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Abstract— Multidocument aspect-based summarization
(AspSumm) aims to generate focused summaries based on the
target aspects from a cluster of relevant documents. Generating
such summaries can better satisfy readers’ specific points of
interest, as readers may have different concerns about the same
articles. However, previous methods usually generate aspect-
based summaries based on the given aspects without using
the relationship among aspects to assist in the summarization.
In this work, we propose a two-stage general framework for
multidocument AspSumm. The model first discovers the latent
relationship among aspects and then uses relevant sentences
selected by aspect discovery to generate abstractive summaries.
We exploit latent dependencies among aspects using a tag mask
training (TMT) strategy, which increases the interpretability
of the model. In addition to improvements in summarization
over aspect-based strong baselines, experimental results show
that our proposed model can accurately discover multidomain
aspects on the WikiAsp dataset.

Index Terms— Aspect-based summarization (AspSumm), mul-
tidocument summarization, pretrained model.

I. INTRODUCTION

ECENT years have seen remarkable methods in generat-

ing generic summaries for multiple documents [1], [2],
[31, [4], [5], [6]. Multidocument summarization has a practical
significance which covers multiple topics or aspects. In this
study, we tackle multidocument aspect-based summarization
(AspSumm), which aims to generate aspect-related sum-
maries where each summary contains the appropriate aspect-
related information. Such focused summaries corresponding to
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specific points of interest usually meet particular information
needs. The task is traditionally decomposed into two stages:
aspect discovery and AspSumm aiming to generate summaries
in line with discovered aspects.

There are several methods for exploring the problem of
aspect-based abstractive summarization [6], [7], [8]. However,
existing AspSumm works usually focus specifically on the
given aspects without considering their relationships. In fact,
there are certain relationships among aspects, for example,
census is likely to co-occur with demographics in the Town
domain, while prelude is unlikely to co-occur with background
in the Event domain. Latent dependencies in different domains
can help more accurate classification, which in turn helps
better summarization. In addition, most of the works on aspect
discovery need to manually set parameters [9]. As a result,
models trained on different domain data need to select a
suitable threshold through multiple attempts.

In this work, we propose a two-stage general framework
consisting of an aspect classifier using a tag mask train-
ing (TMT) process and a summary generator. Inspired by
pretrained models, which have been employed as encoders
for detecting entailment relationships [10], we expand aspect
embeddings with tag embeddings into the model to study the
latent relationship among various aspects. The tag embeddings
indicate the states of aspects as true, false, or unknown.
We demonstrate that the aspect discovery method achieves
superior results on different domains benefiting from the TMT
strategy. The strategy predicts the states of aspects masked
by setting the tag embeddings as unknown. The summary
generator relies on the sharing embeddings learned from the
aspect classifier to generate abstractive summaries. Moreover,
explicitly inducing latent dependencies can increase the inter-
pretability of the model during training and inference by
setting tag embeddings to true or false. When the number of
aspects changes, the aspect information can be easily modified
by adjusting aspect embedding layers. Such a framework
has better generalization ability for multidocument aspect-
based abstractive summarization and it is suitable for various
domains.

We evaluate the proposed model on the recently released
WikiAsp dataset, as WikiAsp has explicit aspect labels. Our
model brings more aspect-relevant and meaningful summaries
compared to aspect-based baselines. Besides, there are sub-
stantial improvements over the strong baseline for aspect
discovery. We investigate the influence of latent dependencies
among aspects, and the ablation study shows that inducing
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latent dependencies helps aspect classification and high-quality
summaries generation.

In summary, the benefits of our proposed model are as
follows.

1) We explore latent dependencies among aspects by a
novel dynamic TMT process and propose a two-stage
general training framework that can generate more
focused summaries relevant to target aspects.

2) Our approach can unify the aspect discovery and abstrac-
tive summarization into one architecture through the
learned sharing embeddings and substantially promote
the classification of aspects in all 20 different domains.

3) In addition to the promotion of aspect discovery, experi-
ments on the recently released multidocument AspSumm
dataset, WikiAsp, show that our model achieves state-
of-the-art performance.

II. RELATED WORK

AspSumm has been widely investigated primarily in the cus-
tomer feedback domain [11], [12], [13], [14], which extracts
sentiment and information according to product properties
or restaurant reviews. Angelidis and Lapata [15] proposed
a weakly supervised method, which can discover aspects
through topic models and did not require gold aspect anno-
tations. Brazinskas et al. [16] defined a generative model
that used the unsupervised setting to capture the intuition by
a hierarchical variational autoencoder model for controlling
the novelty of the new review. Amplayo and Lapata [17]
introduced several linguistically motivated noise generation
functions and a summarization model which learned to denoise
the input and generated the original review which brought
substantial improvements over both abstractive and extractive
baselines. Mukherjee et al. [18] proposed an unsupervised
approach to extract coherent aspects from tourist reviews
and then proposed an integer linear programming (ILP)-based
extractive technique to select an informative subset of opin-
ions around the identified aspects while respecting the user-
specified values for various control parameters. Recently, there
has been plenty of work devoted to solving AspSumm in
the newswire domain. Krishna and Srinivasan [7] utilized
online encyclopedia entries and sections in multiple cited
references for generating a lead section of a Wikipedia article.
Frermann and Klementiev [6] compared models for AspSumm
incorporating different aspect-driven attention mechanisms and
generated news summarization to solve the lack of large-
scale data with aspect annotation. Hayashi et al. [9] also
built a large-scale dataset for multidomain AspSumm based
on Wikipedia with different aspect annotations. Compared
with our proposed method, previous methods ignore the latent
dependencies among aspects.

