experimental results are
shown in Table IV. First, we add the discourse markers to the
baseline (BiLSTM + GG-NNs) + (LSTM + Pointer) model (by
extending the embedding of tokens with an embedding of the
entity information) and observe only minimal improvements.
This suggests that our GG-NNs structured encoder is better-
suited to exploit additional structured information compared
to a (BiLSTM+GG-NNs) encoder. We then add long-range
dependency edges by inserting the discourse markers (dm)
and the co-referent mention (cr). These additions improve
the performance of the baseline (BiLSTM + GG-NNs) +
(LSTM + Pointer) model (especially in terms of the ROUGE-2
score). This suggests that the GG-NNs can be further improved
through combining the syntactical long-range dependency in-
formation.

TABLE IV: Evaluation results for ADG.
ADG ROUGE-1 ROUGE-2 ROUGE-L

(BiLSTM + GG-NNs) + (LSTM + Pointer w.o. dm, cr) 57.0 34.5 43.0
(BiLSTM + GG-NNs) + (LSTM + Pointer)(+ dm) 57.8 34.9 43.2

(BiLSTM + GG-NNs) + (LSTM + Pointer)(+ dm + cr) 59.1 36.9 44.0

F. Qualitative Evaluation

We look at a few sample suggestions in our dataset in ADG.
Here we highlight some observations to point out interesting
aspects of our model. The following text shows one sample
summarization. In our proposed method, the final summary
is rephrased from several segments in blue in two original
documents, shown in Figure 6. We can notice that the model
produces natural-looking summary with no noticeable negative
impact on the fluency of the language over all comparing
methods. Furthermore, the GG-NNs based model seems to
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(a) A in SRG of cluster #1 (b) The node degree and salience
score in SRG of cluster #1

(c) A in ADG of cluster #1 (d) The node degree and salience
score in ADG of cluster #1

Fig. 5: The results for salience estimation

Original Comment #4 (truncated): I was impressed
to see this is a debut novel. I read it over a twelve
hour period and when I had to put the book down, I
could not could not quit thinking about it. The ending
was a little drawn out when the storylines are pulled
altogether.

Original Comment #8 (truncated): At first, I was not
sure if this would be a fantasy or literary fiction but
in the end, the story was told well and made me think
about it, which is a well-written novel worth five stars.

(BiLSTM) + (LSTM): I read it over a twelve hour
period and I could not stop thinking about it. when
the storylines are pulled altogether. The UNK UNK is
told well and made me think about it.

(BiLSTM + GG-NNs) + (LSTM + Pointer): When I
put the book down, iI could not stop thinking about it.
The end is drawn out when the storylines are pulled
altogether. The storyline is told well and imade me
think about it.

(BiLSTM + GG-NNs) + (LSTM + Pointer + GRU)
: In the end, the story pulled altogether and made me
think about it, which is a well-written novel worth five
stars.

Fig. 6: Comparisons of the outputs of three abstractive models
for multi-comment summarization. The (BiLSTM) + (LSTM)
model makes factual errors, such as a nonsensical sentence
and struggles with OOV words. The (BiLSTM + GG-NNs)
+ (LSTM + Pointer) model is accurate but repeats itself. The
final summary is composed from several sentences.

capture the central sentence in the article and creates a
summary centered around that central sentence such as “it
made me think about it”. We hypothesize that the ADG
weights that link long distance relationships help capture and
maintain a better “global” view of the article, allowing for a
better identification of central sentences. Besides, our model
does not suffer from repetition of information in most of
the cases. When comparing our proposed method with other
baselines, we can see that the (BiLSTM) + (LSTM) model
makes factual errors, a nonsensical sentence and struggles with
out of vocabulary words (marked in red). The (BiLSTM + GG-
NNs) + (LSTM + Pointer) model is accurate but repeats itself

(marked in green). Our method eliminates repetition as shown
in Figure 6.

V. CONCLUSION

In this paper, we presented a novel multi-comment sum-
marization (MCS) system that exploits the representational
graph structure of sentence relationships. We proposed a GG-
NNs with sequence encoder for abstractive summarization and
build an additional simple GRU on top of this structure to
serve as a salience estimator. We applied this structure on
both sentence relation graph (SRG) and approximate discourse
graphs (ADG). Our model, unlike traditional sequential mod-
els or GNNs, can demonstrate improved summarization quality
for both quantitive evaluation and qualitative evaluation. For
quantitive evaluation, our method achieved a much better
performance (e.g. 66.0 in terms of ROUGE-1 and 40.0 in terms
of ROUGE-2) when comparing with the current state-of-the-
art methods. For quantitive evaluation, we have validated that
our method can leverage the relationships for long staggered
sentences in weakly structured text. Besides, our final sum-
mary does not suffeer from redundancy.
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