On the other hand, query-based summarization aims to
generate summaries corresponding to a natural language input
query [19], [20], [21]. Query-based summarization was part
of a shared task in 2005 with 32 participating automatic
summarization systems [22]. Cao et al. [23] proposed a joined
attention model AttSum to meet the query need and calculate
sentence weight. Egonmwan et al. [24] built a two-step process
for query-based abstractive summaries. Furthermore, previous
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studies on English Wikipedia generation [25], [26], [27] can be
regarded as a multidocument summarization task, attempting
to generate the lead sections of Wikipedia articles, but they
do not generate different aspect-based summaries. In contrast,
AspSumm tends to generate related summaries concerning one
or a few words.

There have been substantial methods built on neu-
ral encoder—decoder architectures with attention [1], [2],
[28]. Extractive models have achieved promising results on
single-document summarization, but abstractive methods have
increased attention, and some works adjusted the model to
adapt to the multidocument summarization task. Recently,
Transformer-based models have been utilized to solve the task
of summarization [29], [30], [31]. Wang et al. [32] rearranged
and explored the semantics learned by a topic model and
proposed a topic assistant based on Transformer for abstractive
summarization. Hayashi et al. [9] finetuned the RoBERTa-
based classification model to obtain probabilities of each
aspect for a given sentence and generated summaries based on
a chunked paragraph that discussed the same aspect. Different
from another large-scale multidocument [25] proposed for
Wikipedia lead section generation, our model tends to generate
AspSumm based on Wikipedia subtopics [9]. We regard the
multidocument AspSumm as a two-stage process but interre-
lated: aspect discovery and AspSumm. The model discovers
aspects through a dynamic TMT strategy and utilizes the
sharing embeddings learned in the aspect discovery section to
explicitly drive summary generation. Sentence selection based
on ranked attention scores can lead to generating more relevant
summaries of the target aspect.

III. METHOD

The multidocument AspSumm task aims to generate
focused summaries relevant to the aspects. Following [9],
we regard the multidocument AspSumm as a two-stage task:
aspect discovery and AspSumm. However, we make more
use of the relationship between the two modules. Our model
consists of an aspect classifier for aspect discovery and a
summary generator for AspSumm. More specifically, we con-
sider aspect discovery as a multilabel classification task that
labels aspects related to the input of multiple documents. The
aspect classifier reads multidocument features extracted by
the Longformer model [33] and learns the latent dependen-
cies among aspects through the dynamic TMT method. The
correctly classified aspects will guide the input of the aspect-
based summary generation by explicitly ranking multihead
attention scores. Besides, the learned sharing embeddings
induce the latent dependencies into the summary generator.
Sections III-A-III-A2 describe the aspect discovery method,
especially the dynamic TMT process and the Transformer-
based summary generator with induced latent dependencies.
Fig. 1 shows the overview of our approach.

A. Aspect Discovery

1) Modeling Multidocuments and Aspects:
a) Sentence embeddings S: Given a cluster of doc-
uments, we encode the whole multidocument using the
Longformer encoder [33] that initializes parameters from
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Fig. 1.

RoBERTa [34] and is fine-tuned during the training. Follow-
ing [35], we, respectively, insert <s> and </s> tokens at the
beginning and the end of each sentence without adding global
tokens. The input multidocument after tokenization is denoted
as D = {sy,...,s,} and s; = {w;y, ..., wy,}, where [; is the
number of BPE tokens in the ith sentence including special
tokens, that is, <s> token and </s> token. The Longformer
model is then used to encode the multidocument

{wi1,.... wu,} = LongFormer({wy, ..., wu,}) (1)
where {wyi, ..., wy,} is the Longformer encoder output of the
multidocument.

After the Longformer encoder, the <s> token representation
can be used as sentence representation S. We reconstruct sen-
tence embeddings S = {sy, ..., s,} by extracting the <s> token
representation and considering the sentence representation S
as text features, which will be sent to the classification model.

b) Aspect embeddings A: For every domain with prede-
fined set of aspects, A = {aj,...,a;,}. As aspects may be
formed by a group of words, we retrieve aspect embeddings
from a trainable embedding layer of size I, X dpoger and train
from scratch, where [, is the number of aspects and dpge 18
the embedding dim.

Illustration of our approach. Left: Aspect discovery. Middle: AspSumm encoder. Right: AspSumm decoder.

c) Tag embeddings T: Inspired by the positional embed-
ding proposed in Transformer [29] that incorporates explicit
relative position dependency, we propose a method to incor-
porate aspect state information into aspects. Our proposed
method explicitly indicates the aspect state as true, false, and
unknown, which can be easily set in the training and inference
process. During training, if the tag is set to frue, it means
that this multidocument contains the aspect and vice versa.
On the other hand, when we set the tag to unknown, the
TMT process described in the next section will obtain the
latent aspect dependencies. We denote aspect state embeddings
a by simply adding a tag embedding vector t; over aspect
embedding vector a;

a =a; +t;

2

where t; takes on one of three possible tags: true, false, and
unknown. Similar to the setting of aspect embeddings, the tag
embeddings are retrieved from a trainable embedding layer of
size 3 x dmodel'

We employ the Transformer encoder [29] to encode the
aspects and sentences. The Transformer encoder of aspect
discovery is a stack of L; identical sublayers. The input
embeddings of the Transformer encoder can be obtained
by simply concatenating the aspects state embeddings and
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Fig. 2. Dynamic TMT strategy. Left: During training, the model predicts

the dynamically masked input aspects. Right: During inference, the model
predicts the classification of all aspects or a combination of known aspect
inputs.

sentence embeddings Z = {a;,...,a;,s, ..., S,}. Specially,
we put the aspect state embeddings at the left because doc-
uments are of variable length, and always padding at the
right. The pad between aspect state embeddings and sentence
embeddings will result in semantic incoherence.

We perform multihead self-attention to get the latent interac-
tions between aspects and sentences, which combines knowl-
edge of the same attention pooling via different representation
subspaces of queries, keys, and values. In Transformers, the

)
\/3

where Q, K, and V represent query, key, and value matrices,
respectively.

The input dimension of Q, K, and V are the same and the
attention is performed multiple times. The output heads are
concatenated as the final output hidden state h. The output of
multihead attention is denoted as

attention(Q, K, V) = softmax(

head; = attention(Q, K, V) @
h = concat([head,, ..., head,]). (®)]

We update each layer output following a position-wise feed-
forward network (FFN) with the residual connection and layer
normalization:

Z' = layernorm(h + FFN(h)) (6)

and stack the layers sequentially to form a Transformer
encoder. We denote the final output of the Transformer encoder
after multiple layers as Z' = {a], ..., ﬁ;ﬂ, S|, ..., Syt

2) Dynamic TMT: Adding tag embeddings (2) can easily
incorporate aspect state as input to the Transformer encoder.
Inspired by RoBERTa’s “dynamic masking training” pro-
cess [34], we introduce a novel dynamic TMT procedure with
a Transformer encoder. It forces the model to learn latent
correlations among aspects and allows the model suitable for
any inference setting. The dynamic mask training method
generates different masking patterns every time allowing the
model to contact different versions of the same sentence and
learns more dependencies. Fig. 2 gives an overview of this
strategy.

We dynamically mask certain aspects during training by
adding unknown tag embedding with other ground-truth
aspects to predict the masked ones. Unlike masked language
model training by masking random tokens, we dynamically
mask a subset of aspects from a predefined set of inputs.
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Most masked language model training methods [10], [34]
mask out around 15% of the words. According to the ratio
between aspects and sentences, we dynamically mask at least
25% of the aspects. That is, given [, predefined aspects, there
are a number of unknown aspects. The number of unknown
aspects n is chosen from 0.25/, to [, randomly. n unknown
aspects are sampled dynamically from all predefined aspects.
Concatenate the rest known aspects that do not need to be
predicted plus the corresponding ground-truth tag embeddings
to predict the unknown aspects.

Through dynamically masking a random number of aspects
during training, the model can learn many possible aspect
combinations which help the model learn latent dependencies
among aspects. In addition, it is suitable for training and
inference procedures to expand any number of aspects or add
any known information.

After modeling text features and aspects via the conditional
pretrained encoder, we exploit a classifier to obtain the final
aspect predictions, which is denoted as AspCLS. We use an
independent FFN for the final aspect embedding a;, which
contains a single linear layer

$ =FFN(@) =0 ((W.-a) +b,) (7)

where o is a sigmoid function, W, € Rémewt*dupect g the aspect
weight, b, € Réseet s the bias vector, and daspect 15 the number
of aspects.

Following [36], our TMT pipeline tries to minimize the
binary cross-entropy loss

1< R
Los = > BCE(HP. vl (8)
n=1

where BCE(-|y;) represents the binary cross-entropy loss of
unknown aspects. y, denotes the predicted aspect states, y,
denotes the ground-truth masked aspect states, and y; denotes
the unmask aspect states. N denotes the number of samples
in the corpus.

B. Aspect-Based Summarization

1) Sentence Selection: Fig. 3 shows an overview of the
sentence selection method. As the second stage of multidoc-
ument AspSumm, it is essential for choosing aspect-related
sentences. Benefiting from the dynamic TMT process, the
model can be used for document segmentation with aspect-
driven attention. We choose aspect-related sentences based on
attention scores calculated in aspect discovery. The multihead
attention scores in the last encoder layer represent correlations
between aspects and sentences. Aspect-related sentences will
guide a generation of higher-quality aspect-based summaries.
By simply attentive adding aspect-to-sentence and transposed
sentence-to-aspect multihead attention matrices, we obtain the
aspect-related sentences according to sorted attention scores

o = o([atty s; atte, |Wag + bar) )
S’ = sorted(masked(catt,,  + (1 — a)atty,))) (10)

where o is the sigmoid function, Wy, and b, are trainable
parameters, and att,, ; and att,,, represent aspect-to-sentence
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Fig. 3. Sentence selection. Select sentences related to correctly classified
aspects by ranking attention scores.

and transposed sentence-to-aspect multihead attention matrices
respectively. masked(-) represents attention matrices of cor-
rectly classified aspects.

Benefiting from the dynamic TMT process, the multihead
attention matrices can represent the relationship between
aspects and sentences. Otherwise, the model cannot be used
for document segmentation without aspect-driven attention.
And simply inducing aspect-driven attention by calculating
attention between aspects and sentences cannot exploit latent
structure among aspects [6].

2) Summary Generator: Aspect discovery model forms
chunked paragraphs by self-attention that discuss the same
aspects, denoted as S, which become the input sequence to
a summarization model. Besides, we concatenate the aspect
state embedding a from the aspect discovery model. Adding
the true tag embedding to each correctly classified aspect can
easily induce aspect relationship into the summary generator.
The summary generator is based on Transformer [29] which
induces latent dependencies information to AspSumm by
learned sharing aspect state embeddings.

The Transformer encoder and decoder of AspSumm consist
of L, and L3 stacks of identical sublayers. The Transformer
encoder here is similar to aspect discovery’s Transformer
encoder; however, the sublayers in the Transformer decoder
consist of three parts: a masked multihead self-attention mech-
anism, a multihead cross-attention mechanism, and a fully
connected FFN. In addition, positional encodings are added
to the input embeddings at the bottom of the decoder stacks.
We denote the output of the /th layer as d; and the input
sequence for the first layer as d.

The self-attention sublayer is similar to the transformer
encoder in the aspect discovery model. The output of the
self-attention is fed to the cross-attention sublayer and FFN

Y
12)

d; = layernorm(d;, + FFN(d)))
d, = layernorm(c;l + attention(al~ ,0, o))

where o is the output of the Transformer encoder and d is the
encoder input.

The probability p, of the next word over the target vocabu-
lary is calculated by feeding the final output d 23 at the position
t to a softmax layer

p: = softmax (dj W, + b,) (13)
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TABLE I

LIST OF DOMAINS AND THE NUMBER OF WIKIPEDIA
ARTICLES IN EACH DOMAIN

Domain Train Valid Test
Album 24434 3104 3038
Animal 16540 2005 2007
Artist 26754 3194 3329
Building 20449 2607 2482
Company 24353 2946 3029
EducationallInstitution 17634 2141 2267
Event 6475 807 828

Film 32129 4014 3981
Group 11966 1462 1444
HistoricPlace 4919 601 600

Infrastructure 17226 1984 2091
MeanOfTransportation 9277 1215 1170
OfficeHolder 18177 2218 2333
Plant 6107 786 774

Single 14217 1734 1712
SoccerPlayer 17599 2150 2280
Software 13516 1637 1638
TelevisionShow 8717 1128 1072
Town 14818 1911 1831
WrittenWork 15065 1843 1931

TABLE 11

MODEL PERPLEXITY (ANIMAL DOMAIN; VALIDATION SET) UNDER
DIFFERENT COMBINATIONS OF ASPECT DISCOVERY AND
ASPSUMM LEARNING RATES

le

le-2 le-3 le-4 le-5
ls
le-2 4389 35.14 2372 20.83
le-3 39.10 2748 2144 1647
le-4 36.02 22776 13.23 7.62
le-5 37.83  24.17 15.63 8.31

where W, € [R¥modet Xdvocab b, € Rvweb | and dyoeqn 18 the size of
target vocabulary.

At last, the goal is to maximize the probability of output
summary. The following negative logarithm likelihood func-
tion is optimized:

1 L
Laps = =5~ 2 log p(yls) (14)
4 p=1

where y,, is the ground-truth summary and N, is the number
of samples in the summarization corpus.

IV. EXPERIMENT
A. Dataset

We experiment with the latest released WikiAsp dataset [9],
which is a large-scale dataset for multidocument AspSumm.
It consists of instances in 20 domains where each domain
has ten predefined aspect classes. The number of Wikipedia
articles in each domain is shown in Table I. Source documents
are a cluster of related documents referenced by a Wikipedia
article. The target length for every aspect in each domain
varies exceedingly, paired with a document cluster containing
more than 5000 words discussing different aspects. As the
original multidocument input is too long without a bound-
ary, we preprocess the dataset by filtering sentences under
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TABLE III
ASPECT DISCOVERY RESULTS ON THE TEST SET
RoBERTaCLS [9] AttentionXML [43] X-Transformer [44] AspCLS
Prec Rec F-1 | Prec Rec F-1 | Prec  Rec F-1 | Prec Rec F-1
Album 19.64 86.43 30.64 | 2342 7596 3580 | 26.17 69.21 3798 | 59.00 38.59 46.66
Animal 3469 84.08 4552 | 38.15 78.33 51.31 | 40.26 7438 5224 | 65.83 52.06 58.14
Artist 26.32 7524 36.72 | 29.00 59.27 38.94 | 3097 56.74 40.07 | 45.13 39.71 42.25
Building 3146 9125 4292 | 40.68 8224 5443 | 49.76 77.20 60.51 | 80.58 63.16 70.81
Company 28.97 9150 41.06 | 32.33 82.69 46.49 | 36.85 76.28 49.69 | 84.56 69.50 76.30
Educational.  25.64 93.82 37.66 | 28.71 84.39 42.84 | 31.11 80.20 44.83 | 66.26 5832 62.03
Event 28.99 96.44 4236 | 35.04 80.27 48.78 | 36.42 76.34 49.31 | 7047 78.32 74.19
Film 32.84 9146 45.17 | 3494 8528 49.57 | 3548 83.61 49.82 | 62.77 6027 61.49
Group 17.46 9556 28.18 | 29.44 8221 4335 | 31.29 8195 4529 | 61.15 60.42 61.24
Historic. 33.38 90.22 4298 | 38.85 82.37 52.80 | 40.06 80.39 5347 | 77.09 67.31 71.87
Infras. 28.38 94.00 41.00 | 3533 86.14 50.11 | 3596 85.20 50.57 | 76.80 83.21 79.88
MeanOf. 2324 83.13 33.88 | 2597 77.58 3891 | 28.72 76.84 41.81 | 52.33 51.63 51.98
OfficeHolder 21.22 7325 30.62 | 23.12 6994 3475 | 23.87 68.88 3545 | 38.83 34.80 36.74
Plant 31.25 83.17 42.10 | 3523 81.02 49.11 | 37.16 80.45 50.84 | 6245 51.35 56.36
Single 2536 88.33 37.16 | 27.73 8549 41.88 | 29.53 83.94 43.69 | 6447 46.60 54.10
SoccerPlayer 28.54 67.18 37.16 | 30.13 59.46 40.00 | 32.95 5874 4222 | 5376 47.16 50.24
Software 31.52 94.65 45.10 | 3746 86.32 5225 | 4031 83.44 5436 | 64.60 79.13 71.13
Television. 2044 81.76 31.28 | 1997 81.54 32.08 | 20.56 80.42 32.75 | 41.41 29.48 34.44
Town 42.61 71.85 50.12 | 4595 6742 54.65 | 49.83 63.05 55.67 | 85.55 81.74 83.60
WrittenWork  21.50 9429 33.71 | 24.62 88.32 38.51 | 2547 87.12 39.42 | 54.16 5538 54.76
AVG 27.67 86.38 38.77 ‘ 31.80 78.81 45.32 ‘ 34.14 7622 47.16 ‘ 63.36 57.46 5991

the threshold of term frequency inverse document frequency
(TF-IDF) similarity.

B. Implementation Details

1) Text Feature Extractor: We use the same settings and
the pretrained feature extractor as the previous state-of-the-art
in each domain for a fair comparison. For all domains, we use
the Longformer pretrained on CNN-daily mail (CNN/DM)
as the feature extractor. Since the output dimension of the
Longformer base is 768, we set our embedding size diodel
as 768.

2) Transformer Model: We set six heads for multihead self-
attention, multihead cross-attention, and masked multihead
self-attention. We set the number of conditional pretrained
encoder layers L, summary generator encoder layers L,, and
summary generator decoder layers L3 to 3, 6, and 6.

3) Optimization: The model is trained on one Tesla V100
with 32 GB memory. For training, Adam [37] is used as the
optimizer with betas = (0.9, 0.999). We set different learning
rate initialization and weight decay for aspect discovery and
AspSumm. For aspect discovery, we set the learning rate /.
to le—5 and weight decay to 0. Besides, the learning rate
is halved if the validation metric F1 on the development
decreases for two consecutive epochs. For AspSumm, we set
the learning rate /; to le—4 and weight decay to le—5. The
validation metric for AspSumm is loss, and the learning rate
is halved if loss increases for two consecutive epochs on the
development set. As our model uses separate learning rates
for aspect discovery and AspSumm, we examine whether the
combination of different learning rates is indeed beneficial.
However, as the training, valid, and test sets are provided by
WikiAsp [9], it is not appropriate to use the cross-validation
strategy [38], [39], [40]. Specifically, we report model perplex-
ity on the “Animal” domain validation set for varying learning
rates in Table II. We can see that the model performs best with

l. =1e—5and [ = le — 4. We train the model with a mini-
batch size of 2. We use dropout p = 0.1 for regularization.
We disallow the same trigram repeating [41], [42] and use
beam search with a beam size of 5 for summary decoding.

C. Metrics and Baselines

Following previous work [9], we evaluate two axes of the
model: aspect discovery and AspSumm. Besides, each domain
is evaluated individually because the aspect sets differ in
different domains.

1) Aspect Discovery: We use precision, recall, and F'1 to
evaluate the performance of aspect discovery.

We compare aspect discovery with some strong baseline
proposed in the latest years [9], [43], [44]. The baseline model,
denoted as RoBERTaCLS, is a pretrained RoBERTa model
with a sigmoid function to obtain probabilities of each aspect
for a given sentence. AttentionXML [43] uses BiLSTMs and
label-aware attention as the scoring functioning and performs
warm-up training of the models with hierarchical label trees.
X-Transformer [44] is a scalable approach to fine-tuning deep
transformer models for multilabel text classification.

2) Aspect-Based Summarization: We use ROUGE [45] to
evaluate the produced summary in our experiments. Following
previous work [5], we report ROUGE F1 on the WikiAsp
dataset. We compare our model with several baselines includ-
ing typical methods and models proposed in the latest years.

Lead-3 [6] is an extractive baseline that concatenates the
first three sentences of each source document as a summary.
The source sentences here are the sorted sentences calcu-
lated through aspect-sentence attention scores. TextRank [9]
is a graph-based ranking model for extracting important sen-
tences. For the abstractive model, pointer generator network
(PGN) [3] is an encoder—decoder architecture. Source factor
(SF) [6] treats the target aspect as additional information
based on PGN [3]. PreSumm [35] is a Transformer-based
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TABLE IV
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Lead-3 [6] TextRank [9] PGN [3] SF [6] Pres 1091 F [35) Longformer [33] AspSumm Extractive Oracle

R1 R2 RL|RI R2 RL |[RI R2 RL|RI R2 RL|RI R2 RL|RI R2 RL | RI R2 RL ]| RI R2 RL|RI R2 RL
Album 20.84 397 18.62 19.56 281 17.26 17.77 202 1506 | 2435 592 22116 | 22.76 6.31 2027 | 25.03 7.33 23.17 | 2331 647 21.06 | 29.69 8.68 27.52 | 37.72 1258 33.19
Animal 19.97 4383 17.25 18.00 3.16 16.05 15.83  2.15 13.21 2694 7.08 2477 | 27.11 8.08 25.01 28.73 872 2635 2735 817 2583 | 30.14 894 28.60 | 34.82 10.52 31.01
Artist 17.36 329 1517 1722 249 15.58 1496 1.58 12.33 | 23.35 437 20.06 | 21.79 3.76 20.00 | 23.59 5.13 21.71 2206 393 2088 | 2643 645 24.18 | 4149 1504 37.64
Building 2406 547 21.83 | 2391 496 21.85 2039  3.07 1874 | 2535 6.68 2339 | 2499 597 2324 | 2574 732 2399 | 2514 6.02 2339 | 2689 8.13 2437 | 4195 1431 38.28
Company 23.01 397 2092 | 2292 370 20.65 19.24 196 17.59 | 24.82 470 2273 | 2228 4.08 20.50 | 25.30 5.07 23.28 | 22.80 4.35 21.27 | 27.08 9.44 2537 | 4020 1230 36.16
Edulns. 2212 395 19.85 | 2147 429 19.24 1827 295 15.83 | 25,59 7.58 23.83 | 24.17 6.70 2196 | 2605 8.74 24.03 | 2501 696 2275 | 2835 9.11 26.10 | 39.11 14.04 35.18
Event 2698 572 2453 | 26.64 5.67 24.08 2275 3.02 2074 | 2833 772 2607 | 2831 7.69 2620 | 2896 8.01 2649 | 2830 776 26.13 | 29.27 872 27.88 | 46.17 16.90 41.87
Film 21.57 3.67 19.79 | 21.25 3.81 19.14 1752 173 15.62 | 22.84 575 2027 | 20.58 534 1886 | 2291 7.02 2043 | 21.34 582 2057 | 23.67 7.64 21.54 | 40.24 1378 36.14
Group 2347 352 21.72 | 2330 3.62 20.20 19.79 151 17.60 | 25.82 479 2353 | 2551 497 2351 27.05 6.02 2496 | 26.06 533 2374 | 28.04 795 2538 | 4136 1323 37.56
HisPlace. 19.29 349 17.01 1896 3.71 17.51 15.67 1.78 1325 | 26.89 7.13 2472 | 2740 8.08 25.69 | 29.01 895 2637 | 28.12 8.19 2577 | 30.11 9.63 28.76 | 37.78 10.83  34.65
Infra. 21.55 4.82 1932 | 2040 3.27 18.39 1796 2.13 1544 | 26.24 837 2441 27.86 924 2580 | 2794 9.66 2497 | 2753 931 2582 | 2843 9.75 26.62 | 36.04 10.00 3225
MOTrans. 21.89 405 1973 | 21.20 393 19.31 18.28 237 16.16 | 23.33 647 21.62 | 2452 7.04 2272 | 2553 793 23.06 | 2795 941 25.81 26.16 8.03 2323 | 41.13 13.70 3745
OffHolder. 19.21 352 17.26 18.45 3.15 16.77 15.78 1.62  13.18 | 20.58 5.98 18.02 19.63 524 1812 | 2257 697 21.02 | 21.34 624 1997 | 23.62 7.3 21.57 | 39.60 1470 36.04
Plant 19.84 3.87 17.46 18.73  3.02 16.84 14.81 1.54  12.05 | 2423 649 2276 | 2529 630 2320 | 26.02 7.03 24.12 | 25.17 645 2341 2665 794 2451 34.93 9.66 31.31
Single 1879 381 1624 | 1796 2.67 15.86 1525 178 1327 | 22.37 675 2026 | 2206 678 1998 | 2443 8.02 2198 | 22.84 7.02 2052 | 26.81 897 23.61 | 36.51 11.57 31.88
SocPlayer. 1633 2,18 14.23 | 1479 236 12.89 1356  1.63 1132 | 19.14 3.87 17.39 | 12.89 1.86 12.05 | 20.18 5.36 18.82 | 1427 253 1472 | 2525 6.15 2341 | 31.06 8.00 27.08
Software 2585 512 2319 | 2454 456 22.05 2096 2.89 1851 2392 491 21.02 | 20.51 5.15 18.82 | 24.22 590 21.94 | 22.71 548 19.62 | 2747 6.29 23.27 | 4279 1396 3830
TelShow. 2042 4.03 1854 19.77  3.21 17.684 17.21 1.90 15.71 20.58 4.52  18.05 19.20 3.53 17.42 | 22,19 492 19.92 | 2143 396 17.65 | 25.27 595 2256 | 40.35 1347 35.67
Town 1795 3.61 15.72 17.89  3.56 16.50 1477 172 12.23 19.52 496 1743 1796 439 1687 | 27.79 9.06 25.07 | 21.37 647 19.88 | 29.64 9.19 27.63 | 33.21 10.31  30.70
‘WriWork. 2249 431 2034 | 2339 3.89 21.14 2075 1.62 18.80 | 21.83 447 19.04 | 22.19 433 20.15 | 23.81 5.06 2033 | 22.38 490 20.18 | 25.56 5.85 23.25 | 42.66 1393 38.16
AVG 21.15 447 1894 | 2047 3.59 18.45 17.58  2.05 1533 | 23.76 593 21.63 | 2294 574 21.02 | 2535 7.1 23.02 ‘ 2382 624 2195 ‘ 2723 8.00 24.97 ‘ 38.95 12.64  35.03

summarizer with fine-tuned bidirectional encoder represen- the PreSumm; model by 1.36 on ROUGE-2 F1. We attribute

tation from transformers (BERT) as the source encoder.
We denote PreSumm with RoBERTaCLS and AspCLS as
PreSumm; and PreSummy,, respectively. We also provide the
result of Longformer [33] with ROBERTaCLS.

D. Automatic Evaluation

1) Aspect Discovery: Following previous work, we report
precision, recall, and F1 as the automatic evaluation metrics
for aspect discovery. We extract the aspects existing in gold
standard summaries as the ground truth of aspect discovery.
In Table III, we report the results on the WikiAsp test set,
and our proposed model AspCLS significantly outperforms
the baseline models on all domains.

Our aspect discovery model achieves average scores of
63.36%, 57.46%, and 59.91% on the three metrics, which
verifies the effectiveness of the proposed method. Compared
with the baseline classifiers, we see a general trend of high-
precision predictions made by the model. We can see that the
classifier performed best with the Town domain by achieving
the highest precision and the F'1 score, 33.48% better than
the baseline model on F1. Besides, the classifier has the
most significant improvement in the Infrastructure domain by
38.88%. The AspCLS model is statistically significant (using
student t-test; p < 0.05).

2) Aspect-Based Summarization: Following [9], we focus
on evaluating the model’s ability to summarize inputs, partic-
ularly on the aspects existing in the gold standard summaries.
Specifically, generated summaries are paired with correspond-
ing reference summaries with the same aspects. We report
ROUGE-1 (unigram), ROUGE-2 (bigram), and ROUGE-L
(longest common subsequence) scores as the metrics for
automatic evaluation [45]. In addition, due to the lack of
training data for some domains, we use TF-IDF to calculate
similarity and add the selected sentences as training data to
enhance the learning ability of the model.

In Table IV, we report the results on the WikiAsp test
set, and our proposed AspSumm outperforms various previous
models on all domains. Our abstractive summarization model
achieves average scores of 27.23, 8.00, and 24.97 on the three
ROUGE metrics. The PreSumm, model performs better than

this result to the observation that better classification helps
generate higher-quality summaries.

Among the abstractive baselines, PreSumm, performs much
better than SF and achieves an improvement of 1.18 points
on the ROUGE-2 F1, which demonstrates the superiority
of the Transformer architecture. Our abstractive aspect-based
model gains an improvement of 0.89 points compared with
PreSummy,, 2.07 points compared with SF, and 2.26 points
compared with PreSumm; on ROUGE-2 F1, which verifies
the effectiveness of the proposed two-stage general framework
for the multidocument aspect-based summary generation. The
same conclusion can be found in the comparison of the results
of Longformer and AspSumm.

The upper bound of model performance is described in
Table IV, which chooses sentences directly from cited ref-
erence texts to maximize the ROUGE score against sum-
maries. The gap between the extractive oracle model and
other methods indicates the importance of accurate content
selection before summarization, and more efforts can be made
to improve content selection.

E. Human Evaluation

To evaluate the linguistic quality of generated aspect-
specific summaries, we carry out a human evaluation that is
a blind test. We focus on three dimensions: correlation, flu-
ency, and informativeness. The correlation indicator measures
whether the summary is related to the aspect. The fluency
indicator can reflect the readability of generated summaries.
The informativeness indicator focuses on whether the sum-
maries cover the salient information. We sample 200 instances
from five domains of the WikiAsp test set and employ ten
graduate students to rate each summary. Each sample will be
judged by everyone, and the final scores are the average of all
corresponding judges.

Results are presented in Fig. 4. We can see that our model
performs much better than all baselines. In the correlation
indicator, our model achieves a high score of 3.44, which
is higher than 3.14 of SF, 2.68 of PreSumm,, and 2.74 of
PreSummy,, indicating that our model can generate summaries
more relevant to the target aspects. In the fluency indicator,
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Fig. 4. Human evaluation. The summaries are rated on a Likert scale of
1 (worst) to 5 (best). All models are significantly different from AspSumm
(using a paired student t-test; p < 0.05).

TABLE V

RESULTS OF ABLATION STUDY ON THE WIKIASP DEVELOPMENT SET.
OUR PROPOSED TMT STRATEGY IMPROVES THE PERFORMANCE,
ESPECIALLY WHEN PARTIAL ASPECTS ARE AVAILABLE. AND
THE INDUCED ASPECT INFORMATION IMPROVES THE PERFOR-
MANCE OF ASPSUMM. ALL MODEL VARIANTS OF ASP-
SUMM ARE STATISTICALLY SIGNIFICANT (USING
STUDENT T-TEST; p < 0.05)

AspCLS AspSumm
0% 50% | R-1 R-2 R-L
Artist 45.13 46.02]26.43 6.45 24.18
w/o doc 546 17.37| - - -
w/o TMT 41.80 43.15| - - -
w/o asp - - 12422 5.67 22.18
HistoricPlace 77.09 77.48|30.11 9.63 28.76
w/o doc 6.57 25.25 - - -
w/o TMT 74.61 7532 - - -
w/o asp - - |28.72 8.41 26.14
Town 85.55 85.89(29.64 9.19 27.63
w/o doc 641 2792| - - -
w/o TMT 83.26 84.31| - - -
w/o asp - - 12671 8.89 24.14

our model is 0.27 better than PreSumm,. It indicates that
our model can improve the readability of the summary.
Our model outperforms all baselines in the informativeness
indicator, which indicates our model can effectively capture
salient information. All differences between AspSumm and
comparison models are statistically significant (using t-test,
p < 0.05).

F. Ablation Study

We perform an ablation study on the development set to
investigate the influence of different modules in our proposed
AspSumm model. For aspect discovery, we examine two
settings: regular inference (equivalent to 0% known aspects)
and 50% known aspects inference. For AspCLS (without
doc), we remove the text features S and predict unknown
aspects given only known aspects. This experiment tells us
how much information the model can learn just from aspects.
For AspCLS (without TMT), we remove the TMT procedure
to test the effectiveness of the technique. More specifically,
we assume all aspects are unknown during training and set all
tag embeddings T as unknown. As without doc and without

IEEE TRANSACTIONS ON COMPUTATIONAL SOCIAL SYSTEMS, VOL. 11, NO. 1, FEBRUARY 2024

TABLE VI

SAMPLE SUMMARIES FOR A DOCUMENT CLUSTER FROM THE WIKIASP
TEST SET. ARTICLE FROM THE TOWN DOMAIN WITH ASPECTS
GEOGRAPH, NAME, HISTORY, AND GOVERNMENT

Domain/Title: Town/Jefferson Township, Richland County, Ohio

Aspect: Geograph

Gold: located in the southern part of the county , it borders
the following townships : washington township - north monroe
township - northeast corner worthington township - east pike
township , knox county - southeast corner berlin township , knox
county - south middlebury township , knox county - southwest
perry township - west troy township - northwest corner part of
the village of bellville is located in northern jefferson township

AspSumm: located in the southern part of the county, it borders
the following townships : washington township - north monroe
township - northeast corner harrison township - southeast corner
hancock township - south franklin township - west no municipal-
ities are located in london township, although the unincorporated
community of the center is located in the township.

Aspect: Name and history

Gold: it is one of twenty - four jefferson townships statewide .
AspSumm: it is one of twenty - four jefferson townships
statewide, although there is a part of the township in perry
county, and a small portion in the area of the west part of perry
township in the township of the county seat in the county.

Aspect: Government

Gold: the township is governed by a three - member board of
trustees , who are elected in november of odd - numbered years
to a four - year term beginning on the following january 1 . two
are elected in the year after the presidential election and one is
elected in the year before it . there is also an elected township
fiscal officer , who serves a four - year term beginning on april
1 of the year after the election , which is held in november of
the year before the presidential election . vacancies in the fiscal
officership or on the board of trustees are filled by the remaining
trustees.

AspSumm: the township is governed by a three - member board
of trustees, who are elected in november of odd - numbered years
to a four - year term beginning on the following january 1. of the
year after the presidential election and one is elected in the year
before it, who serves a four, which is also an elected township
fiscal officer, is held in no

TMT are mainly tested for AspCLS, so we do not consider the
result for AspSumm. For AspSumm, we remove the induced
aspect state embeddings to test the influence of the learned
sharing aspect information.

We randomly sample three domains: the Artist domain,
the HistoricPlace domain, and the Town domain. Table V
presents the results. In which we report precision for AspCLS
and ROUGE for AspSumm. We find that even without text
features, AspCLS can effectively learn rich dependencies from
aspect annotations. For the setting without the TMT strategy,
the performance drops in three domains. The results indicate
that the model benefits from the TMT strategy. On the one
hand, it can learn latent dependencies through the comparison
between the two settings. On the other hand, it can improve
prediction accuracy from provided partially known aspects.

In addition, we find that without sharing embeddings, the
ROUGE-2 F1 score of abstractive summarization drops by
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1.38, 0.18, and 2.30 for the Artist domain, the HistoricPlace
domain, and the Town domain, respectively. It indicates aspect
representation is necessary to improve the performance of
abstractive AspSumm.

G. Case Study

In Table VI, we present example summaries generated
by our multidocument aspect-based method. Given multi-
document input, the model correctly identifies the contained
aspects in the documents and generates relevant summaries.
Furthermore, the model helps generate full English Wikipedia
articles, which have great practical significance. It is noticeable
that our approach identifies predefined aspects and generates
precise summaries related to aspects. As Wikipedia editors
usually convert the text into more encyclopedic text with a
unified format, our model with aspect information can learn
the structure and generate high overlapping summaries with
the ground truth. However, the problem of content deviation
still needs to be improved.

V. CONCLUSION AND FUTURE WORK

In this work, we propose a two-stage general framework for
multidocument AspSumm. It exploits the latent dependencies
by utilizing the TMT strategy and inducing the complex
correlations to the abstractive summarization model. Exper-
imental results show that the proposed method significantly
outperforms the baseline methods on classification and sum-
marization and achieves the best result on the WikiAsp dataset.
Both automatic evaluation and human evaluation indicate that
our proposed model improves aspect relevance, resulting in
higher-quality summaries.

In the future, we plan to improve the performance of
AspCLS by using hierarchical architecture and exploring the
design of better training strategies to make AspCLS generalize
to settings where some aspects have never been observed in
training. We also plan to explore a model for joint aspect
discovery and aspect-related summary generation.
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